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Figure 5: Interest points detected for sequences of walking persons. First row: result of clustering spatio-temporal interest
points. Labeled points correspond to the four most populated clusters; Second row: result of classification of interest points
with respect to the clusters found in the first sequence.
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Figure 6: Local spatio-temporal neighborhoods of interest
points corresponding to the first four most populated clus-
ters.

To represent characteristic repetitive events in video, we
compute cluster means mi = 1

ni

∑ni

k=1 jk for each signif-
icant cluster ci consisting of ni points. Then, in order to
classify an event on an unseen sequence, we assign the de-
tected point to the cluster ci if it minimizes the distance
d(mi, j0) (13) between the jet of the interest point j0 and
the cluster mean mi. If the distance is above a threshold,
the point is classified as the background. Application of this

classification scheme is demonstrated in the second row of
figure 5. As can be seen, most of the points corresponding
to the gait pattern are correctly classified while the other
interest points are discarded. Observe that the person in
the second sequence of figure 5 undergoes significant size
changes in the image. Due to the scale-invariance of interest
points as well as the jet responses, size transformations do
not effect neither the result of event detection nor the result
of classification.

4. Application to video interpretation
In this section, we illustrate how the representation of video
sequences by classified spatio-temporal interest points can
be used for video interpretation. We consider the problem of
detecting walking people and estimating their poses when
viewed from the side in outdoor scenes. Such a task is
complicated, since the variations in appearance of people
together with the variations in the background may lead to
ambiguous interpretations. Human motion is a strong cue
that has been used to resolve this ambiguity in a number
of previous works. Some of the works rely on pure spatial
image features while using sophisticated body models and
tracking schemes to constrain the interpretation [2, 5, 27].
Other approaches use spatio-temporal image cues such as
optical flow [3] or motion templates [2].

The idea of this approach is to represent both the model
and the data using local and discriminative spatio-temporal
features and to match the model by matching its features
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also focused on the use of bag of words for action recogni-
tion in videos. For instance, in [10] videos of actions are
classified using a bag of words approach. In this method,
interest points are detected by searching the entire video for
local maxima to a Gabor response function at a given scale.
Features used to describe these points are simply the vec-
torized gradient values of the 3D neighborhood surrounding
the point. In our method, interest points are chosen at ran-
dom, allowing for faster runtime and the ability to be used
in an online manner. Also, a new feature descriptor is used.
This 3D SIFT descriptor is able to robustly describe the 3D
nature of the data in a way that vectorization of a 3D vol-
ume can not. Using sub-histograms to encode local time and
space information allows 3D SIFT to better generalize the
spatio-temporal information than features used in previous
works. We will show that the 3D SIFT descriptor outper-
forms the descriptors used by previous methods of action
recognition. All of this translates into a fast and accurate
method of action recognition.

3. 3D SIFT DESCRIPTOR

This section will outline the diÆerences between the 2D
SIFT descriptor and the 3D SIFT descriptor and discuss
their impact. The first step is to compute the overall orien-
tation of the neighborhood. Once this is computed we can
create the sub-histograms which will encode our 3D SIFT
descriptor.

3.1 Orientation Assignment

The 2D gradient magnitude and orientation for each pixel
is defined as follows:

m2D(x, y) = L2
x + L2

y, µ(x, y) = tan°1(
Ly

Lx
). (1)

where Lx and Ly are respectively computed using finite dif-
ference approximations: L(x + 1, y, t) ° L(x ° 1, y, t) and
L(x, y+1, t)°L(x, y°1, t). Similarly, in 3D (x, y and t), the
spatio-temporal gradient (Lx, L°y, L°t) can be computed,
where Lt is approximated by L(x, y, t + 1) ° L(x, y, t ° 1).
Now the gradient magnitude and orientations in 3D are
given:

m3D(x, y, t) = L2
x + L2

y + L2
t , (2)

µ(x, y, t) = tan°1(Ly/Lx), (3)

¡(x, y, t) = tan°1(
Lt

L2
x + L2

y

). (4)

It can be observed that ¡ now encodes the angle away from
the 2D gradient direction. Due to the fact that L2

x + L2
y

is positive, ¡ will always be in the range (°º
2 , º

2 ). This is a
desired eÆect, causing every angle to be represented by a sin-
gle unique (µ, ¡) pair. Each pixel now has two values which
represent the direction of the gradient in three dimensions.
The next step is to construct a weighted histogram similar to
that of [8] for the 3D neighborhood around a given interest
point. There are multiple ways of accomplishing this. One
way is by dividing µ and ¡ into equally sized bins (creating
meridians and parallels) and creating a 2D histogram, an-
other is to tessellate the sphere using a icosahedron. In this
paper we use the meridians and parallels method since it is
much simpler and faster to find peaks of a 2D orientation
histogram, and quadratically interpolate the true peaks.

θ
φθ

Figure 2: The left image shows the familiar 2D SIFT
descriptor. The center shows how multiple 2D SIFT de-
scriptors could be used on a video without modification
to the original method. The right shows the 3D SIFT de-
scriptor with its 3D sub-volumes, each sub-volume is ac-
cumulated into its own sub-histogram. These histograms
are what makes up the final descriptor.

One point to note is that when using the meridians and
parallels method, bins will need to be normalized by their
solid angle (!). This is required to correct for a problem
that is apparent to anyone who has looked at a map of the
world. Any 2D map of the earth must either stretch areas
near the poles, or create discontinuities. We must normal-
ize the values added to each bin by the area of the bin, also
called the solid angle. If one were to skip this step, the orien-
tation histogram would be incorrectly weighted towards the
equator. The solid angle can be calculated in the following
manner:

! =
¡+¢¡

¡

µ+¢µ

µ

sin µ dµ d¡ = ¢¡
µ+¢µ

µ

sin µ dµ

= ¢¡ [° cos µ]µ+¢µ
µ = ¢¡ (cos µ ° cos(µ + ¢µ)) .

The actual value added to the histogram is shown be-
low, where (x, y, t) represents the location of the interest
point, and (x0, y0, t0) represents the location of the pixel be-
ing added to the orientation histogram. The peaks of this
histogram therefore represent the dominant orientations. The
dominant peak is stored as it can be used to rotate the neigh-
borhood around the key point, creating rotationally invari-
ant features.

hist(iµ, i¡)+ =
1
!

m3D(x0, y0, t0)e
°((x°x0)2+(y°y0)2+(t°t0)2)

2æ2

(5)

3.2 Descriptor Representation

The next step is to compute the SIFT descriptor for which
we start by calculating the orientation sub-histograms. The
first step in this process will be to rotate the 3D neighbor-
hood surrounding the key point so that the dominant ori-
entation (calculated in the Orientation Assignment stage)
points in the direction of µ = ¡ = 0. This is done by taking
each (x, y, z) position in the neighborhood and multiplying
it by the following matrix

cos µ cos ¡ ° sin µ ° cos µ sin ¡
sin µ cos ¡ cos µ ° sin µ sin ¡

sin ¡ 0 cos ¡
. (6)

To create our sub-histograms we sample the sub-regions
surrounding the interest point as shown in Figure 2 (4x4x4

SIFT-3D

changes. We base our descriptor on gradient orientations, as those are robust to changes
in illumination [6]. This also goes along with the works of Lowe [13] and Dalal et al. [3].

Laptev and Lindeberg [9] investigated single- and multi-scale N-jets, histograms of
optical flow, and histograms of gradients as local descriptors for video sequences. Best
performance has been obtained with optical flow and spatio-temporal gradients. Instead
of a direct quantization of the gradient orientations, however, each component of the
gradient vector was quantized separately. In later work, Laptev et al. [10, 11] applied
a coarse quantization to gradient orientations. However, as only spatial gradients have
been used, histogram features based on optical flow were employed in order to capture
the temporal information. The computation of optical flow is rather expensive and results
depend on the choice of regularization method [1]. Therefore, we base our descriptor on
pure spatio-temporal 3D gradients which are robust and cheap to compute. We perform
orientation quantization with up to 20 bins by using regular polyhedrons. Furthermore,
we propose integral histograms for memory-efficient computation of features at arbitrary
spatial and temporal scales.

An extension of the SIFT descriptor [13] to 3D was proposed by Scovanner et al. [17].
For a given cuboid, spatio-temporal gradients are computed for each pixel. All pixels vote
into a Nx⇥Ny⇥Nt grid of histograms of oriented gradients. For orientation quantization,
gradients are represented in polar coordinates f ,y that are divided into a 8⇥4 histogram
by meridians and parallels. This leads to problems due to singularities at the poles since
bins get progressively smaller. We avoid the problem of singularities by employing reg-
ular polyhedrons and use their homogeneously distributed faces as histogram bins. Ef-
ficient histogram computation is then done by projecting gradient vectors onto the axes
running through the center of the polyhedron and the face centers.

2 Spatio-temporal descriptor
Local descriptors are used to describe a local fragment in an image or a video. Usually,
local regions are determined first by using an interest point detector or by dense sampling

Figure 1: Overview of the descriptor computation; (a) the support region around a point
of interest is divided into a grid of gradient orientation histograms; (b) each histogram is
computed over a grid of mean gradients; (c) each gradient orientation is quantized using
regular polyhedrons; (d) each mean gradient is computed using integral videos.

HOG-3D

From [Kläser et al., BMVC 2008]

Figure 2. Visualization of inlier matches of the robustly esti-
mated homography. Green arrows correspond to SURF descriptor
matches, and red ones to dense optical flow.

vant trajectories in the background in realistic videos. We
can prune them and only keep trajectories from humans or
objects of interest, if we know the camera motion (see Fig-
ure 1). Furthermore, given the camera motion, we can cor-
rect the optical flow, so that the motion vectors of human ac-
tors are independent of camera motion. This improves the
performance of motion descriptors based on optical flow,
i.e., HOF (histograms of optical flow) and MBH. We illus-
trate the difference between the original and corrected opti-
cal flow in the middle two rows of Figure 1.

Very few approaches consider camera motion when ex-
tracting feature trajectories for action recognition. Uemura
et al. [38] combine feature matching with image segmen-
tation to estimate the dominant camera motion, and then
separate feature tracks from the background. Wu et al. [42]
apply a low-rank assumption to decompose feature trajec-
tories into camera-induced and object-induced components.
Recently, Park et al. [27] perform weak stabilization to re-
move both camera and object-centric motion using coarse-
scale optical flow for pedestrian detection and pose estima-
tion in video. Jain et al. [14] decompose visual motion into
dominant and residual motions both for extracting trajecto-
ries and computing descriptors.

Among the approaches improving dense trajectories, Vig
et al. [39] propose to use saliency-mapping algorithms to
prune background features. This results in a more compact
video representation, and improves action recognition accu-
racy. Jiang et al. [15] cluster dense trajectories, and use the
cluster centers as reference points so that the relationship
between them can be modeled.

The rest of the paper is organized as follows. In sec-
tion 2, we detail our approach for camera motion estima-
tion and discuss how to remove inconsistent matches due to
humans. Experimental setup and evaluation protocols are
explained in section 3 and experimental results in section 4.
The code to compute improved trajectories and descriptors
is available online.1

1http://lear.inrialpes.fr/˜wang/improved_trajectories

Figure 3. Examples of removed trajectories under various camera
motions, e.g., pan, zoom, tilt. White trajectories are considered
due to camera motion. The red dots are the trajectory positions in
the current frame. The last row shows two failure cases. The left
one is due to severe motion blur. The right one fits the homography
to the moving humans as they dominate the frame.

2. Improving dense trajectories
In this section, we first describe the major steps of our

camera motion estimation method, and how to use it to im-
prove dense trajectories. We, then, discuss how to remove
potentially inconsistent matches based on humans to obtain
a robust homography estimation.

2.1. Camera motion estimation
To estimate the global background motion, we assume

that two consecutive frames are related by a homogra-
phy [37]. This assumption holds in most cases as the global
motion between two frames is usually small. It excludes in-
dependently moving objects, such as humans and vehicles.

To estimate the homography, the first step is to find the
correspondences between two frames. We combine two ap-
proaches in order to generate sufficient and complementary
candidate matches. We extract SURF [3] features and match
them based on the nearest neighbor rule. The reason for
choosing SURF features is their robustness to motion blur,
as shown in a recent evaluation [13].

We also sample motion vectors from the optical flow,
which provides us with dense matches between frames.
Here, we use an efficient optical flow algorithm based on
polynomial expansion [8]. We select motion vectors for
salient feature points using the good-features-to-track cri-
terion [35], i.e., thresholding the smallest eigenvalue of the
autocorrelation matrix.

Improved Dense Trajectories

From [Wang and Schmid, ICCV 2013]

Figure 9. Deconvolutions of C3D conv2a feature maps. Each group is a C3D conv2a learned feature map. First two rows: the learned
filters detect moving edges and blobs. The last row: the learned filters detect shot changes, edge orientation changes, and color changes.
Best viewed in a color screen.
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Figure 4. All 64 conv1 filters of each Inflated 3D ConvNet after training on Kinetics (the filter dimensions are 7 ⇥ 7 ⇥ 7, and the 7
time dimensions are shown left-to-right across the figure). The sequence on top shows the flow network filters, the one in the middle
shows filters from the RGB I3D network, and the bottom row shows the original Inception-v1 filters. Note that the I3D filters possess rich
temporal structure. Curiously the filters of the flow network are closer to the original ImageNet-trained Inception-v1 filters, while the filters
in the RGB I3D network are no longer recognizable. Best seen on the computer, in colour and zoomed in.

The results are given in table 4. The clear outcome is that
all architectures benefit from pre-training on the additional
video data of Kinetics, but some benefit significantly more
than the others – notably the I3D-ConvNet and 3D-ConvNet
(although the latter starting from a much lower base). Train-
ing just the last layers of the models after pretraining in Ki-
netics (Fixed) also leads to much better performance than
directly training on UCF-101 and HMDB-51 for I3D mod-
els.

One explanation for the significant better transferability
of features of I3D models is their high temporal resolution
– they are trained on 64-frame video snippets at 25 frames
per second and process all video frames at test time, which
makes it possible for them to capture fine-grained tempo-
ral structure of actions. Stated differently, methods with
sparser video inputs may benefit less from training on this
large video dataset because, from their perspective, videos
do not differ as much from the images in ImageNet. The
difference over the C3D-like model can be explained by our
I3D models being much deeper, while having much fewer
parameters, by leveraging an ImageNet warm-start, by be-
ing trained on 4⇥ longer videos, and by operating on 2⇥
higher spatial resolution videos.

The performance of the two-stream models is surpris-

ingly good even when trained from scratch (without Ima-
geNet or Kinetics), mainly due to the accuracy of the flow
stream, which seems much less prone to overfitting (not
shown). Kinetics pretraining helps significantly more than
ImageNet.

5.1. Comparison with the State-of-the-Art

We show a comparison of the performance of I3D mod-
els and previous state-of-the-art methods in table 5, on
UCF-101 and HMDB-51. We include results when pre-
training on the Kinetics dataset (with and without ImageNet
pre-training). The conv1 filters of the trained models are
shown in fig. 4.

Many methods get similar results, but the best perform-
ing method on these datasets is currently the one by Fe-
ichtenhofer and colleagues [7], which uses ResNet-50 mod-
els on RGB and optical flow streams, and gets 94.6% on
UCF-101 and 70.3% on HMDB-51 when combined with
the dense trajectories model [33]. We benchmarked our
methods using the mean accuracy over the three standard
train/test splits. Either of our RGB-I3D or RGB-Flow mod-
els alone, when pre-trained on Kinetics, outperforms all pre-
vious published performance by any model or model com-
binations. Our combined two-stream architecture widens

I3D
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Figure 5. Visualization of class knowledge inside P3D ResNet model by using DeepDraw [1]. Four categories, i.e., tai chi, horizontal bar,
motorcycle racing and boxing, are selected for visualization.

convolutions improves Deep Video (Slow Fusion). This
somewhat indicates that P3D ResNet is benefited from the
principle of structural diversity in network design. It is also
not surprise that the performances of P3D ResNet are still
lower than Convolutional Pooling which performs tempo-
ral pooling on 120 frames’ clips with frame rate of 1 fps,
making the clip length over 120s. In contrast, we take 16
consecutive frames as a basic unit which only covers less
than 0.5s but has strong spatio-temporal connections, mak-
ing our P3D ResNet with better generalization capability.

Figure 5 further visualizes the insights in the learnt P3D
ResNet model. Following [36], we adopt DeepDraw tool-
box [1], which conducts iterative gradient ascent on the in-
put clip of white noises. During learning, it evaluates the
model’s violation of class label and back-propagates the
gradients to modify the input clip. Thus, the final generated
input clip could be regarded as the visualization of class
knowledge inside P3D ResNet. We select four categories,
i.e., tai chi, horizontal bar, motorcycle racing and boxing,
for visualization. As illustrated in the figure, P3D ResNet
model could capture both spatial visual patterns and tempo-
ral motion. Take the category of tai chi as an example, our
model generates a video clip in which a person is displaying
different poses, depicting the process of this action.

P3D ResNet Representation. After training our P3D
ResNet architecture on Sports-1M dataset, the networks
could be utilized as a generic representation extractor for
any video analysis tasks. Given a video, we select 20 video
clips and each clip is with 16-frame long. Each video clip
is then input into the learnt P3D ResNet architecture and
the 2,048 dimensional activations of pool5 layer are output
as the representation of this clip. Finally, all the clip-level
representations in a video are averaged to produce a 2,048
dimensional video representation. We refer to this represen-
tation as P3D ResNet representation in the following evalu-
ations unless otherwise stated.

5. Video Representation Evaluation
Next, we evaluate our P3D ResNet video representa-

tion on three different tasks and five popular datasets, i.e.,
UCF101 [27], ActivityNet [2], ASLAN [13], YUPENN [3]

and Dynamic Scene [24]. UCF101 and ActivityNet are two
of the most popular video action recognition benchmarks.
UCF101 consists of 13,320 videos from 101 action cate-
gories. Three training/test splits are provided by the dataset
organisers and each split in UCF101 includes about 9.5K
training and 3.7K test videos. The ActivityNet dataset is
a large-scale video benchmark for human activity under-
standing. The latest released version of the dataset (v1.3)
is exploited, which contains 19,994 videos from 200 activ-
ity categories. The 19,994 videos are divided into 10,024,
4,926 and 5,044 videos for training, validation and test set,
respectively. It is also worth noting that the labels of test
set are not publicly available and thus the performances on
ActivityNet dataset are all reported on validation set.

ASLAN is a dataset on action similarity labeling task,
which is to predict the similarity between videos. The
dataset includes 3,697 videos from 432 action categories.
We follow the strategy of 10-fold cross validation with the
official data splits on this set. Furthermore, YUPENN and
Dynamic Scene are two sets for the scenario of scene recog-
nition. In between, YUPENN is comprised of 14 scene cat-
egories each containing 30 videos. Dynamic Scene consists
of 13 scene classes with 10 videos per class. The train-
ing and test procedures on both datasets follow the standard
leave-one-video-out protocol.

Comparison with the state-of-the-art. We first com-
pare with several state-of-the-art techniques in the con-
text of video action recognition on three splits of UCF101
and ActivityNet validation set. The performance compar-
isons are summarized in Table 3 and 4, respectively. We
briefly group the approaches on UCF101 into three cate-
gories: end-to-end CNN architectures which are fine-tuned
on UCF101 in the upper rows, CNN-based video represen-
tation extractors with linear SVM classifier in the middle
rows and approaches fused with IDT in the bottom rows.
It is worth noting that most recent end-to-end CNN archi-
tectures on UCF101 often employ and fuse two or multi-
ple types of inputs, e.g., frame, optical flow or even audio.
Hence, the performances by exploiting only video frames
and late fusing the scores on two inputs of video frames
plus optical flow are both reported. As shown in Table 3,

P3D
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Figure 5: The learned weights by temporal convolutions of three Timeception layers. Each uses multi-scale convolutions
with varying kernel sizes k 2 {3, 5, 7}. In bottom layer (1), we notice that long kernels (k = 7) captures fine-grained
temporal dependencies. But at the top layer (3), the long kernels tend to focus on coarse-grained temporal correlation. The
same behavior prevails for the shot (k = 3) and medium (k = 5) kernels.

iii. grouped separable temporal convolution to model T ,
followed by channel shuffling to model C. Interestingly in
figure 6 top, Timeception is very efficient in maintaining a
reasonable increase in number of parameters as the network
goes deeper. Also, figure 6 bottom shows how Timeception
improves mAP on Charades, scales up temporal capacity of
backbone CNNs while maintaining the overall model size.

Figure 6: Top: the cost of adding new Timeception layers
is marginal, compared to related temporal layers. Bottom:
Timeception improves performance, scales up temporal ca-
pacity of backbone CNNs while maintaining the model size.

4.5. Experiments on Benchmarks
Charades is used to evaluate our model, and to compare
against related works. In this experiment, our baseline net-
works use 4 Timeception layers. The number of convolu-
tional groups is 8 for I3D and 16 for ResNet, be it 2D or
3D. The results in table 4 shows that Timeception mono-
tonically improves the performance of the backbone CNN.

The absolute gain on top of ResNet and I3D is 8.8% and
4.3%, respectively.

Ours Method Modality mAP (%)

[33] Two-stream RGB + Flow 18.6
[33] Two-stream + LSTM RGB + Flow 17.8
[9] ActionVLAD RGB + iDT 21.0
[33] Temporal Fields RGB + Flow 22.4
[34] Temporal Relations RGB 25.2

[54] ResNet-152 RGB 22.8
3 ResNet-152 + TC RGB 31.6

[13] I3D RGB 32.9
3 I3D + TC RGB 37.2

[14] 3D ResNet-101 RGB 35.5
[14] 3D ResNet-101 + NL RGB 37.5
[52] 3D ResNet-50 + GCN RGB + RP 37.5
[52] 3D ResNet-101 + GCN RGB + RP 39.7

3 3D ResNet-101 + TC RGB 41.1

Table 4: Timeception (TC) outperforms related works using
the same backbone CNN. It achieves the absolute gain of
8.8% and 4.3% over ResNet and I3D, respectively. More
over, using the full capacity of Timeception improves 1.4%
over best related work.

Beyond the overall mAP, how beneficial is Timeception?
And in what cases exactly does it help? To answer this ques-
tion, we make two comparisons to assess the relative per-
formance of Timeception. We experiment two scenarios: i.
short-range (32 timesteps) v.s. long-range (128 timesteps),
ii. fixed-scale v.s. multi-scale kernels. The results are
shown in figures 7, 8, and we make two observations.

First, when comparing the relative performance of multi-
scale vs. fixed-size Timeception, see figure 7, we observe
that multi-scale Timeception excels in complex actions with
dynamic temporal patterns. As an example, “take clothes +

Timeception

From [Hussein et al., CVPR 2018]



3D convolution: related work
• 3D CNNs for recognizing human actions in video  

were arguably first proposed in [Baccouche et al., HBU 2011]  
and [Ji et al., TPAMI 2012] 

• Studied in parallel for unsupervised spatiotemporal  
feature learning with Restricted Boltzmann Machines  
[Taylor et al., ECCV 2010] and stacked ISA [Le et al. CVPR 2011]

Sequential Deep Learning for Human Action Recognition 31

Indeed, early deep architectures dealt only with 1-D data or small 2D-patches.
The main problem was that the input was “fully connected” to the model, and
thus the number of free parameters was directly related to the input dimension,
making these approaches inappropriate to handle “pictoral” inputs (natural im-
ages, videos. . . ).

Therefore, the convolutional architecture was introduced by LeCun et al.
[14,15] to alleviate this problem. ConvNets are the adaptation of multilayered
neural deep architectures to deal with real world data. This is done by the use of
local receptive fields whose parameters are forced to be identical for all its possi-
ble locations, a principle called weight sharing. Schematically, LeCun’s ConvNet
architecture [14,15] is a succession of layers alternating 2D-convolutions (to cap-
ture salient information) and sub-samplings (to reduce dimension), both with
trainable weights. Jarret et al. [8] have recommended the use of rectification lay-
ers (which simply apply absolute value to its input) after each convolution, which
was shown to significantly improve performances, when input data is normalized.

In the next sub-section, we examine the adaptation of ConvNets to video
processing, and describe the 3D-ConvNets architecture that we used in our ex-
periments on the KTH dataset.

2.2 Automated Space-Time Feature Construction with
3D-ConvNets

The extension from 2D to 3D in terms of architecture is straightforward since
2D convolutions are simply replaced by 3D ones, to handle video inputs. Our
proposed architecture, illustrated in Figure 1, also uses 3D convolutions, but is
different from [11] and [10] in the fact that it uses only raw inputs.

Fig. 1. Our 3D-ConvNet architecture for spatio-temporal features construction

Figure from [Baccouche et al., HBU 2011]

• Shown to lead to strong action recognition results when  
trained on large-scale datasets [Tran et al., ICCV 2015]

• Demonstrated to generalize well to other video tasks, e.g.,  
action detection [Shou et al., CVPR 2016],  
video captioning [Pan et al., CVPR 2016],  
and hand gesture recognition [Molchanov et al., CVPR 2016]

Figure 6. Examples of three ISA features learned from Holly-
wood2 data (16x16 spatial size). In this picture, each row consists
of two sets of filters. Each set of filters is a filter in 3D (i.e., a
row in matrixW ), and two sets grouped together to form an ISA
feature.

In detail, we fit Gabor functions to all temporal bases to
estimate the velocity of the bases. We then vary this veloc-
ity and plot the response of the features with respect to the
changes. In Figure 7, we visualize this property by plotting
the velocity tuning curves of five randomly-selected units in
the first layer of the network.

Figure 7. Velocity tuning curves of five neurons in a ISA network
trained on Hollywood2. Most of the tuning curves are unimodal
and this means that ISA temporal bases can be used as velocity
detectors.

As can be seen from the figure, the neurons are highly
sensitive to changes in the velocity of the stimuli. This
suggests that the features can be used as velocity detec-
tors which are valuable for detecting actions in movies. For
example, the “Running” category in Hollywood2 has fast
motions whereas the “Eating” category in Hollywood2 has
slow motions.

Informally, we can interpret filters learned with our ISA
model as features detecting a moving edge through time. In
particular, the pooling units are sensitive to motion – how
fast the edge moves – and also sensitive to orientation but
less sensitive to (translational) locations of the edge.

We found that the ability to detect accurate velocities is
very important for good recognition. In a control exper-
iment, we limit this ability by using a temporal size of 2
frames instead of 10 frames and the recognition rate drops
by 10% for the Hollywood2 dataset.

Not only can the bases detect velocity, they also adapt
to the statistics of the dataset. This ability is shown in Fig-
ure 8. As can be seen from the figure, for Hollywood2, the
algorithm learns that there should be more edge detectors in
vertical and horizontal orientations than other orientations.
Informally, we can interpret that the bases spend more ef-
fort to detect velocity changes in the horizontal and vertical

directions than other directions.
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Figure 8. A polar plot of edge velocities (radius) and orientations
(angle) to which filters give maximum response. Each red dot in
the figure represents a pair of (velocity, orientation) for a spatio-
temporal filter learned from Hollywood2. The outermost circle
has velocity of 4 pixels per frame.

4.2. Higher layers

Figure 9. Visualization of five typical optimal stimuli in the second
layer learned from Hollywood2 data (for the purpose of better vi-
sualization, we use the size of 24x24x18 built on top of 16x16x10
first layer filters). Compare this figure with Figure 6

Figure 10. Comparison of layer 1 filters (left) and layer 2 filters
(right) learned from Hollywood2. For ease of visualization, we
ignore the temporal dimension and only visualize the middle filter.

Visualizing and analyzing higher layer units are usually
difficult. Here, we follow [3] and visualize the optimal
stimuli of the higher layer neurons.4 Some typical optimal
stimuli for second layer neurons are shown in Figure 9 and

4In detail, the method was presented for visualizing optimal stimuli of
neurons in a quadratic network for which the corresponding optimization
problem has an analytical solution. As our network is not quadratic, we
have to solve an optimization problem subject to a norm bound constraint
of the input. We implement this with minConf [36].
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Figure from [Le et al., CVPR 2011]

Figure 4. Visualization of C3D model, using the method from [46]. Interestingly, C3D captures appearance for the first few frames but
thereafter only attends to salient motion. Best viewed on a color screen.

Method Accuracy (%)
Imagenet + linear SVM 68.8
iDT w/ BoW + linear SVM 76.2
Deep networks [18] 65.4
Spatial stream network [36] 72.6
LRCN [6] 71.1
LSTM composite model [39] 75.8
C3D (1 net) + linear SVM 82.3
C3D (3 nets) + linear SVM 85.2

iDT w/ Fisher vector [31] 87.9
Temporal stream network [36] 83.7
Two-stream networks [36] 88.0
LRCN [6] 82.9
LSTM composite model [39] 84.3
Conv. pooling on long clips [29] 88.2
LSTM on long clips [29] 88.6
Multi-skip feature stacking [25] 89.1
C3D (3 nets) + iDT + linear SVM 90.4

Table 3. Action recognition results on UCF101. C3D compared
with baselines and current state-of-the-art methods. Top: sim-
ple features with linear SVM; Middle: methods taking only RGB
frames as inputs; Bottom: methods using multiple feature combi-
nations.

pearance based deep feature. On the other hand, it is bene-
ficial to combine C3D with iDT as they are highly comple-
mentary to each other. In fact, iDT are hand-crafted features
based on optical flow tracking and histograms of low-level
gradients while C3D captures high level abstract/semantic
information.

C3D with 3 nets achieves 85.2% which is 9% and 16.4%
better than the iDT and Imagenet baselines, respectively.
On the only RGB input setting, compared with CNN-based
approaches, Our C3D outperforms deep networks [18] and
spatial stream network in [36] by 19.8% and 12.6%, respec-
tively. Both deep networks [18] and spatial stream network
in [36] use AlexNet architecture. While in [18], the net is
fine-tuned from their model pre-trained on Sports-1M, spa-
tial stream network in [36] is fine-tuned from Imagenet pre-
trained model. Our C3D is different from these CNN-base
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Figure 5. C3D compared with Imagenet and iDT in low dimen-

sions. C3D, Imagenet, and iDT accuracy on UCF101 using PCA
dimensionality reduction and a linear SVM. C3D outperforms Im-
agenet and iDT by 10-20% in low dimensions.

Imagenet C3D

Figure 6. Feature embedding. Feature embedding visualizations
of Imagenet and C3D on UCF101 dataset using t-SNE [43]. C3D
features are semantically separable compared to Imagenet suggest-
ing that it is a better feature for videos. Each clip is visualized as a
point and clips belonging to the same action have the same color.
Best viewed in color.

methods in term of network architecture and basic opera-
tions. In addition, C3D is trained on Sports-1M and used as
is without any finetuning. Compared with Recurrent Neural
Networks (RNN) based methods, C3D outperforms Long-
term Recurrent Convolutional Networks (LRCN) [6] and
LSTM composite model [39] by 14.1% and 9.4%, respec-
tively. C3D with only RGB input still outperforms these
two RNN-based methods when they used both optical flows
and RGB as well as the temporal stream network in [36].
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methods in term of network architecture and basic opera-
tions. In addition, C3D is trained on Sports-1M and used as
is without any finetuning. Compared with Recurrent Neural
Networks (RNN) based methods, C3D outperforms Long-
term Recurrent Convolutional Networks (LRCN) [6] and
LSTM composite model [39] by 14.1% and 9.4%, respec-
tively. C3D with only RGB input still outperforms these
two RNN-based methods when they used both optical flows
and RGB as well as the temporal stream network in [36].
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Figure 1. 2D and 3D convolution operations. a) Applying 2D convolution on an image results in an image. b) Applying 2D convolution
on a video volume (multiple frames as multiple channels) also results in an image. c) Applying 3D convolution on a video volume results
in another volume, preserving temporal information of the input signal.

2D ConvNets lose temporal information of the input sig-
nal right after every convolution operation. Only 3D con-
volution preserves the temporal information of the input
signals resulting in an output volume. The same phenom-
ena is applicable for 2D and 3D polling. In [36], although
the temporal stream network takes multiple frames as input,
because of the 2D convolutions, after the first convolution
layer, temporal information is collapsed completely. Simi-
larly, fusion models in [18] used 2D convolutions, most of
the networks lose their input’s temporal signal after the first
convolution layer. Only the Slow Fusion model in [18] uses
3D convolutions and averaging pooling in its first 3 convo-
lution layers. We believe this is the key reason why it per-
forms best among all networks studied in [18]. However, it
still loses all temporal information after the third convolu-
tion layer.

In this section, we empirically try to identify a good ar-
chitecture for 3D ConvNets. Because training deep net-
works on large-scale video datasets is very time-consuming,
we first experiment with UCF101, a medium-scale dataset,
to search for the best architecture. We verify the findings on
a large scale dataset with a smaller number of network ex-
periments. According to the findings in 2D ConvNet [37],
small receptive fields of 3 ⇥ 3 convolution kernels with
deeper architectures yield best results. Hence, for our ar-
chitecture search study we fix the spatial receptive field to
3 ⇥ 3 and vary only the temporal depth of the 3D convolu-
tion kernels.

Notations: For simplicity, from now on we refer video
clips with a size of c⇥ l ⇥ h⇥ w where c is the number of
channels, l is length in number of frames, h and w are the
height and width of the frame, respectively. We also refer
3D convolution and pooling kernel size by d⇥k⇥k, where
d is kernel temporal depth and k is kernel spatial size.

Common network settings: In this section we describe
the network settings that are common to all the networks we
trained. The networks are set up to take video clips as inputs
and predict the class labels which belong to 101 different
actions. All video frames are resized into 128 ⇥ 171. This
is roughly half resolution of the UCF101 frames. Videos
are split into non-overlapped 16-frame clips which are then
used as input to the networks. The input dimensions are
3⇥ 16⇥ 128⇥ 171. We also use jittering by using random
crops with a size of 3 ⇥ 16 ⇥ 112 ⇥ 112 of the input clips
during training. The networks have 5 convolution layers

and 5 pooling layers (each convolution layer is immediately
followed by a pooling layer), 2 fully-connected layers and
a softmax loss layer to predict action labels. The number
of filters for 5 convolution layers from 1 to 5 are 64, 128,
256, 256, 256, respectively. All convolution kernels have a
size of d where d is the kernel temporal depth (we will later
vary the value d of these layers to search for a good 3D ar-
chitecture). All of these convolution layers are applied with
appropriate padding (both spatial and temporal) and stride
1, thus there is no change in term of size from the input
to the output of these convolution layers. All pooling lay-
ers are max pooling with kernel size 2 ⇥ 2 ⇥ 2 (except for
the first layer) with stride 1 which means the size of output
signal is reduced by a factor of 8 compared with the input
signal. The first pooling layer has kernel size 1 ⇥ 2 ⇥ 2
with the intention of not to merge the temporal signal too
early and also to satisfy the clip length of 16 frames (e.g.
we can temporally pool with factor 2 at most 4 times be-
fore completely collapsing the temporal signal). The two
fully connected layers have 2048 outputs. We train the net-
works from scratch using mini-batches of 30 clips, with ini-
tial learning rate of 0.003. The learning rate is divided by
10 after every 4 epochs. The training is stopped after 16
epochs.

Varying network architectures: For the purposes of
this study we are mainly interested in how to aggregate tem-
poral information through the deep networks. To search
for a good 3D ConvNet architecture, we only vary kernel
temporal depth di of the convolution layers while keeping
all other common settings fixed as stated above. We ex-
periment with two types of architectures: 1) homogeneous
temporal depth: all convolution layers have the same ker-
nel temporal depth; and 2) varying temporal depth: kernel
temporal depth is changing across the layers. For homoge-
neous setting, we experiment with 4 networks having ker-
nel temporal depth of d equal to 1, 3, 5, and 7. We name
these networks as depth-d, where d is their homogeneous
temporal depth. Note that depth-1 net is equivalent to ap-
plying 2D convolutions on separate frames. For the varying
temporal depth setting, we experiment two networks with
temporal depth increasing: 3-3-5-5-7 and decreasing: 7-
5-5-3-3 from the first to the fifth convolution layer respec-
tively. We note that all of these networks have the same size
of the output signal at the last pooling layer, thus they have
the same number of parameters for fully connected layers.
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2D convolution  
on clip of T frames  
collapses temporal  

information  

Simplified illustration based on single input channel:

n
<latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit>

n
<latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit>

T
<latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit>

T
<latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit>



2D vs 3D convolution

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

ICCV
#625

ICCV
#625

ICCV 2015 Submission #625. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

2D convolution

output

3D convolution

output
output

2D convolution on multiple frames(a) (b) (c)

H

W

L

k

k
L H

W

L

k

k d < L

k

kH

W

Figure 1. 2D and 3D convolution operations. a) Applying 2D convolution on an image results in an image. b) Applying 2D convolution
on a video volume (multiple frames as multiple channels) also results in an image. c) Applying 3D convolution on a video volume results
in another volume, preserving temporal information of the input signal.

2D ConvNets lose temporal information of the input sig-
nal right after every convolution operation. Only 3D con-
volution preserves the temporal information of the input
signals resulting in an output volume. The same phenom-
ena is applicable for 2D and 3D polling. In [36], although
the temporal stream network takes multiple frames as input,
because of the 2D convolutions, after the first convolution
layer, temporal information is collapsed completely. Simi-
larly, fusion models in [18] used 2D convolutions, most of
the networks lose their input’s temporal signal after the first
convolution layer. Only the Slow Fusion model in [18] uses
3D convolutions and averaging pooling in its first 3 convo-
lution layers. We believe this is the key reason why it per-
forms best among all networks studied in [18]. However, it
still loses all temporal information after the third convolu-
tion layer.

In this section, we empirically try to identify a good ar-
chitecture for 3D ConvNets. Because training deep net-
works on large-scale video datasets is very time-consuming,
we first experiment with UCF101, a medium-scale dataset,
to search for the best architecture. We verify the findings on
a large scale dataset with a smaller number of network ex-
periments. According to the findings in 2D ConvNet [37],
small receptive fields of 3 ⇥ 3 convolution kernels with
deeper architectures yield best results. Hence, for our ar-
chitecture search study we fix the spatial receptive field to
3 ⇥ 3 and vary only the temporal depth of the 3D convolu-
tion kernels.

Notations: For simplicity, from now on we refer video
clips with a size of c⇥ l ⇥ h⇥ w where c is the number of
channels, l is length in number of frames, h and w are the
height and width of the frame, respectively. We also refer
3D convolution and pooling kernel size by d⇥k⇥k, where
d is kernel temporal depth and k is kernel spatial size.

Common network settings: In this section we describe
the network settings that are common to all the networks we
trained. The networks are set up to take video clips as inputs
and predict the class labels which belong to 101 different
actions. All video frames are resized into 128 ⇥ 171. This
is roughly half resolution of the UCF101 frames. Videos
are split into non-overlapped 16-frame clips which are then
used as input to the networks. The input dimensions are
3⇥ 16⇥ 128⇥ 171. We also use jittering by using random
crops with a size of 3 ⇥ 16 ⇥ 112 ⇥ 112 of the input clips
during training. The networks have 5 convolution layers

and 5 pooling layers (each convolution layer is immediately
followed by a pooling layer), 2 fully-connected layers and
a softmax loss layer to predict action labels. The number
of filters for 5 convolution layers from 1 to 5 are 64, 128,
256, 256, 256, respectively. All convolution kernels have a
size of d where d is the kernel temporal depth (we will later
vary the value d of these layers to search for a good 3D ar-
chitecture). All of these convolution layers are applied with
appropriate padding (both spatial and temporal) and stride
1, thus there is no change in term of size from the input
to the output of these convolution layers. All pooling lay-
ers are max pooling with kernel size 2 ⇥ 2 ⇥ 2 (except for
the first layer) with stride 1 which means the size of output
signal is reduced by a factor of 8 compared with the input
signal. The first pooling layer has kernel size 1 ⇥ 2 ⇥ 2
with the intention of not to merge the temporal signal too
early and also to satisfy the clip length of 16 frames (e.g.
we can temporally pool with factor 2 at most 4 times be-
fore completely collapsing the temporal signal). The two
fully connected layers have 2048 outputs. We train the net-
works from scratch using mini-batches of 30 clips, with ini-
tial learning rate of 0.003. The learning rate is divided by
10 after every 4 epochs. The training is stopped after 16
epochs.

Varying network architectures: For the purposes of
this study we are mainly interested in how to aggregate tem-
poral information through the deep networks. To search
for a good 3D ConvNet architecture, we only vary kernel
temporal depth di of the convolution layers while keeping
all other common settings fixed as stated above. We ex-
periment with two types of architectures: 1) homogeneous
temporal depth: all convolution layers have the same ker-
nel temporal depth; and 2) varying temporal depth: kernel
temporal depth is changing across the layers. For homoge-
neous setting, we experiment with 4 networks having ker-
nel temporal depth of d equal to 1, 3, 5, and 7. We name
these networks as depth-d, where d is their homogeneous
temporal depth. Note that depth-1 net is equivalent to ap-
plying 2D convolutions on separate frames. For the varying
temporal depth setting, we experiment two networks with
temporal depth increasing: 3-3-5-5-7 and decreasing: 7-
5-5-3-3 from the first to the fifth convolution layer respec-
tively. We note that all of these networks have the same size
of the output signal at the last pooling layer, thus they have
the same number of parameters for fully connected layers.

3

2D convolution  
on clip of T frames  
collapses temporal  

information  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Figure 1. 2D and 3D convolution operations. a) Applying 2D convolution on an image results in an image. b) Applying 2D convolution
on a video volume (multiple frames as multiple channels) also results in an image. c) Applying 3D convolution on a video volume results
in another volume, preserving temporal information of the input signal.

2D ConvNets lose temporal information of the input sig-
nal right after every convolution operation. Only 3D con-
volution preserves the temporal information of the input
signals resulting in an output volume. The same phenom-
ena is applicable for 2D and 3D polling. In [36], although
the temporal stream network takes multiple frames as input,
because of the 2D convolutions, after the first convolution
layer, temporal information is collapsed completely. Simi-
larly, fusion models in [18] used 2D convolutions, most of
the networks lose their input’s temporal signal after the first
convolution layer. Only the Slow Fusion model in [18] uses
3D convolutions and averaging pooling in its first 3 convo-
lution layers. We believe this is the key reason why it per-
forms best among all networks studied in [18]. However, it
still loses all temporal information after the third convolu-
tion layer.

In this section, we empirically try to identify a good ar-
chitecture for 3D ConvNets. Because training deep net-
works on large-scale video datasets is very time-consuming,
we first experiment with UCF101, a medium-scale dataset,
to search for the best architecture. We verify the findings on
a large scale dataset with a smaller number of network ex-
periments. According to the findings in 2D ConvNet [37],
small receptive fields of 3 ⇥ 3 convolution kernels with
deeper architectures yield best results. Hence, for our ar-
chitecture search study we fix the spatial receptive field to
3 ⇥ 3 and vary only the temporal depth of the 3D convolu-
tion kernels.

Notations: For simplicity, from now on we refer video
clips with a size of c⇥ l ⇥ h⇥ w where c is the number of
channels, l is length in number of frames, h and w are the
height and width of the frame, respectively. We also refer
3D convolution and pooling kernel size by d⇥k⇥k, where
d is kernel temporal depth and k is kernel spatial size.

Common network settings: In this section we describe
the network settings that are common to all the networks we
trained. The networks are set up to take video clips as inputs
and predict the class labels which belong to 101 different
actions. All video frames are resized into 128 ⇥ 171. This
is roughly half resolution of the UCF101 frames. Videos
are split into non-overlapped 16-frame clips which are then
used as input to the networks. The input dimensions are
3⇥ 16⇥ 128⇥ 171. We also use jittering by using random
crops with a size of 3 ⇥ 16 ⇥ 112 ⇥ 112 of the input clips
during training. The networks have 5 convolution layers

and 5 pooling layers (each convolution layer is immediately
followed by a pooling layer), 2 fully-connected layers and
a softmax loss layer to predict action labels. The number
of filters for 5 convolution layers from 1 to 5 are 64, 128,
256, 256, 256, respectively. All convolution kernels have a
size of d where d is the kernel temporal depth (we will later
vary the value d of these layers to search for a good 3D ar-
chitecture). All of these convolution layers are applied with
appropriate padding (both spatial and temporal) and stride
1, thus there is no change in term of size from the input
to the output of these convolution layers. All pooling lay-
ers are max pooling with kernel size 2 ⇥ 2 ⇥ 2 (except for
the first layer) with stride 1 which means the size of output
signal is reduced by a factor of 8 compared with the input
signal. The first pooling layer has kernel size 1 ⇥ 2 ⇥ 2
with the intention of not to merge the temporal signal too
early and also to satisfy the clip length of 16 frames (e.g.
we can temporally pool with factor 2 at most 4 times be-
fore completely collapsing the temporal signal). The two
fully connected layers have 2048 outputs. We train the net-
works from scratch using mini-batches of 30 clips, with ini-
tial learning rate of 0.003. The learning rate is divided by
10 after every 4 epochs. The training is stopped after 16
epochs.

Varying network architectures: For the purposes of
this study we are mainly interested in how to aggregate tem-
poral information through the deep networks. To search
for a good 3D ConvNet architecture, we only vary kernel
temporal depth di of the convolution layers while keeping
all other common settings fixed as stated above. We ex-
periment with two types of architectures: 1) homogeneous
temporal depth: all convolution layers have the same ker-
nel temporal depth; and 2) varying temporal depth: kernel
temporal depth is changing across the layers. For homoge-
neous setting, we experiment with 4 networks having ker-
nel temporal depth of d equal to 1, 3, 5, and 7. We name
these networks as depth-d, where d is their homogeneous
temporal depth. Note that depth-1 net is equivalent to ap-
plying 2D convolutions on separate frames. For the varying
temporal depth setting, we experiment two networks with
temporal depth increasing: 3-3-5-5-7 and decreasing: 7-
5-5-3-3 from the first to the fifth convolution layer respec-
tively. We note that all of these networks have the same size
of the output signal at the last pooling layer, thus they have
the same number of parameters for fully connected layers.
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3D convolution  
preserves temporal information
[Taylor et al., ECCV10; Le et al., CVPR11;  
Ji et al. TPAMI13; Tran et al., ICCV15]

Simplified illustration based on single input channel:
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<latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit>

n
<latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit>

n
<latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit>

n
<latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit><latexit sha1_base64="IqW2N36QktBwntGQavLhE1DLrrE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/XEYzy</latexit>

t < T
<latexit sha1_base64="MBV6zcpUjxjQrwV58eRlgfyP14M=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHohePFZq20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B60+GHi8N8PMvDCVwqDrfjmltfWNza3ydmVnd2//oHp41DZJphn3WSIT3Q2p4VIo7qNAybup5jQOJe+Ek7u533nk2ohEtXCa8iCmIyUiwShayUdyQ1qDas2tuwuQv8QrSA0KNAfVz/4wYVnMFTJJjel5bopBTjUKJvms0s8MTymb0BHvWapozE2QL46dkTOrDEmUaFsKyUL9OZHT2JhpHNrOmOLYrHpz8T+vl2F0HeRCpRlyxZaLokwSTMj8czIUmjOUU0so08LeStiYasrQ5lOxIXirL/8l7Yu659a9h8ta47aIowwncArn4MEVNOAemuADAwFP8AKvjnKenTfnfdlacoqZY/gF5+MbseuN8A==</latexit><latexit sha1_base64="MBV6zcpUjxjQrwV58eRlgfyP14M=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHohePFZq20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B60+GHi8N8PMvDCVwqDrfjmltfWNza3ydmVnd2//oHp41DZJphn3WSIT3Q2p4VIo7qNAybup5jQOJe+Ek7u533nk2ohEtXCa8iCmIyUiwShayUdyQ1qDas2tuwuQv8QrSA0KNAfVz/4wYVnMFTJJjel5bopBTjUKJvms0s8MTymb0BHvWapozE2QL46dkTOrDEmUaFsKyUL9OZHT2JhpHNrOmOLYrHpz8T+vl2F0HeRCpRlyxZaLokwSTMj8czIUmjOUU0so08LeStiYasrQ5lOxIXirL/8l7Yu659a9h8ta47aIowwncArn4MEVNOAemuADAwFP8AKvjnKenTfnfdlacoqZY/gF5+MbseuN8A==</latexit><latexit sha1_base64="MBV6zcpUjxjQrwV58eRlgfyP14M=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHohePFZq20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B60+GHi8N8PMvDCVwqDrfjmltfWNza3ydmVnd2//oHp41DZJphn3WSIT3Q2p4VIo7qNAybup5jQOJe+Ek7u533nk2ohEtXCa8iCmIyUiwShayUdyQ1qDas2tuwuQv8QrSA0KNAfVz/4wYVnMFTJJjel5bopBTjUKJvms0s8MTymb0BHvWapozE2QL46dkTOrDEmUaFsKyUL9OZHT2JhpHNrOmOLYrHpz8T+vl2F0HeRCpRlyxZaLokwSTMj8czIUmjOUU0so08LeStiYasrQ5lOxIXirL/8l7Yu659a9h8ta47aIowwncArn4MEVNOAemuADAwFP8AKvjnKenTfnfdlacoqZY/gF5+MbseuN8A==</latexit><latexit sha1_base64="MBV6zcpUjxjQrwV58eRlgfyP14M=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0IOHohePFZq20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B60+GHi8N8PMvDCVwqDrfjmltfWNza3ydmVnd2//oHp41DZJphn3WSIT3Q2p4VIo7qNAybup5jQOJe+Ek7u533nk2ohEtXCa8iCmIyUiwShayUdyQ1qDas2tuwuQv8QrSA0KNAfVz/4wYVnMFTJJjel5bopBTjUKJvms0s8MTymb0BHvWapozE2QL46dkTOrDEmUaFsKyUL9OZHT2JhpHNrOmOLYrHpz8T+vl2F0HeRCpRlyxZaLokwSTMj8czIUmjOUU0so08LeStiYasrQ5lOxIXirL/8l7Yu659a9h8ta47aIowwncArn4MEVNOAemuADAwFP8AKvjnKenTfnfdlacoqZY/gF5+MbseuN8A==</latexit>

T
<latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit><latexit sha1_base64="+PBvf+lnnsnFY014vABWwPiSxYo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW+gVtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5n/udJ1Sax7Jppgn6ER1JHnJGjZUazUG54lbdBcg68XJSgRz1QfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni0Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz1My6T1KBky0VhKoiJyfxrMuQKmRFTSyhT3N5K2JgqyozNpmRD8FZfXiftq6rnVr3GdaV2l8dRhDM4h0vw4AZq8AB1aAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+vqYzY</latexit>
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C3D [Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]

 Large-scale training set:  Sport1M [Karpathy et al., CVPR2014] 
- 1.1M YouTube videos of 487 sport classes  
- Train/test on provided split 

Figure 4: Predictions on Sports-1M test data. Blue (first row) indicates ground truth label and the bars below show model
predictions sorted in decreasing confidence. Green and red distinguish correct and incorrect predictions, respectively.

Model Clip Hit@1 Video Hit@1 Video Hit@5
Feature Histograms + Neural Net - 55.3 -
Single-Frame 41.1 59.3 77.7
Single-Frame + Multires 42.4 60.0 78.5
Single-Frame Fovea Only 30.0 49.9 72.8
Single-Frame Context Only 38.1 56.0 77.2
Early Fusion 38.9 57.7 76.8
Late Fusion 40.7 59.3 78.7
Slow Fusion 41.9 60.9 80.2
CNN Average (Single+Early+Late+Slow) 41.4 63.9 82.4

Table 1: Results on the 200,000 videos of the Sports-1M test set. Hit@k values indicate the fraction of test samples that
contained at least one of the ground truth labels in the top k predictions.

and the network class predictions are averaged to produce a
more robust estimate of the class probabilities. To produce
video-level predictions we opted for the simplest approach
of averaging individual clip predictions over the durations
of each video. We expect more elaborate techniques to fur-
ther improve performance but consider these to be outside
of the scope of the paper.

Feature histogram baselines. In addition to comparing
CNN architectures among each other, we also report the ac-
curacy of a feature-based approach. Following a standard
bag-of-words pipeline we extract several types of features
at all frames of our videos, discretize them using k-means
vector quantization and accumulate words into histograms
with spatial pyramid encoding and soft quantization. Ev-
ery histogram is normalized to sum to 1 and all histograms
are concatenated into a 25,000 dimensional video-level fea-

ture vector. Our features are similar to Yang & Toderici
[27] and consist of local features (HOG [5], Texton [24],
Cuboids [8], etc.) extracted both densely and at sparse
interest points, as well as global features (such as Hue-
Saturation, Color moments, number of faces detected). As
a classifier we use a multilayer neural network with Rec-
tified Linear Units followed by a Softmax classifier. We
found that a multilayer network performs consistently and
significantly better than linear models on separate validation
experiments. Furthermore, we performed extensive cross-
validations across many of the network’s hyperparameters
by training multiple models and choosing the one with best
performance on a validation set. The tuned hyper parame-
ters include the learning rate, weight decay, the number of
hidden layers (between 1-2), dropout probabilities and the

 C3D Architecture  

- 16-frame clip as input 
- Frames resized to 128x171 
- 8 convolutional layers (3x3x3 kernels) + 2 fully connected layers 
- 5 2x2x2 max-pooling
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Figure 2. 3D convolution kernel temporal depth search. Action
recognition clip accuracy on UCF101 test split-1 of different ker-
nel temporal depth settings. 2D ConvNet performs worst and 3D
ConvNet with 3⇥ 3⇥ 3 kernels performs best among the experi-
mented nets.

17K parameters fewer or more from each other. The biggest
difference in number of parameters is between depth-1 net
and depth-7 net where depth-7 net has 51K more parame-
ters which is less than 0.3% of the total of 17.5 millions pa-
rameters of each network. This indicates that the learning
capacity of the networks are comparable and the differences
in number of parameters should not affect the results of our
architecture search.

3.2. Exploring kernel temporal depth

We train these networks on the train split 1 of UCF101.
Figure 2 presents clip accuracy of different architectures on
UCF101 test split 1. The left plot shows results of nets with
homogeneous temporal depth and the right plot presents re-
sults of nets that changing kernel temporal depth. Depth-
3 performs best among the homogeneous nets. Note that
depth-1 is significantly worse than the other nets which we
believe is due to lack of motion modeling. Compared to the
varying temporal depth nets, depth-3 is the best performer,
but the gap is smaller. We also experiment with bigger spa-
tial receptive field (e.g. 5 ⇥ 5) and/or full input resolution
(240 ⇥ 320 frame inputs) and still observe similar behav-
ior. This suggests 3 ⇥ 3 ⇥ 3 is the best kernel choice for
3D ConvNets (according to our subset of experiments) and
3D ConvNets are consistently better than 2D ConvNets for
video classification. We also verify that 3D ConvNet con-
sistently performs better than 2D ConvNet on a large-scale
internal dataset, namely I380K.

3.3. Spatiotemporal feature learning

Network architecture: Our findings in the previous sec-
tion indicate that homogeneous setting with convolution
kernels of 3 ⇥ 3 ⇥ 3 is the best option for 3D ConvNets.
This finding is also consistent with a similar finding in 2D
ConvNets [37]. With a large-scale dataset, one can train a
3D ConvNet with 3⇥3⇥3 kernel as deep as possible subject
to the machine memory limit and computation affordability.
With current GPU memory, we design our 3D ConvNet to
have 8 convolution layers, 5 pooling layers, followed by two
fully connected layers, and a softmax output layer. The net-
work architecture is presented in figure 3. For simplicity,

we call this net C3D from now on. All of 3D convolution
filters are 3 ⇥ 3 ⇥ 3 with stride 1 ⇥ 1 ⇥ 1. All 3D pooling
layers are 2⇥ 2⇥ 2 with stride 2⇥ 2⇥ 2 except for pool1
which has kernel size of 1 ⇥ 2 ⇥ 2 and stride 1 ⇥ 2 ⇥ 2
with the intention of preserving the temporal information in
the early phase. Each fully connected layer has 4096 output
units.

Dataset. To learn spatiotemproal features, we train
our C3D on Sports-1M dataset [18] which is currently the
largest video classification benchmark. The dataset consists
of 1.1 million sports videos. Each video belongs to one
of 487 sports categories. Compared with UCF101, Sports-
1M has 5 times the number of categories and 100 times the
number of videos.

Training: Training is done on the Sports-1M train split.
As Sports-1M has many long videos, we randomly extract
five 2-second long clips from every training video. Clips are
resized to have a frame size of 128 ⇥ 171. On training, we
randomly crop input clips into 16⇥112⇥112 crops for spa-
tial and temporal jittering. We also horizontally flip them
with 50% probability. Training is done by SGD with mini-
batch size of 30 examples. Initial learning rate is 0.003,
and is divided by 2 every 150K iterations. The optimization
is stopped at 1.9M iterations (about 13 epochs). Beside the
C3D net trained from scratch, we also experiment with C3D
net fine-tuned from the model pre-trained on I380K.

Sports-1M classification results: Table 2 presents
the results of our C3D networks compared with Deep-
Video [18] and Convolution pooling [29]. We use only a
single center crop per clip, and pass it through the network
to make the clip prediction. For video predictions, we av-
erage clip predictions of 10 clips which are randomly ex-
tracted from the video. It is worth noting some setting dif-
ferences between the comparing methods. DeepVideo and
C3D use short clips while Convolution pooling [29] uses
much longer clips. DeepVideo uses more crops: 4 crops per
clip and 80 crops per video compared with 1 and 10 used by
C3D, respectively. The C3D network trained from scratch
yields an accuracy of 84.4% and the one fine-tuned from
the I380K pre-trained model yields 85.5% at video top-
5 accuracy. Both C3D networks outperform DeepVideo’s
networks. C3D is still 5.6% below the method of [29].
However, this method uses convolution pooling of deep
image features on long clips of 120 frames, thus it is not
directly comparable to C3D and DeepVideo which oper-
ate on much shorter clips. We note that the difference in
top-1 accuracy for clips and videos of this method is small
(1.6%) as it already uses 120-frame clips as inputs. In prac-
tice, convolution pooling or more sophisticated aggregation
schemes [29] can be applied on top of C3D features to im-
prove video hit performance.

C3D video descriptor: After training, C3D can be used
as a feature extractor for other video analysis tasks. To



C3D: classification accuracy on Sports1M
[Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]



C3D: classification on Sports1M
[Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]



C3D: visualization of low-level features
[Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]

3D filters in 1st layer:



Transfer learning with C3D
[Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]

 C3D as generic features:

Test on 4 video recognition tasks using simple linear 
classifiers trained on C3D features



Transfer learning with C3D
[Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]

Action categorization on UCF101:

Figure 4. Visualization of C3D model, using the method from [46]. Interestingly, C3D captures appearance for the first few frames but
thereafter only attends to salient motion. Best viewed on a color screen.

Method Accuracy (%)
Imagenet + linear SVM 68.8
iDT w/ BoW + linear SVM 76.2
Deep networks [18] 65.4
Spatial stream network [36] 72.6
LRCN [6] 71.1
LSTM composite model [39] 75.8
C3D (1 net) + linear SVM 82.3
C3D (3 nets) + linear SVM 85.2

iDT w/ Fisher vector [31] 87.9
Temporal stream network [36] 83.7
Two-stream networks [36] 88.0
LRCN [6] 82.9
LSTM composite model [39] 84.3
Conv. pooling on long clips [29] 88.2
LSTM on long clips [29] 88.6
Multi-skip feature stacking [25] 89.1
C3D (3 nets) + iDT + linear SVM 90.4

Table 3. Action recognition results on UCF101. C3D compared
with baselines and current state-of-the-art methods. Top: sim-
ple features with linear SVM; Middle: methods taking only RGB
frames as inputs; Bottom: methods using multiple feature combi-
nations.

pearance based deep feature. On the other hand, it is bene-
ficial to combine C3D with iDT as they are highly comple-
mentary to each other. In fact, iDT are hand-crafted features
based on optical flow tracking and histograms of low-level
gradients while C3D captures high level abstract/semantic
information.

C3D with 3 nets achieves 85.2% which is 9% and 16.4%
better than the iDT and Imagenet baselines, respectively.
On the only RGB input setting, compared with CNN-based
approaches, Our C3D outperforms deep networks [18] and
spatial stream network in [36] by 19.8% and 12.6%, respec-
tively. Both deep networks [18] and spatial stream network
in [36] use AlexNet architecture. While in [18], the net is
fine-tuned from their model pre-trained on Sports-1M, spa-
tial stream network in [36] is fine-tuned from Imagenet pre-
trained model. Our C3D is different from these CNN-base
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Figure 5. C3D compared with Imagenet and iDT in low dimen-

sions. C3D, Imagenet, and iDT accuracy on UCF101 using PCA
dimensionality reduction and a linear SVM. C3D outperforms Im-
agenet and iDT by 10-20% in low dimensions.

Imagenet C3D

Figure 6. Feature embedding. Feature embedding visualizations
of Imagenet and C3D on UCF101 dataset using t-SNE [43]. C3D
features are semantically separable compared to Imagenet suggest-
ing that it is a better feature for videos. Each clip is visualized as a
point and clips belonging to the same action have the same color.
Best viewed in color.

methods in term of network architecture and basic opera-
tions. In addition, C3D is trained on Sports-1M and used as
is without any finetuning. Compared with Recurrent Neural
Networks (RNN) based methods, C3D outperforms Long-
term Recurrent Convolutional Networks (LRCN) [6] and
LSTM composite model [39] by 14.1% and 9.4%, respec-
tively. C3D with only RGB input still outperforms these
two RNN-based methods when they used both optical flows
and RGB as well as the temporal stream network in [36].

linear SVM on iDT  
and frame-based CNN features 

linear SVM on C3D  
and video-based CNNs from RGB

nonlinear classifiers  
on combinations of features



Transfer learning with C3D
[Tran, Bourdev, Fergus, Torresani, Paluri, ICCV 2015]

Generalization to other video analysis tasks:

Dataset Sport1M UCF101 ASLAN YUPENN UMD Object
Task action recognition action recognition action similarity labeling scene classification scene classification object recognition
Method [29] [39]([25]) [31] [9] [9] [32]
Result 90.8 75.8 (89.1) 68.7 96.2 77.7 12.0
C3D 85.2 85.2 (90.4) 78.3 98.1 87.7 22.3

Table 1. C3D compared to best published results. C3D outperforms all previous best reported methods on a range of benchmarks except
for Sports-1M and UCF101. On UCF101, we report accuracy for two groups of methods. The first set of methods use only RGB frame
inputs while the second set of methods (in parentheses) use all possible features (e.g. optical flow, improved Dense Trajectory).

2. Related Work

Videos have been studied by the computer vision com-
munity for decades. Over the years various problems like
action recognition [26], anomaly detection [2], video re-
trieval [1], event and action detection [30, 17], and many
more have been proposed. Considerable portion of these
works are about video representations. Laptev and Linde-
berg [26] proposed spatio-temporal interest points (STIPs)
by extending Harris corner detectors to 3D. SIFT and HOG
are also extended into SIFT-3D [34] and HOG3D [19] for
action recognition. Dollar et al. proposed Cuboids features
for behavior recognition [5]. Sadanand and Corso built Ac-
tionBank for action recognition [33]. Recently, Wang et al.

proposed improved Dense Trajectories (iDT) [44] which is
currently the state-of-the-art hand-crafted feature. The iDT
descriptor is an interesting example showing that temporal
signals could be handled differently from that of spatial sig-
nal. Instead of extending Harris corner detector into 3D, it
starts with densely-sampled feature points in video frames
and uses optical flows to track them. For each tracker cor-
ner different hand-crafted features are extracted along the
trajectory. Despite its good performance, this method is
computationally intensive and becomes intractable on large-
scale datasets.

With recent availability of powerful parallel machines
(GPUs, CPU clusters), together with large amounts of train-
ing data, convolutional neural networks (ConvNets) [28]
have made a come back providing breakthroughs on visual
recognition [10, 24]. ConvNets have also been applied to
the problem of human pose estimation in both images [12]
and videos [13]. More interestingly these deep networks
are used for image feature learning [7]. Similarly, Zhou et

al. and perform well on transferred learning tasks. Deep
learning has also been applied to video feature learning in
an unsupervised setting [27]. In Le et al. [27], the au-
thors use stacked ISA to learn spatio-temporal features for
videos. Although this method showed good results on ac-
tion recognition, it is still computationally intensive at train-
ing and hard to scale up for testing on large datasets. 3D
ConvNets were proposed for human action recognition [15]
and for medical image segmentation [14, 42]. 3D convo-
lution was also used with Restricted Boltzmann Machines
to learn spatiotemporal features [40]. Recently, Karpathy et

al. [18] trained deep networks on a large video dataset for

video classification. Simonyan and Zisserman [36] used
two stream networks to achieve best results on action recog-
nition.

Among these approaches, the 3D ConvNets approach
in [15] is most closely related to us. This method used a hu-
man detector and head tracking to segment human subjects
in videos. The segmented video volumes are used as inputs
for a 3-convolution-layer 3D ConvNet to classify actions. In
contrast, our method takes full video frames as inputs and
does not rely on any preprocessing, thus easily scaling to
large datasets. We also share some similarities with Karpa-
thy et al. [18] and Simonyan and Zisserman [36] in terms
of using full frames for training the ConvNet. However,
these methods are built on using only 2D convolution and
2D pooling operations (except for the Slow Fusion model
in [18]) whereas our model performs 3D convolutions and
3D pooling propagating temporal information across all the
layers in the network (further detailed in section 3). We also
show that gradually pooling space and time information and
building deeper networks achieves best results and we dis-
cuss more about the architecture search in section 3.2.

3. Learning Features with 3D ConvNets

In this section we explain in detail the basic operations of
3D ConvNets, analyze different architectures for 3D Con-
vNets empirically, and elaborate how to train them on large-
scale datasets for feature learning.

3.1. 3D convolution and pooling

We believe that 3D ConvNet is well-suited for spatiotem-
poral feature learning. Compared to 2D ConvNet, 3D Con-
vNet has the ability to model temporal information better
owing to 3D convolution and 3D pooling operations. In
3D ConvNets, convolution and pooling operations are per-
formed spatio-temporally while in 2D ConvNets they are
done only spatially. Figure 1 illustrates the difference, 2D
convolution applied on an image will output an image, 2D
convolution applied on multiple images (treating them as
different channels [36]) also results in an image. Hence,
2D ConvNets lose temporal information of the input sig-
nal right after every convolution operation. Only 3D con-
volution preserves the temporal information of the input
signals resulting in an output volume. The same phenom-
ena is applicable for 2D and 3D polling. In [36], although



I3D [Carreira, Zisserman, CVPR 2017]

Key-features: 

• 2D Inception architecture adopted into a 3D CNN 

• 3D filters initialized by “temporally inflating” 2D filters learned from InageNet 

• Large-scale training on new Kinetics dataset  
(240K training videos, 400 action classes) 

• Two-stream architecture operating on RGB and optical flow

Figure 2. Video architectures considered in this paper. K stands for the total number of frames in a video, whereas N stands for a subset of
neighboring frames of the video.

this makes them harder to train. Also, they seem to preclude
the benefits of ImageNet pre-training, and consequently
previous work has defined relatively shallow custom archi-
tectures and trained them from scratch [14, 15, 28, 29]. Re-
sults on benchmarks have shown promise but have not been
competitive with state-of-the-art, making this type of mod-
els a good candidate for evaluation on our larger dataset.

For this paper we implemented a small variation of C3D
[29], which has 8 convolutional layers, 5 pooling layers and
2 fully connected layers at the top. The inputs to the model
are short 16-frame clips with 112 ⇥ 112-pixel crops as in
the original implementation. Differently from [29] we used
batch normalization after all convolutional and fully con-
nected layers. Another difference to the original model is
in the first pooling layer, we use a temporal stride of 2 in-
stead of 1, which reduces the memory footprint and allows
for bigger batches – this was important for batch normal-
ization (especially after the fully connected layers, where
there is no weight tying). Using this stride we were able to
train with 15 videos per batch per GPU using standard K40
GPUs.

2.3. The Old III: Two-Stream Networks
LSTMs on features from the last layers of ConvNets can

model high-level variation, but may not be able to capture
fine low-level motion which is critical in many cases. It is
also expensive to train as it requires unrolling the network
through multiple frames for backpropagation-through-time.

A different, very practical approach, introduced by Si-
monyan and Zisserman [25], models short temporal snap-
shots of videos by averaging the predictions from a single
RGB frame and a stack of 10 externally computed optical

flow frames, after passing them through two replicas of an
ImageNet pre-trained ConvNet. The flow stream has an
adapted input convolutional layer with twice as many input
channels as flow frames (because flow has two channels,
horizontal and vertical), and at test time multiple snapshots
are sampled from the video and the action prediction is av-
eraged. This was shown to get very high performance on
existing benchmarks, while being very efficient to train and
test.

A recent extension [8] fuses the spatial and flow streams
after the last network convolutional layer, showing some
improvement on HMDB while requiring less test time aug-
mentation (snapshot sampling). Our implementation fol-
lows this paper approximately using Inception-V1. The in-
puts to the network are 5 consecutive RGB frames sam-
pled 10 frames apart, as well as the corresponding optical
flow snippets. The spatial and motion features before the
last average pooling layer of Inception-V1 (5 ⇥ 7 ⇥ 7 fea-
ture grids, corresponding to time, x and y dimensions) are
passed through a 3⇥ 3⇥ 3 3D convolutional layer with 512
output channels, followed by a 3 ⇥ 3 ⇥ 3 3D max-pooling
layer and through a final fully connected layer. The weights
of these new layers are initialized with Gaussian noise.

Both models, the original two-stream and the 3D fused
version, are trained end-to-end (including the two-stream
averaging process in the original model).

2.4. The New: Two-Stream Inflated 3D ConvNets
With this architecture, we show how 3D ConvNets can

benefit from ImageNet 2D ConvNet designs and, option-
ally, from their learned parameters. We also adopt a two-
stream configuration here – it will be shown in section 4

Large-margin winner of the action recognition and temporal 
segmentation tracks @ CVPR 2017 Charade challenge



Revisiting the role of 3D convolution in 
video analysis

Several recent empirical studies [Qiu et al., CVPR 2017; Tran et al., CVPR 2018; Xie et al., 
ECCV 2018; Tran et al., arXiv 2019] aimed at addressing several fundamental questions: 

• Do we even need 3D convolution? 

• If so, what layers should we make 3D, and what layers can be 2D?  

• Is it beneficial to factorize spatiotemporal filters into disjoint  
space and time components? 

• Is it useful to factorize spatiotemporal filters across channels?



Empirical evaluation of different forms of 
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.

3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.

3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.

3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.

3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
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3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.
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In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.

3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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Figure 1. Residual network architectures for video classification considered in this work. (a) R2D are 2D ResNets; (b) MCx are
ResNets with mixed convolutions (MC3 is presented in this figure); (c) rMCx use reversed mixed convolutions (rMC3 is shown here); (d)
R3D are 3D ResNets; and (e) R(2+1)D are ResNets with (2+1)D convolutions. For interpretability, residual connections are omitted.

3. Convolutional residual blocks for video

In this section we discuss several spatiotemporal convo-
lutional variants within the framework of residual learning.
Let x denote the input clip of size 3⇥L⇥H⇥W , where L
is the number of frames in the clip, H and W are the frame
height and width, and 3 refers to the RGB channels. Let
zi be the tensor computed by the i-th convolutional block
in the residual network. In this work we consider only
“vanilla” residual blocks (i.e., without bottlenecks) [13],
with each block consisting of two convolutional layers with
a ReLU activation function after each layer. Then the output
of the i-th residual block is given by

zi = zi�1 + F(zi�1; ✓i) (1)

where F(; ✓i) implements the composition of two convo-
lutions parameterized by weights ✓i and the application of
the ReLU functions. In this work we consider networks
where the sequence of convolutional residual blocks cul-
minates into a top layer performing global average pooling
over the entire spatiotemporal volume and a fully-connected
layer responsible for the final classification prediction.

3.1. R2D: 2D convolutions over the entire clip

2D CNNs for video [29] ignore the temporal ordering
in the video and treat the L frames analogously to chan-
nels. Thus, we can think of these models as reshaping the
input 4D tensor x into a 3D tensor of size 3L ⇥ H ⇥ W .
The output zi of the i-th residual block is also a 3D tensor.
Its size is Ni ⇥ Hi ⇥ Wi where Ni denotes the number of
convolutional filters applied in the i-th block, and Hi,Wi

are the spatial dimensions, which may be smaller than the
original input frame due to pooling or striding. Each fil-
ter is 3D and it has size Ni�1 ⇥ d ⇥ d, where d denotes
the spatial width and height. Note that although the filter is
3-dimensional, it is convolved only in 2D over the spatial

dimensions of the preceding tensor zi�1. Each filter yields
a single-channel output. Thus, the very first convolutional
layer in R2D collapses the entire temporal information of
the video in single-channel feature maps, which prevent any
temporal reasoning to happen in subsequent layers. This
type of CNN architecture is illustrated in Figure 1(a). Note
that since the feature maps have no temporal meaning, we
do not perform temporal striding for this network.

3.2. f-R2D: 2D convolutions over frames

Another 2D CNN approach involves processing indepen-
dently the L frames via a series of 2D convolutional resid-
ual block. The same filters are applied to all L frames. In
this case, no temporal modeling is performed in the convo-
lutional layers and the global spatiotemporal pooling layer
at the top simply fuses the information extracted indepen-
dently from the L frames. We refer to this architecture vari-
ant as f-R2D (frame-based R2D).

3.3. R3D: 3D convolutions

3D CNNs [15, 36] preserve temporal information and
propagate it through the layers of the network. The tensor
zi is in this case 4D and has size Ni ⇥L⇥Hi ⇥Wi, where
Ni is the number of filters used in the i-th block. Each filter
is 4-dimensional and it has size Ni�1 ⇥ t ⇥ d ⇥ d where t

denotes the temporal extent of the filter (in this work, we use
t = 3, as in [36, 4]). The filters are convolved in 3D, i.e.,
over both time and space dimensions. This type of CNN
architecture is illustrated in Figure 1(d).

3.4. MCx and rMCx: mixed 3D-2D convolutions

One hypothesis is that motion modeling (i.e., 3D convo-
lutions) may be particularly useful in the early layers, while
at higher levels of semantic abstraction (late layers), motion
or temporal modeling is not necessary. Thus a plausible
architecture may start with 3D convolutions and switch to
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3D conv with 2D space filter

3D conv with 1D temporal filter

A similar space-time factorization was proposed in  
[Qiu et al., CVPR 2017] within ResNet bottleneck blocks and in  
[Xie et al., ECCV 2018] within I3D architecture
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Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Results on Kinetics-400 using ResNets of 18 layers:
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Results on Kinetics-400 using ResNets of 18 layers:
Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Big accuracy gap 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Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

R(2+1)D outperforms 
R3D and all other 3D CNNs

Results on Kinetics-400 using ResNets of 18 layers:



Empirical evaluation of different forms of 
spatiotemporal convolution [Tran et al., CVPR 2018]

Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Net # params Clip@1 Video@1 Clip@1 Video@1

Input 8⇥112⇥112 16⇥112⇥112
R2D 11.4M 46.7 59.5 47.0 58.9

f-R2D 11.4M 48.1 59.4 50.3 60.5
R3D 33.4M 49.4 61.8 52.5 64.2
MC2 11.4M 50.2 62.5 53.1 64.2
MC3 11.7M 50.7 62.9 53.7 64.7
MC4 12.7M 50.5 62.5 53.7 65.1
MC5 16.9M 50.3 62.5 53.7 65.1
rMC2 33.3M 49.8 62.1 53.1 64.9
rMC3 33.0M 49.8 62.3 53.2 65.0
rMC4 32.0M 49.9 62.3 53.4 65.1
rMC5 27.9M 49.4 61.2 52.1 63.1

R(2+1)D 33.3M 52.8 64.8 56.8 68.0

Table 2. Action recognition accuracy for different forms of con-

volution on the Kinetics validation set. All models are based on
a ResNet of 18 layers, and trained from scratch on either 8-frame
or 16-frame clip input. R(2+1)D outperforms all the other models.

is done with synchronous distributed SGD on GPU clusters
using caffe2 [3].

4.2. Comparison of spatiotemporal convolutions

Table 2 reports the clip top-1 and video top-1 action clas-
sification accuracy on the Kinetics validation set. There are
a few findings that can be inferred from these results. First,
there is a noticeable gap between the performance of 2D
ResNets (f-R2D and R2D) and that of R3D or mixed con-
volutional models (MCx and rMCx). This gap is 1.3� 4%
in the 8-frame input setting and becomes bigger (i.e. 1.8 �
6.7%) when models are trained on 16-frame clips as input.
This suggests that motion modeling is important for action
recognition. Note that all models (within the same setting)
see the same input and process all frames in each clip (ei-
ther 8 or 16 frames). The difference is that, compared to 3D
or MCx models which perform temporal reasoning through
the clip, R2D collapses and eliminates temporal information
after the first residual block, while f-R2D computes still-
image features from the individual frames. Among the dif-
ferent 3D convolutional models, R(2+1)D clearly performs
the best. It is 2.1�3.4% better than MCx, rMCx, R3D in the
8-frame setting, and 3.1�4.7% better in the 16-frame input
setting. This indicates that decomposing 3D convolutions
in separate spatial and temporal convolutions is better than
modeling spatiotemporal information jointly or via mixed
3D-2D convolutions. It also outperforms 2D ResNets (R2D
and f-R2D) by 4.7 � 6.1% in the 8-frame setting and by
6.3� 9.8% in the 16-frame input setting.

Figure 4 shows video top-1 accuracy on Kinetics valida-
tion set versus computational complexity (FLOPs) for dif-
ferent models. Figure 4(a) plots the models trained on 8-
frame clips while Figure 4(b) shows models with 16-frame
clip input. The most efficient network is R2D but it has the
poorest accuracy. In fact, R2D is about 7x faster than f-R2D
because it collapses the temporal dimension after conv1.

a) b)
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Figure 4. Accuracy vs computational complexity for different

types of convolution on Kinetics. Different models are trained on
8-frame clips (left) and 16-frame clips (right). R(2+1)D achieves
the highest accuracy, producing about 3�3.8% accuracy gain over
R3D for the same computational cost.

In terms of accuracy, R2D gets similar performance to f-
R2D when trained on 8-frame clips, while it is 1.6% worse
than f-R2D in the 16-frame input setting. This is because
R2D performs temporal modeling only in the conv1 layer
and thus it handles poorly longer clip inputs. Interestingly,
rMC3 is more efficient than f-R2D since it performs tem-
poral striding in conv3 1, which yields smaller activation
tensors in all subsequent 2D convolutional layers. Con-
versely, f-R2D processes all frames independently and does
not perform any temporal striding. rMC2 is more costly
than rMC3, as it uses 2D convolutions in group 2, and does
not perform temporal striding in group 3. R(2+1)D has
roughly the same computational cost as R3D but it yields
higher accuracy. We note that the relative ranking between
different architectures is consistent across the two input set-
tings (8 vs 16 frame-clips). However, the gaps are bigger
for the 16-frame input setting. This indicates that temporal
modeling is more beneficial on longer clip inputs.
Why are (2+1)D convolutions better than 3D? Figure 3
presents the training and testing errors on Kinetics for R3D
and R(2+1)D, using 18-layers (left) and 34 layers (right).
We already know that R(2+1)D gives lower testing error
than R3D but the interesting message in this plot is that
R(2+1)D yields also lower training error. The reduction
in training error for R(2+1)D compared to R3D is particu-
larly accentuated for the architecture having 34 layers. This
suggests that the spatiotemporal decomposition of R(2+1)D
renders the optimization easier compared to R3D, espe-
cially as depth is increased.

4.3. Revisiting practices for video-level prediction

Varol et. al. [37] showed that accuracy gains can be ob-
tained by training video CNNs on longer input clips (e.g.
with 100 frames) using long-term convolutions (LTC). Here
we revisit this idea and evaluate this practice on Kinetics us-
ing R(2+1)D of 18 layers with varying input clip lengths: 8,
16, 24, 32, 40, and 48 frames. The outputs of the last con-
volution layer for these networks have different temporal
sizes, but once again we use a global spatiotemporal aver-
age pooling to generate a fixed-size representation which is

Mixed 2D/3D CNNs 
do better than 

pure 3D

Results on Kinetics-400 using ResNets of 18 layers:
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(a) (b)

Fig. 4. Accuracy vs number of FLOPS needed to perform inference on 64 RGB frames. Left:

Mini-Kinetics-200 dataset. Right: Something-something dataset. Solid lines denote top-heavy

models, dotted lines denote bottom-heavy models. Orange denotes spatial and temporal separable

3D convolutions, blue denotes full 3D convolutions.

Fig. 5. Statistics of convolutional filter weights of an I3D model trained on Kinetics-Full. Each

boxplot shows the distribution of Wl(t, :, :, :) for temporal offset t, with t = 0 being in the

middle. Results for different layers l are shown in different panels, with lowest layers on the left.

All filters with different temporal offset are initialized with the same set of weights. Low-level

filters essentially ignore the temporal dimension, unlike higher level filters, where the weights

distributed nicely across different temporal offsets.

distribution of Wl(t, :, :, :) for temporal offset t and layer l. We use t = 0 to indicate
no offset in time, i.e., the center in the temporal kernel. At initialization, all the filters
started with the same set of (2D convolution) weights (derived from an Inception model
pre-trained on Imagenet) for each value of t ∈ {−1, 0, 1}. After training, we see that
the temporally offset filters (i.e., for t ≠ 0) have a weight distribution that is still closely
centered on zero in the lower layers (see left panel), whereas the variance of the dis-
tribution increases in higher layers (see right panel). This suggests once again that the
higher level temporal patterns are more useful for the Kinetics action classification task.

4.4 Separating temporal convolution from spatial convolutions

In this section, we study the effect of replacing standard 3D convolution with a fac-
tored version which disentangles this operation into a temporal part and a spatial part.
In more detail, our method is to replace each 3D convolution with two consecutive con-
volution layers: one 2D convolution layer to learn spatial features, followed by a 1D
convolution layer purely on the temporal axis. This can be implemented by running two
3D convolutions, where the first (spatial) convolution has filter shape [1, k, k] and the

Empirical evaluation of different forms of 
spatiotemporal convolution 

Independent results in [Xie et al., ECCV 2018] confirm these findings:
• Orange vs blue: 

S3D (space-time factorized I3D) 
outperforms I3D 

• Solid vs dotted: 
top-heavy mixed convolutions  
do better than  
bottom-heavy mixed convolutions  
for same # FLOPs 



Why is space-time factorization 
beneficial? [Tran et al., CVPR 2018]

• For the same number of parameters, (2+1)D factorization doubles number of nonlinearities (additional 
ReLU between spatial and temporal filtering)

• Space-time factorization renders optimization easier:

t x d x d

1 x d x d

t x 1 x 1
Mi

a) b)
Figure 2. (2+1)D vs 3D convolution. The illustration is given for
the simplified setting where the input consists of a spatiotemporal
volume with a single feature channel. (a) Full 3D convolution is
carried out using a filter of size t⇥ d⇥ d where t denotes the tem-
poral extent and d is the spatial width and height. (b) A (2+1)D
convolutional block splits the computation into a spatial 2D con-
volution followed by a temporal 1D convolution. We choose the
numbers of 2D filters (Mi) so that the number of parameters in our
(2+1)D block matches that of the full 3D convolutional block.

using 2D convolutions in the top layers. Since in this work
we consider 3D ResNets (R3D) having 5 groups of convo-
lutions (see Table 1), our first variant consists in replacing
all 3D convolutions in group 5 with 2D convolutions. We
denote this variant with MC5 (Mixed Convolutions). We
design a second variant that uses 2D convolutions in group
4 and 5, and name this model MC4 (meaning from group 4
and deeper layers all convolutions are 2D). Following this
pattern, we also create MC3 and MC2 variations. We omit
to consider MC1 since it is equivalent to a 2D ResNet (f-
R2D) applied to clip inputs. This type of CNN architec-
tures is illustrated in Figure 1(b). An alternative hypoth-
esis is that temporal modeling may be more beneficial in
the deep layers, with early capturing appearance informa-
tion via 2D convolutions. To account for such possibility,
we also experiment with “Reversed” Mixed Convolutions.
Following the naming convention of MC models, we de-
note these models as rMC2, rMC3, rMC4, and rMC5. Thus,
rMC3 would include 2D convolutions in block 1 and 2, and
3D convolutions in group 3 and deeper groups. This type of
CNN architecture is illustrated in Figure 1(c).

3.5. R(2+1)D: (2+1)D convolutions

Another possible theory is that full 3D convolutions may
be more conveniently approximated by a 2D convolution
followed by a 1D convolution, decomposing spatial and
temporal modeling into two separate steps. We thus design
a network architecture named R(2+1)D, where we replace
the Ni 3D convolutional filters of size Ni�1 ⇥ t ⇥ d ⇥ d

with a (2+1)D block consisting of Mi 2D convolutional fil-
ters of size Ni�1 ⇥ 1 ⇥ d ⇥ d and Ni temporal convolu-
tional filters of size Mi ⇥ t ⇥ 1 ⇥ 1. The hyperparameter
Mi determines the dimensionality of the intermediate sub-
space where the signal is projected between the spatial and
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Figure 3. Training and testing errors for R(2+1)D and R3D.
Results are reported for ResNets of 18 layers (left) and 34 layers
(right). It can be observed that the training error (thin lines) is
smaller for R(2+1)D compared to R3D, particularly for the net-
work with larger depth (right). This suggests that the the spatial-
temporal decomposition implemented by R(2+1)D eases the opti-
mization, especially as depth is increased.

the temporal convolutions. We choose Mi = b td2Ni�1Ni

d2Ni�1+tNi
c

so that the number of parameters in the (2+1)D block is
approximately equal to that implementing full 3D convolu-
tion. We note that this spatiotemporal decomposition can
be applied to any 3D convolutional layer. An illustration
of this decomposition is given in Figure 2 for the simplified
setting where the input tensor zi�1 contains a single channel
(i.e., Ni�1 = 1). If the 3D convolution has spatial or tem-
poral striding (implementing downsampling), the striding is
correspondingly decomposed into its spatial or temporal di-
mensions. This architecture is illustrated in Figure 1(e).

Compared to full 3D convolution, our (2+1)D decom-
position offers two advantages. First, despite not changing
the number of parameters, it doubles the number of nonlin-
earities in the network due to the additional ReLU between
the 2D and 1D convolution in each block. Increasing the
number of nonlinearities increases the complexity of func-
tions that can be represented, as also noted in VGG net-
works [30] which approximate the effect of a big filter by
applying multiple smaller filters with additional nonlinear-
ities in between. The second benefit is that forcing the 3D
convolution into separate spatial and temporal components
renders the optimization easier. This is manifested in lower
training error compared to 3D convolutional networks of the
same capacity. This is illustrated in Figure 3 which shows
training and testing errors for R3D and R(2+1)D having 18
(left) and 34 (right) layers. It can be seen that, for the same
number of layers (and parameters), R(2+1)D yields not only
lower testing error but also lower training error compared to
R3D. This is an indication that optimization becomes easier
when spatiotemporal filters are factorized. The gap in the
training losses is particularly large for the nets having 34
layers, which suggests that the facilitation in optimization
increases as the depth becomes larger.

We note that our factorization is closely related to
Pseudo-3D blocks (P3D) [25], which were proposed to
adapt the bottleneck block of R2D to video classification.
Three different pseudo-3D blocks were introduced: P3D-A,

(2+1)D factorization 
lowers the training error 

in addition to the test error
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group convolution: prior work
• To reduce #parameters and #FLOPS of 2D CNNs: 

✓ Adopted in AlexNet [Krizhevsky et al., NIPS12] to  
overcome GPU memory limits 

✓ Frequently used for mobile application,  
e.g., in MobileNets [Howard et al., arXiv2017],  
Xception [Chollet et al., CVPR17], 
ShuffleNet [Zhang et al. CVPR18] 

• To improve accuracy of 2D CNNs: 

✓ ResNeXt [Xie et al., CVPR17] is a ResNet [He at al., CVPR16] with group  
convolutions, yielding better accuracy for the same number of  
parameters
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3D convolution
(T ⇥H ⇥W ⇥ C)
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#frames
height width

#channels

• Each filter consists of        3D subfilters                      , each applied to a 3D spatiotemporal channel               C
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(T ⇥H ⇥W )
<latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit>

T<latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit>

H<latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit>

W
<latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit>

channel 1 channel 2 channel C

...
. . . filter c'

...
C subfilters

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>�
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channel c'

ReLU

• Each filter operates on all       channels  of the 4D spatiotemporal tensor             C
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group 3D convolution
• Each filter operates on a subset of        channels  (      denotes # groups):  

each filter consists of       3D subfilters                      , each applied to a 3D spatiotemporal channel               (n⇥ n⇥ n)
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(T ⇥H ⇥W )
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T<latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit>

H<latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit>

W
<latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit>

channel 1 channel 2 channel C

...
. . .

filter c'

...
C/G subfilters

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>�

<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>

channel c'

ReLU

C
G

<latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit>

G
<latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit>

C
G

<latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit>

channel C/G

.
... ...

channel C/G+1

.
...

group 1

...
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group 3D convolution
• Each filter operates on a subset of        channels  (      denotes # groups):  

each filter consists of       3D subfilters                      , each applied to a 3D spatiotemporal channel               (n⇥ n⇥ n)
<latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit><latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit><latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit><latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit>

(T ⇥H ⇥W )
<latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit>

T<latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit>

H<latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit>

W
<latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit>

channel 1 channel 2

...
. .

filter c'

...
C/G subfilters

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>�

<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>

channel c'

ReLU

C
G

<latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit>

G
<latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit>

C
G

<latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit>

channel C/G

.
...

group 1

C2n3
<latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit>

C2n3

G
<latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit>

C
2
n
3(HWT )

<latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit>

C
2
n
3(HWT )
G

<latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit>

C

✓
C
2

◆
⇡ C3

<latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit>

C

✓
C/G
2

◆
⇡ C3

G2

<latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit>

traditional 
 3D conv

group 
3D conv

# parameters

# FLOPs

# channel 
interactions

channel C

.
...

channel C/G+1

.
... ...



 30

group 3D convolution
• Each filter operates on a subset of        channels  (      denotes # groups):  

each filter consists of       3D subfilters                      , each applied to a 3D spatiotemporal channel               (n⇥ n⇥ n)
<latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit><latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit><latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit><latexit sha1_base64="bdp8I3CWmQ5hbJzEW6G3BuA07mM=">AAAB/nicdVDLSgMxFM3UV62vUXHlJliEuhmS0tEui25cVrC20A4lk6ZtaCYzJBmhDAV/xY0LRdz6He78G9OH+EAPXDiccy/33hMmgmuD0LuTW1peWV3Lrxc2Nre2d9zdvRsdp4qyBo1FrFoh0UxwyRqGG8FaiWIkCgVrhqOLqd+8ZUrzWF6bccKCiAwk73NKjJW67kFJwo7hEdPwi5x03SLy0KlfwVWIPB/hKvYtKfsYoTLEHpqhCBaod923Ti+macSkoYJo3cYoMUFGlOFUsEmhk2qWEDoiA9a2VBK7J8hm50/gsVV6sB8rW9LAmfp9IiOR1uMotJ0RMUP925uKf3nt1PSrQcZlkhom6XxRPxXQxHCaBexxxagRY0sIVdzeCumQKEKNTaxgQ/j8FP5PbsoeRh6+qhRr54s48uAQHIESwOAM1MAlqIMGoCAD9+ARPDl3zoPz7LzMW3POYmYf/IDz+gHg8JTK</latexit>

(T ⇥H ⇥W )
<latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit><latexit sha1_base64="OEOm7HvmxvS8Fafxzs1mAoLCwh4=">AAAB/nicdVDLSgMxFM34rPU1Kq7cBItQN0NSOtpl0U2XFfqCdiiZNNOGZh4kGaEMBX/FjQtF3Pod7vwb0xeo6IELh3Pu5d57/ERwpRH6tNbWNza3tnM7+d29/YND++i4peJUUtaksYhlxyeKCR6xpuZasE4iGQl9wdr++Hbmt++ZVDyOGnqSMC8kw4gHnBJtpL59WmzAnuYhU7C2Iu3Lvl1ADrpyy7gCkeMiXMGuISUXI1SC2EFzFMAS9b790RvENA1ZpKkgSnUxSrSXEak5FWya76WKJYSOyZB1DY2I2eNl8/On8MIoAxjE0lSk4Vz9PpGRUKlJ6JvOkOiR+u3NxL+8bqqDipfxKEk1i+hiUZAKqGM4ywIOuGRUi4khhEpuboV0RCSh2iSWNyGsPoX/k1bJwcjBd+VC9WYZRw6cgXNQBBhcgyqogTpoAgoy8AiewYv1YD1Zr9bbonXNWs6cgB+w3r8AWZOUcw==</latexit>

T<latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit><latexit sha1_base64="xiEZUi1Vu/RRVJls5hM0Rtcj6BA=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhgBSeBC9pY92LC3d9mdMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEikMuu63U9jY3NreKe6W9vYPDo/KxycdE6ea8TaLZay7ATVcCsXbKFDybqI5jQLJH4PJ7dx/fOLaiFi1cJpwP6IjJULBKFrpodqqDsoVt+YuQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ516zXNr3n290rjJ4yjCGZzDJXhwBQ24gya0gcEInuEV3hzpvDjvzseyteDkM6fwB87nD2aejTI=</latexit>

H<latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit><latexit sha1_base64="P1OOzyfS6HZ3wu0XVKSGjv9CKd8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lBgFSeBC9pY52LC3d9ndMyEXfoKNhcbY+ovs/DcucIWCL5nk5b2ZzMwLEsG1cd1vp7CxubW9U9wt7e0fHB6Vj086Ok4VwzaLRay6AdUouMS24UZgN1FIo0DgYzC5nfuPT6g0j+WDmSboR3QkecgZNVa6rzarg3LFrbkLkHXi5aQCOVqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68Tjr1mufWvLt6pXGTx1GEMziHS/DgChrQhBa0gcEInuEV3hzhvDjvzseyteDkM6fwB87nD1RijSY=</latexit>

W
<latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit><latexit sha1_base64="psCHniM6QuEBf3dMOvpSVOaiwII=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lhjlI4EL2Vv2YMPe3mV3zoRc+Ak2Fhpj6y+y89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94jThfkRHSoSCUbTSQ7VTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4bWfCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68Ttr1mufWvPt6pXGTx1GEMziHS/DgChpwB01oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPH2stjTU=</latexit>

channel 1 channel 2

...
. .

filter c'

...
C/G subfilters

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>

�
<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>�

<latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit><latexit sha1_base64="GyhvOmYJNyv55T+MPYdIeuMzy+U=">AAAB73icbVDLTgJBEOzFF+IL9ehlIph4Irtc9Ej04hETeSSwIbPDLEyYnVnnYUI2/IQXDxrj1d/x5t84wB4UrKSTSlV3uruilDNtfP/bK2xsbm3vFHdLe/sHh0fl45O2llYR2iKSS9WNsKacCdoyzHDaTRXFScRpJ5rczv3OE1WaSfFgpikNEzwSLGYEGyd1q32Zcqurg3LFr/kLoHUS5KQCOZqD8ld/KIlNqDCEY617gZ+aMMPKMMLprNS3mqaYTPCI9hwVOKE6zBb3ztCFU4YolsqVMGih/p7IcKL1NIlcZ4LNWK96c/E/r2dNfB1mTKTWUEGWi2LLkZFo/jwaMkWJ4VNHMFHM3YrIGCtMjIuo5EIIVl9eJ+16LfBrwX290rjJ4yjCGZzDJQRwBQ24gya0gACHZ3iFN+/Re/HevY9la8HLZ07hD7zPH4n2j58=</latexit>

channel c'

ReLU

C
G

<latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit>

G
<latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit><latexit sha1_base64="TlRrIOvYIhT/XxxQ7gYCvYZlBdk=">AAAB6nicdVDLSgMxFM3UV62vqks3wVZwNSSDo10WXeiyoq2FdiiZNNOGZjJDkhHK0E9w40IRt36RO//G9CGo6IELh3Pu5d57wlRwbRD6cApLyyura8X10sbm1vZOeXevpZNMUdakiUhUOySaCS5Z03AjWDtVjMShYHfh6GLq390zpXkib804ZUFMBpJHnBJjpZvqZbVXriAXnfonuAaR6yNcw74lno8R8iB20QwVsECjV37v9hOaxUwaKojWHYxSE+REGU4Fm5S6mWYpoSMyYB1LJYmZDvLZqRN4ZJU+jBJlSxo4U79P5CTWehyHtjMmZqh/e1PxL6+TmagW5FymmWGSzhdFmYAmgdO/YZ8rRo0YW0Ko4vZWSIdEEWpsOiUbwten8H/S8lyMXHztVerniziK4AAcgmOAwRmogyvQAE1AwQA8gCfw7Ajn0XlxXuetBWcxsw9+wHn7BKF5jVs=</latexit>

C
G

<latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit><latexit sha1_base64="YeDC9+EnqHK8Y3npnF0t0aelt20=">AAAB9HicdVDLSgMxFM3UV62vqks3wVZwNSSDo10Wu9BlBWsL7VAyaaYNzTxMMoUyzHe4caGIWz/GnX9j+hBU9MCFwzn3cu89fiK40gh9WIWV1bX1jeJmaWt7Z3evvH9wp+JUUtaisYhlxyeKCR6xluZasE4iGQl9wdr+uDHz2xMmFY+jWz1NmBeSYcQDTok2klftBZLQrJFnV3m1X64gG527Z7gGke0iXMOuIY6LEXIgttEcFbBEs19+7w1imoYs0lQQpboYJdrLiNScCpaXeqliCaFjMmRdQyMSMuVl86NzeGKUAQxiaSrScK5+n8hIqNQ09E1nSPRI/fZm4l9eN9VBzct4lKSaRXSxKEgF1DGcJQAHXDKqxdQQQiU3t0I6IiYGbXIqmRC+PoX/kzvHxsjGN06lfrmMowiOwDE4BRhcgDq4Bk3QAhTcgwfwBJ6tifVovVivi9aCtZw5BD9gvX0Cf/iR6g==</latexit>

channel C/G

.
...

group 1

C2n3
<latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit>

C2n3

G
<latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit>

C
2
n
3(HWT )

<latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit>

C
2
n
3(HWT )
G

<latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit>

C

✓
C
2

◆
⇡ C3

<latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit>

C

✓
C/G
2

◆
⇡ C3

G2

<latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit>

traditional 
 3D conv

group 
3D conv

# parameters

# FLOPs

# channel 
interactions

channel C

.
...

channel C/G+1

.
... ...
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channel-separated 3D convolution
• Set  # groups G = C    →   each filter operates on one channel only  

channel 1 channel 2 channel C

...
. . .

filter c'

1 (sub)filter

channel c'
ReLU

channel c'

.
... ...

.
...

C2n3
<latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit><latexit sha1_base64="gaWPf+iLc7ILMOgupmVfBpvq1WM=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTSWGIiHwYOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS0lGiCG2SiEeqE2BNOZO0aZjhtBMrikXAaTuY1Od++4kqzSL5YKYx9QUeSRYygo2VHsv1fhXJ/lV5UCy5FXcBtE68jJQgQ2NQ/OoNI5IIKg3hWOuu58bGT7EyjHA6K/QSTWNMJnhEu5ZKLKj208XBM3RhlSEKI2VLGrRQf0+kWGg9FYHtFNiM9ao3F//zuokJb/yUyTgxVJLlojDhyERo/j0aMkWJ4VNLMFHM3orIGCtMjM2oYEPwVl9eJ61qxXMr3n21VLvN4sjDGZzDJXhwDTW4gwY0gYCAZ3iFN0c5L86787FszTnZzCn8gfP5A8ARjww=</latexit>

C2n3

G
<latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit><latexit sha1_base64="O1pU2ovn14PG3Z2hDgoR/bMzGX4=">AAAB/HicbVC7TsNAEFyHVwgvQ0qaEwkSVWSHAsqIFFAGiTykxInOl3Nyyvls3Z2RIsv8Cg0FCNHyIXT8DZdHAQkjrTSa2dXujh9zprTjfFu5jc2t7Z38bmFv/+DwyD4+aakokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbn9RnfvuRSsUi8aCnMfVCPBIsYARrIw3sYrkXSEzSer+KRP8yS2+z8sAuORVnDrRO3CUpwRKNgf3VG0YkCanQhGOluq4Tay/FUjPCaVboJYrGmEzwiHYNFTikykvnx2fo3ChDFETSlNBorv6eSHGo1DT0TWeI9VitejPxP6+b6ODaS5mIE00FWSwKEo50hGZJoCGTlGg+NQQTycytiIyxCUObvAomBHf15XXSqlZcp+LeV0u1m2UceTiFM7gAF66gBnfQgCYQmMIzvMKb9WS9WO/Wx6I1Zy1nivAH1ucPMsqT0A==</latexit>

Cn3
<latexit sha1_base64="v+MB+cpSKChFKoTiHdEoKHCly3U=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTSWGIiHwZOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeYNOZ+54kqzSJ5b6Yx9QUeSRYygo2VHsppA8nH2qw8KJbcirsAWideRkqQoTkofvWHEUkElYZwrHXPc2Pjp1gZRjidFfqJpjEmEzyiPUslFlT76eLgGbqwyhCFkbIlDVqovydSLLSeisB2CmzGetWbi/95vcSE137KZJwYKslyUZhwZCI0/x4NmaLE8KklmChmb0VkjBUmxmZUsCF4qy+vk3a14rkV765aqt9kceThDM7hEjy4gjrcQhNaQEDAM7zCm6OcF+fd+Vi25pxs5hT+wPn8AV9Ij3Q=</latexit><latexit sha1_base64="v+MB+cpSKChFKoTiHdEoKHCly3U=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTSWGIiHwZOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeYNOZ+54kqzSJ5b6Yx9QUeSRYygo2VHsppA8nH2qw8KJbcirsAWideRkqQoTkofvWHEUkElYZwrHXPc2Pjp1gZRjidFfqJpjEmEzyiPUslFlT76eLgGbqwyhCFkbIlDVqovydSLLSeisB2CmzGetWbi/95vcSE137KZJwYKslyUZhwZCI0/x4NmaLE8KklmChmb0VkjBUmxmZUsCF4qy+vk3a14rkV765aqt9kceThDM7hEjy4gjrcQhNaQEDAM7zCm6OcF+fd+Vi25pxs5hT+wPn8AV9Ij3Q=</latexit><latexit sha1_base64="v+MB+cpSKChFKoTiHdEoKHCly3U=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTSWGIiHwZOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeYNOZ+54kqzSJ5b6Yx9QUeSRYygo2VHsppA8nH2qw8KJbcirsAWideRkqQoTkofvWHEUkElYZwrHXPc2Pjp1gZRjidFfqJpjEmEzyiPUslFlT76eLgGbqwyhCFkbIlDVqovydSLLSeisB2CmzGetWbi/95vcSE137KZJwYKslyUZhwZCI0/x4NmaLE8KklmChmb0VkjBUmxmZUsCF4qy+vk3a14rkV765aqt9kceThDM7hEjy4gjrcQhNaQEDAM7zCm6OcF+fd+Vi25pxs5hT+wPn8AV9Ij3Q=</latexit><latexit sha1_base64="v+MB+cpSKChFKoTiHdEoKHCly3U=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTSWGIiHwZOsrfswYbdvcvungm58CtsLDTG1p9j579xgSsUfMkkL+/NZGZeEHOmjet+O7mNza3tnfxuYW//4PCoeHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeYNOZ+54kqzSJ5b6Yx9QUeSRYygo2VHsppA8nH2qw8KJbcirsAWideRkqQoTkofvWHEUkElYZwrHXPc2Pjp1gZRjidFfqJpjEmEzyiPUslFlT76eLgGbqwyhCFkbIlDVqovydSLLSeisB2CmzGetWbi/95vcSE137KZJwYKslyUZhwZCI0/x4NmaLE8KklmChmb0VkjBUmxmZUsCF4qy+vk3a14rkV765aqt9kceThDM7hEjy4gjrcQhNaQEDAM7zCm6OcF+fd+Vi25pxs5hT+wPn8AV9Ij3Q=</latexit>

C
2
n
3(HWT )

<latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit><latexit sha1_base64="hWTiqOG+gV2L0OAKanxTXHtxRYc=">AAAB/HicbVDLTgJBEOzFF+JrlaOXiWCCF7KLBz0SuXDEhIcJr8wOA0yYnd3MzJpsNvgrXjxojFc/xJt/4wB7ULCSTipV3enu8kLOlHacbyuztb2zu5fdzx0cHh2f2KdnbRVEktAWCXggHzysKGeCtjTTnD6EkmLf47TjzWoLv/NIpWKBaOo4pH0fTwQbM4K1kYZ2vpjUBhUkBteoVEcd1LyaF4d2wSk7S6BN4qakACkaQ/urNwpI5FOhCcdKdV0n1P0ES80Ip/NcL1I0xGSGJ7RrqMA+Vf1kefwcXRplhMaBNCU0Wqq/JxLsKxX7nun0sZ6qdW8h/ud1Iz2+7SdMhJGmgqwWjSOOdIAWSaARk5RoHhuCiWTmVkSmWGKiTV45E4K7/vImaVfKrlN27yuF6l0aRxbO4QJK4MINVKEODWgBgRie4RXerCfrxXq3PlatGSudycMfWJ8/wxmSPQ==</latexit>

C
2
n
3(HWT )
G

<latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit><latexit sha1_base64="bXjMn+PPYDaYnwgPwijyzUdi2tQ=">AAACBHicbVC7SgNBFL3rM8bXqmWawUSITdiNhZbBFKaMkBfkxexkNhkyO7vMzAphSWHjr9hYKGLrR9j5N04ehSYeuHA4517uvceLOFPacb6tjc2t7Z3d1F56/+Dw6Ng+OW2oMJaE1knIQ9nysKKcCVrXTHPaiiTFgcdp0xuXZ37zgUrFQlHTk4h2AzwUzGcEayP17Uyu40tMknKviETvCuUrqIlql9Pkbprr21mn4MyB1om7JFlYotq3vzqDkMQBFZpwrFTbdSLdTbDUjHA6TXdiRSNMxnhI24YKHFDVTeZPTNGFUQbID6UpodFc/T2R4ECpSeCZzgDrkVr1ZuJ/XjvW/k03YSKKNRVksciPOdIhmiWCBkxSovnEEEwkM7ciMsImFG1yS5sQ3NWX10mjWHCdgntfzJZul3GkIAPnkAcXrqEEFahCHQg8wjO8wpv1ZL1Y79bHonXDWs6cwR9Ynz8K05XE</latexit>

Cn
3(HWT )

<latexit sha1_base64="7T/fR3FOVn4jsce1gnPws25b0HY=">AAAB+HicbVA9TwJBEJ3DL8QPTi1tNoIJNuQOCy2JNJSY8JXASfaWBTbs7V1290zwwi+xsdAYW3+Knf/GBa5Q8CWTvLw3k5l5fsSZ0o7zbWW2tnd297L7uYPDo+O8fXLaVmEsCW2RkIey62NFORO0pZnmtBtJigOf044/rS38ziOVioWiqWcR9QI8FmzECNZGGtj5YlJD4uEaleqd5tW8OLALTtlZAm0SNyUFSNEY2F/9YUjigApNOFaq5zqR9hIsNSOcznP9WNEIkyke056hAgdUecny8Dm6NMoQjUJpSmi0VH9PJDhQahb4pjPAeqLWvYX4n9eL9ejWS5iIYk0FWS0axRzpEC1SQEMmKdF8ZggmkplbEZlgiYk2WeVMCO76y5ukXSm7Ttm9rxSqd2kcWTiHCyiBCzdQhTo0oAUEYniGV3iznqwX6936WLVmrHTmDP7A+vwB4niRRQ==</latexit><latexit sha1_base64="7T/fR3FOVn4jsce1gnPws25b0HY=">AAAB+HicbVA9TwJBEJ3DL8QPTi1tNoIJNuQOCy2JNJSY8JXASfaWBTbs7V1290zwwi+xsdAYW3+Knf/GBa5Q8CWTvLw3k5l5fsSZ0o7zbWW2tnd297L7uYPDo+O8fXLaVmEsCW2RkIey62NFORO0pZnmtBtJigOf044/rS38ziOVioWiqWcR9QI8FmzECNZGGtj5YlJD4uEaleqd5tW8OLALTtlZAm0SNyUFSNEY2F/9YUjigApNOFaq5zqR9hIsNSOcznP9WNEIkyke056hAgdUecny8Dm6NMoQjUJpSmi0VH9PJDhQahb4pjPAeqLWvYX4n9eL9ejWS5iIYk0FWS0axRzpEC1SQEMmKdF8ZggmkplbEZlgiYk2WeVMCO76y5ukXSm7Ttm9rxSqd2kcWTiHCyiBCzdQhTo0oAUEYniGV3iznqwX6936WLVmrHTmDP7A+vwB4niRRQ==</latexit><latexit sha1_base64="7T/fR3FOVn4jsce1gnPws25b0HY=">AAAB+HicbVA9TwJBEJ3DL8QPTi1tNoIJNuQOCy2JNJSY8JXASfaWBTbs7V1290zwwi+xsdAYW3+Knf/GBa5Q8CWTvLw3k5l5fsSZ0o7zbWW2tnd297L7uYPDo+O8fXLaVmEsCW2RkIey62NFORO0pZnmtBtJigOf044/rS38ziOVioWiqWcR9QI8FmzECNZGGtj5YlJD4uEaleqd5tW8OLALTtlZAm0SNyUFSNEY2F/9YUjigApNOFaq5zqR9hIsNSOcznP9WNEIkyke056hAgdUecny8Dm6NMoQjUJpSmi0VH9PJDhQahb4pjPAeqLWvYX4n9eL9ejWS5iIYk0FWS0axRzpEC1SQEMmKdF8ZggmkplbEZlgiYk2WeVMCO76y5ukXSm7Ttm9rxSqd2kcWTiHCyiBCzdQhTo0oAUEYniGV3iznqwX6936WLVmrHTmDP7A+vwB4niRRQ==</latexit><latexit sha1_base64="7T/fR3FOVn4jsce1gnPws25b0HY=">AAAB+HicbVA9TwJBEJ3DL8QPTi1tNoIJNuQOCy2JNJSY8JXASfaWBTbs7V1290zwwi+xsdAYW3+Knf/GBa5Q8CWTvLw3k5l5fsSZ0o7zbWW2tnd297L7uYPDo+O8fXLaVmEsCW2RkIey62NFORO0pZnmtBtJigOf044/rS38ziOVioWiqWcR9QI8FmzECNZGGtj5YlJD4uEaleqd5tW8OLALTtlZAm0SNyUFSNEY2F/9YUjigApNOFaq5zqR9hIsNSOcznP9WNEIkyke056hAgdUecny8Dm6NMoQjUJpSmi0VH9PJDhQahb4pjPAeqLWvYX4n9eL9ejWS5iIYk0FWS0axRzpEC1SQEMmKdF8ZggmkplbEZlgiYk2WeVMCO76y5ukXSm7Ttm9rxSqd2kcWTiHCyiBCzdQhTo0oAUEYniGV3iznqwX6936WLVmrHTmDP7A+vwB4niRRQ==</latexit>

C

✓
C
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◆
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<latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit><latexit sha1_base64="NAZQn9b/BLQdUUNXrvgNU0iKSKA="></latexit>

C

✓
C/G
2

◆
⇡ C3

G2

<latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit><latexit sha1_base64="EhJ1HDUWGg4KGs882lbzZile/F8="></latexit>

0
<latexit sha1_base64="mh/COi0wufZPZIei0wd5oMockdg=">AAAB6nicdVDLTgJBEOzFF+IL9ehlIph42syuBPBG9OIRoyAJbMjsMAsTZh+ZmTUhhE/w4kFjvPpF3vwbZwETNVpJJ5Wq7nR3+YngSmP8YeVWVtfWN/Kbha3tnd294v5BW8WppKxFYxHLjk8UEzxiLc21YJ1EMhL6gt3548vMv7tnUvE4utWThHkhGUY84JRoI92UcblfLGH7vF51K1WEbYxrjutkxK1VzirIMUqGEizR7Bffe4OYpiGLNBVEqa6DE+1NidScCjYr9FLFEkLHZMi6hkYkZMqbzk+doROjDFAQS1ORRnP1+8SUhEpNQt90hkSP1G8vE//yuqkO6t6UR0mqWUQXi4JUIB2j7G804JJRLSaGECq5uRXREZGEapNOwYTw9Sn6n7Rd28G2c+2WGhfLOPJwBMdwCg7UoAFX0IQWUBjCAzzBsyWsR+vFel205qzlzCH8gPX2CY/5jVA=</latexit><latexit sha1_base64="mh/COi0wufZPZIei0wd5oMockdg=">AAAB6nicdVDLTgJBEOzFF+IL9ehlIph42syuBPBG9OIRoyAJbMjsMAsTZh+ZmTUhhE/w4kFjvPpF3vwbZwETNVpJJ5Wq7nR3+YngSmP8YeVWVtfWN/Kbha3tnd294v5BW8WppKxFYxHLjk8UEzxiLc21YJ1EMhL6gt3548vMv7tnUvE4utWThHkhGUY84JRoI92UcblfLGH7vF51K1WEbYxrjutkxK1VzirIMUqGEizR7Bffe4OYpiGLNBVEqa6DE+1NidScCjYr9FLFEkLHZMi6hkYkZMqbzk+doROjDFAQS1ORRnP1+8SUhEpNQt90hkSP1G8vE//yuqkO6t6UR0mqWUQXi4JUIB2j7G804JJRLSaGECq5uRXREZGEapNOwYTw9Sn6n7Rd28G2c+2WGhfLOPJwBMdwCg7UoAFX0IQWUBjCAzzBsyWsR+vFel205qzlzCH8gPX2CY/5jVA=</latexit><latexit sha1_base64="mh/COi0wufZPZIei0wd5oMockdg=">AAAB6nicdVDLTgJBEOzFF+IL9ehlIph42syuBPBG9OIRoyAJbMjsMAsTZh+ZmTUhhE/w4kFjvPpF3vwbZwETNVpJJ5Wq7nR3+YngSmP8YeVWVtfWN/Kbha3tnd294v5BW8WppKxFYxHLjk8UEzxiLc21YJ1EMhL6gt3548vMv7tnUvE4utWThHkhGUY84JRoI92UcblfLGH7vF51K1WEbYxrjutkxK1VzirIMUqGEizR7Bffe4OYpiGLNBVEqa6DE+1NidScCjYr9FLFEkLHZMi6hkYkZMqbzk+doROjDFAQS1ORRnP1+8SUhEpNQt90hkSP1G8vE//yuqkO6t6UR0mqWUQXi4JUIB2j7G804JJRLSaGECq5uRXREZGEapNOwYTw9Sn6n7Rd28G2c+2WGhfLOPJwBMdwCg7UoAFX0IQWUBjCAzzBsyWsR+vFel205qzlzCH8gPX2CY/5jVA=</latexit><latexit sha1_base64="mh/COi0wufZPZIei0wd5oMockdg=">AAAB6nicdVDLTgJBEOzFF+IL9ehlIph42syuBPBG9OIRoyAJbMjsMAsTZh+ZmTUhhE/w4kFjvPpF3vwbZwETNVpJJ5Wq7nR3+YngSmP8YeVWVtfWN/Kbha3tnd294v5BW8WppKxFYxHLjk8UEzxiLc21YJ1EMhL6gt3548vMv7tnUvE4utWThHkhGUY84JRoI92UcblfLGH7vF51K1WEbYxrjutkxK1VzirIMUqGEizR7Bffe4OYpiGLNBVEqa6DE+1NidScCjYr9FLFEkLHZMi6hkYkZMqbzk+doROjDFAQS1ORRnP1+8SUhEpNQt90hkSP1G8vE//yuqkO6t6UR0mqWUQXi4JUIB2j7G804JJRLSaGECq5uRXREZGEapNOwYTw9Sn6n7Rd28G2c+2WGhfLOPJwBMdwCg7UoAFX0IQWUBjCAzzBsyWsR+vFel205qzlzCH8gPX2CY/5jVA=</latexit>

traditional 
3D conv

group 
3D conv

channel-separated 
3D conv
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# FLOPs

# channel 
interactions

ReLU ReLU ... ...



 32channel-separated 3D network
• Use point-wise                            convs to restore some channel interactions before & after channel separation: 1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit><latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit><latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit><latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit>
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�
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ReLU

1⇥ 1⇥ 1⇥ C
<latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit><latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit><latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit><latexit sha1_base64="xxNp6HVZT/MjK3rltWzce10ufmY=">AAACB3icbZC7SgNBFIbPeo3xtmopyGAiWIXdNFoG01hGMBdIljA7mU2GzF6YOSuEJZ2Nr2JjoYitr2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva219Y3Nru7BT3N3bPzi0j45bOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/vj+qzefuBKizi6x0nCvZAOIxEIRtFYffus7JIeipBrsgr1ct8uORVnLrIKbg4lyNXo21+9QczSkEfIJNW66zoJehlVKJjk02Iv1TyhbEyHvGswomaPl83vmJIL4wxIECvzIiRz9/dERkOtJ6FvOkOKI71cm5n/1bopBtdeJqIkRR6xxaIglQRjMguFDITiDOXEAGVKmL8SNqKKMjTRFU0I7vLJq9CqVlyn4t5VS7WbPI4CnMI5XIILV1CDW2hAExg8wjO8wpv1ZL1Y79bHonXNymdO4I+szx+K1pct</latexit>

convs across  
all channels

channel-separated

3D convs

point-wise

point-wisechannel 1

channel C'

channel 1 channel 2 channel C

...

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

convs across  
all channels

n⇥ n⇥ n⇥ 1
<latexit sha1_base64="1NfG4R4eAUVqizJeVXkKdvt2R+w=">AAACB3icbZA9SwNBEIbn4leMX6eWgiwmglW4S6Nl0MYygvmA5Ah7m02yZG/v2J0TQkhn41+xsVDE1r9g579xk1yhiS8sPLwzw+y8YSKFQc/7dnJr6xubW/ntws7u3v6Be3jUMHGqGa+zWMa6FVLDpVC8jgIlbyWa0yiUvBmObmb15gPXRsTqHscJDyI6UKIvGEVrdd3TkiIdFBE3ZBX8UtctemVvLrIKfgZFyFTrul+dXszSiCtkkhrT9r0EgwnVKJjk00InNTyhbEQHvG1RUbsnmMzvmJJz6/RIP9b2KSRz9/fEhEbGjKPQdkYUh2a5NjP/q7VT7F8FE6GSFLlii0X9VBKMySwU0hOaM5RjC5RpYf9K2JBqytBGV7Ah+Msnr0KjUva9sn9XKVavszjycAJncAE+XEIVbqEGdWDwCM/wCm/Ok/PivDsfi9ack80cwx85nz+SfJfS</latexit><latexit sha1_base64="1NfG4R4eAUVqizJeVXkKdvt2R+w=">AAACB3icbZA9SwNBEIbn4leMX6eWgiwmglW4S6Nl0MYygvmA5Ah7m02yZG/v2J0TQkhn41+xsVDE1r9g579xk1yhiS8sPLwzw+y8YSKFQc/7dnJr6xubW/ntws7u3v6Be3jUMHGqGa+zWMa6FVLDpVC8jgIlbyWa0yiUvBmObmb15gPXRsTqHscJDyI6UKIvGEVrdd3TkiIdFBE3ZBX8UtctemVvLrIKfgZFyFTrul+dXszSiCtkkhrT9r0EgwnVKJjk00InNTyhbEQHvG1RUbsnmMzvmJJz6/RIP9b2KSRz9/fEhEbGjKPQdkYUh2a5NjP/q7VT7F8FE6GSFLlii0X9VBKMySwU0hOaM5RjC5RpYf9K2JBqytBGV7Ah+Msnr0KjUva9sn9XKVavszjycAJncAE+XEIVbqEGdWDwCM/wCm/Ok/PivDsfi9ack80cwx85nz+SfJfS</latexit><latexit sha1_base64="1NfG4R4eAUVqizJeVXkKdvt2R+w=">AAACB3icbZA9SwNBEIbn4leMX6eWgiwmglW4S6Nl0MYygvmA5Ah7m02yZG/v2J0TQkhn41+xsVDE1r9g579xk1yhiS8sPLwzw+y8YSKFQc/7dnJr6xubW/ntws7u3v6Be3jUMHGqGa+zWMa6FVLDpVC8jgIlbyWa0yiUvBmObmb15gPXRsTqHscJDyI6UKIvGEVrdd3TkiIdFBE3ZBX8UtctemVvLrIKfgZFyFTrul+dXszSiCtkkhrT9r0EgwnVKJjk00InNTyhbEQHvG1RUbsnmMzvmJJz6/RIP9b2KSRz9/fEhEbGjKPQdkYUh2a5NjP/q7VT7F8FE6GSFLlii0X9VBKMySwU0hOaM5RjC5RpYf9K2JBqytBGV7Ah+Msnr0KjUva9sn9XKVavszjycAJncAE+XEIVbqEGdWDwCM/wCm/Ok/PivDsfi9ack80cwx85nz+SfJfS</latexit><latexit sha1_base64="1NfG4R4eAUVqizJeVXkKdvt2R+w=">AAACB3icbZA9SwNBEIbn4leMX6eWgiwmglW4S6Nl0MYygvmA5Ah7m02yZG/v2J0TQkhn41+xsVDE1r9g579xk1yhiS8sPLwzw+y8YSKFQc/7dnJr6xubW/ntws7u3v6Be3jUMHGqGa+zWMa6FVLDpVC8jgIlbyWa0yiUvBmObmb15gPXRsTqHscJDyI6UKIvGEVrdd3TkiIdFBE3ZBX8UtctemVvLrIKfgZFyFTrul+dXszSiCtkkhrT9r0EgwnVKJjk00InNTyhbEQHvG1RUbsnmMzvmJJz6/RIP9b2KSRz9/fEhEbGjKPQdkYUh2a5NjP/q7VT7F8FE6GSFLlii0X9VBKMySwU0hOaM5RjC5RpYf9K2JBqytBGV7Ah+Msnr0KjUva9sn9XKVavszjycAJncAE+XEIVbqEGdWDwCM/wCm/Ok/PivDsfi9ack80cwx85nz+SfJfS</latexit>



 33CSN using ResNet blocks
• Comparison between Channel-Separated Network (CSN) and ResNet3D 

• Both using ResNet bottleneck block but CSN performs channel-separated 3D convs in all blocks

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

3⇥ 3⇥ 3⇥ C 0
<latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

ResNet3D

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

CSN

3⇥ 3⇥ 3⇥ 1
<latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit>

channel-separated 3D convs



 34CSN using ResNet blocks
• Comparison between Channel-Separated Network (CSN) and ResNet3D 

• Both using ResNet bottleneck block but CSN performs channel-separated 3D convs in all blocks

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

3⇥ 3⇥ 3⇥ C 0
<latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

ResNet3D

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

CSN

3⇥ 3⇥ 3⇥ 1
<latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit>

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

ip-CSN

3⇥ 3⇥ 3⇥ 1
<latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit><latexit sha1_base64="HL/9+OxQ/+3pECsmRVxAL7xSSFQ=">AAACBXicbZA9SwNBEIbn4leMX6eWWiwGwSrcqaBl0MYygomB5Ah7m71kyd7esTsnhJDGxr9iY6GIrf/Bzn/jJrlCE19YeHhnhtl5w1QKg5737RSWlldW14rrpY3Nre0dd3evYZJMM15niUx0M6SGS6F4HQVK3kw1p3Eo+X04uJ7U7x+4NiJRdzhMeRDTnhKRYBSt1XEPz0gbRcwNWQS/45a9ijcVWQQ/hzLkqnXcr3Y3YVnMFTJJjWn5XorBiGoUTPJxqZ0ZnlI2oD3esqioXROMpleMybF1uiRKtH0KydT9PTGisTHDOLSdMcW+ma9NzP9qrQyjy2AkVJohV2y2KMokwYRMIiFdoTlDObRAmRb2r4T1qaYMbXAlG4I/f/IiNE4rvlfxb8/L1as8jiIcwBGcgA8XUIUbqEEdGDzCM7zCm/PkvDjvzsesteDkM/vwR87nD7Trlsc=</latexit>

channel-separated 3D convs

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>



 35CSN using ResNet blocks
• Comparison between Channel-Separated Network (CSN) and ResNet3D 

• Both using ResNet bottleneck block but CSN performs channel-separated 3D convs in all blocks

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

3⇥ 3⇥ 3⇥ C 0
<latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit><latexit sha1_base64="ephlyHHFliDpCo9Cz4lT4Fd1T/4=">AAACBnicbZC7SgNBFIbPeo3xtmopwmAQrcKuCloG01hGMBdIljA7mU2GzF6YOSuEJZWNr2JjoYitz2Dn2zhJttDEHwY+/nMOZ87vJ1JodJxva2l5ZXVtvbBR3Nza3tm19/YbOk4V43UWy1i1fKq5FBGvo0DJW4niNPQlb/rD6qTefOBKizi6x1HCvZD2IxEIRtFYXfvognRQhFyTRaiedu2SU3amIovg5lCCXLWu/dXpxSwNeYRMUq3brpOgl1GFgkk+LnZSzRPKhrTP2wYjavZ42fSMMTkxTo8EsTIvQjJ1f09kNNR6FPqmM6Q40PO1iflfrZ1icO1lIkpS5BGbLQpSSTAmk0xITyjOUI4MUKaE+SthA6ooQ5Nc0YTgzp+8CI3zsuuU3bvLUuUmj6MAh3AMZ+DCFVTgFmpQBwaP8Ayv8GY9WS/Wu/Uxa12y8pkD+CPr8wc5rZcK</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
<latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit><latexit sha1_base64="aWOcHJrcbrsxJSLO3n80z068CGE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh6LXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mEmCfkSHkoecUWOlxkW/XHGr7hxklXg5qUCOer/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxPe+BmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S1mXVc6te46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPcYWMrw==</latexit>

ResNet3D

C filters
<latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit><latexit sha1_base64="8t5WwwxhDyGiFezMeqlaIL22r9Y=">AAAB/XicbVDJSgNBFHwTtxi3cbl5aQyCpzAjgh6DuXiMYBZIQujp9CRNeha634hxCP6KFw+KePU/vPk39iRz0MSChqKqHu91ebEUGh3n2yqsrK6tbxQ3S1vbO7t79v5BU0eJYrzBIhmptkc1lyLkDRQoeTtWnAae5C1vXMv81j1XWkThHU5i3gvoMBS+YBSN1LePaqSL/AFT4guJJkjIlPTtslNxZiDLxM1JGXLU+/ZXdxCxJOAhMkm17rhOjL2UKhRM8mmpm2geUzamQ94xNKQB1710dv2UnBplQPxImRcimam/J1IaaD0JPJMMKI70opeJ/3mdBP2rXirCOEEesvkiP5EEI5JVQQZCcYZyYghlSphbCRtRRVnWQ8mU4C5+eZk0zyuuU3FvL8rV67yOIhzDCZyBC5dQhRuoQwMYPMIzvMKb9WS9WO/WxzxasPKZQ/gD6/MHNuOUaA==</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>1⇥ 1⇥ 1⇥ C

<latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit><latexit sha1_base64="JJUZ40voKU+VPjogMHggktEFzC0=">AAACBXicbZA9SwNBEIbn/Izx69RSi8UgWIU7EbQMprGMYD4gOcLeZi9Zsrd37M4JIaSx8a/YWChi63+w89+4Sa7QxBcWHt6ZYXbeMJXCoOd9Oyura+sbm4Wt4vbO7t6+e3DYMEmmGa+zRCa6FVLDpVC8jgIlb6Wa0ziUvBkOq9N684FrIxJ1j6OUBzHtKxEJRtFaXffEJx0UMTdkGapdt+SVvZnIMvg5lCBXret+dXoJy2KukElqTNv3UgzGVKNgkk+KnczwlLIh7fO2RUXtmmA8u2JCzqzTI1Gi7VNIZu7viTGNjRnFoe2MKQ7MYm1q/ldrZxhdB2Oh0gy5YvNFUSYJJmQaCekJzRnKkQXKtLB/JWxANWVogyvaEPzFk5ehcVH2vbJ/d1mq3ORxFOAYTuEcfLiCCtxCDerA4BGe4RXenCfnxXl3PuatK04+cwR/5Hz+AMavltM=</latexit>

1⇥ 1⇥ 1⇥ C 0
<latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit><latexit sha1_base64="Ln/9jI1pxa8kxbrge5iJQG3Z9RY=">AAACBnicbZC7SgNBFIbPxluMt1VLEQaDaBV2RdAymMYygrlAsoTZyWwyZPbCzFkhLKlsfBUbC0VsfQY738ZJsoUm/jDw8Z9zOHN+P5FCo+N8W4WV1bX1jeJmaWt7Z3fP3j9o6jhVjDdYLGPV9qnmUkS8gQIlbyeK09CXvOWPatN664ErLeLoHscJ90I6iEQgGEVj9exjl3RRhFyTZaid9eyyU3FmIsvg5lCGXPWe/dXtxywNeYRMUq07rpOgl1GFgkk+KXVTzRPKRnTAOwYjavZ42eyMCTk1Tp8EsTIvQjJzf09kNNR6HPqmM6Q41Iu1qflfrZNicO1lIkpS5BGbLwpSSTAm00xIXyjOUI4NUKaE+SthQ6ooQ5NcyYTgLp68DM2LiutU3LvLcvUmj6MIR3AC5+DCFVThFurQAAaP8Ayv8GY9WS/Wu/Uxby1Y+cwh/JH1+QMwI5cE</latexit>

C 0 filters
<latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit><latexit sha1_base64="r2t4YNCfeXhqeDVOau2zj6BryUY=">AAAB/nicbVDLSgNBEOyNrxhfUfHkZTCInsKuCHoM5uIxgnlAsoTZyWwyZPbBTK8YloC/4sWDIl79Dm/+jbPJHjSxYKCoqqZ7youl0Gjb31ZhZXVtfaO4Wdra3tndK+8ftHSUKMabLJKR6nhUcylC3kSBkndixWngSd72xvXMbz9wpUUU3uMk5m5Ah6HwBaNopH75qH5GesgfMSW+kGiShExJv1yxq/YMZJk4OalAjka//NUbRCwJeIhMUq27jh2jm1KFgkk+LfUSzWPKxnTIu4aGNODaTWfnT8mpUQbEj5R5IZKZ+nsipYHWk8AzyYDiSC96mfif103Qv3ZTEcYJ8pDNF/mJJBiRrAsyEIozlBNDKFPC3ErYiCrKsh5KpgRn8cvLpHVRdeyqc3dZqd3kdRThGE7gHBy4ghrcQgOawCCFZ3iFN+vJerHerY95tGDlM4fwB9bnD5pQlJk=</latexit>

+
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ip-CSN
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 36Experimental Comparison
• Results on Kinetics-400:

"# channel interaction is a better predictor of accuracy than #parameters"
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 37Experimental Comparison
"Channel-Separated 3D Convs  >  Group 3D Convs  > Traditional 3D Convs"

Results on Kinetics-400 
using nets of 50 layers
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 38What makes CSNs work better?

model depth video@1 FLOPs params interactions

(%) ⇥109 ⇥106 ⇥109

ResNet3D 26 65.3 14.3 20.4 0.42
ir-CSN 26 62.4 4.0 1.7 0.27
ip-CSN 26 64.6 5.0 2.4 0.42

ResNet3D 50 69.4 29.5 46.9 5.68
ir-CSN 50 70.3 10.6 13.1 5.42
ip-CSN 50 70.8 11.9 14.3 5.68

ResNet3D 101 70.6 44.7 85.9 8.67
ir-CSN 101 71.3 14.1 22.1 8.27
ip-CSN 101 71.8 15.9 24.5 8.67

Table 2. Channel-Separated Networks vs. ResNet3D baseline.
In the 26-layer configuration, the accuracy of ir-CSN is 2.9%
lower than that of the ResNet3D baseline. But ip-CSN, which
preserves channel interactions, is nearly on par with the baseline
(the drop is only 0.7%). In the the 50- and 101-layer configura-
tions, both ir-CSN and ip-CSN outperform the ResNet3D baseline
while reducing parameters and FLOPs. ip-CSN consistently out-
performs ir-CSN.

the gap between ir-CSN and ip-CSN becomes smaller. We
attribute this shrinking of the gap to the fact that, in the
50-layer and 101-layer configurations, ir-CSN has nearly
the same number of channel interactions as ip-CSN since
most interactions stem from the 1⇥1⇥1 layers. One may
wonder if ip-CSNs outperform ResNet3D and ir-CSNs be-
cause of having more nonlinearities (ReLU). To answer this
question, we trained ip-CSNs without ReLUs between the
1⇥1⇥1 and the 3⇥3⇥3 layers and we observed no notable
difference in performance. We can observe that traditional
3⇥3⇥3 convolutions contain many parameters which can
be removed without an accuracy penalty in the deeper mod-
els. We investigate this next.

4.3. What makes CSNs outperform ResNet3D?

In section 4.2 we found that both ir-CSNs and ip-CSNs
consistently outperform the ResNet3D baseline when there
are enough channel interactions, while having fewer param-
eters and greatly reducing FLOPs. It is natural to ask “what
helps CSNs in these scenario?”. Figure 5 helps us answer
this question. The plot shows the evolution of the train-
ing errors of ip-CSN and ResNet3D, both with 101 layers.
Compared to ResNet3D, ip-CSN has higher training errors
but lower testing error (i.e., validation accuracy shown in
Table 2). This suggests that the channel-separated convolu-
tions of CSN regularize the model and prevent overfitting.

4.4. The effects of different blocks in group convo-

lutional networks

In this section we start from our base architecture (shown
in Table 1) then ablatively replace the convolutional blocks
with the blocks presented in section 3.4. We again find that
channel interaction plays an important role in understanding
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Figure 5. Training errors as a function of training iterations

for ip-CSN-101 and ResNet3D-101 on Kinetics. The ip-CSN
has higher training error, but lower testing error (or validation ac-
curacy shown in Table 2). This suggests that the channel-separated
convolutions provide a beneficial regularization, combatting over-
fitting. The accuracy of these model on the Kinetics validation set
are reported in Table 2.

Model block config name

ResNet3D-18 simple [2, 2, 2, 2] simple-8
ResNet3D-26 bottleneck [2, 2, 2, 2] bottleneck-8
ResNet3D-34 simple [3, 4, 6, 3] simple-16
ResNet3D-50 bottleneck [3, 4, 6, 3] bottleneck-16

Table 3. Naming convention. We name architectures by block
name followed by the total number of blocks (see last column).
Only two block names are given in this table. More blocks are
presented in section 3.4.

the results.
Naming convention. Since the ablation in this section
will be considering several different convolutional blocks,
to simplify the presentation, we name each architecture by
block type (as presented in section 3.4) and total number of
blocks, as shown in the last column of Table 3.

Figure 6 presents the results of our convolutional block
ablation study. It plots the video top-1 accuracy of Kinet-
ics validation set against the model computational cost (#
FLOPs). We note that, in this experiment, we use our base
architecture with two different number of blocks (8 and 16)
and just vary the type of convolutional block and number of
groups to study the tradeoffs. Figure 6(a) presents our ab-
lation experiment with simple-X-8 and bottleneck-X-8 ar-
chitectures (where X can be none, G, or D, or even DG
in the case of bottleneck block). Similarly, Figure 6(b)
presents our ablation experiment with simple-X-16 and
bottleneck-X-16 architectures. We can observe the com-
putation/accuracy effects of the group convolution transfor-
mation on our base architectures. Reading each curve from
right to left (i.e. in decreasing accuracy), we see simple-
X transforming from simple block to simple-G (with in-

• Lower test error and higher training error: channel separation acts as a regularizer



 39Comparison with the State-of-the-Art
• Results on  

Kinetics-400:
Method pretrain video@1 GFLOPs⇥crops

ResNeXt none 65.1 NA
ARTNet(d) none 69.2 24⇥250

I3D ImageNet 71.1 108⇥dense
TSM ImageNet 72.5 65⇥NA
MFNet ImageNet 72.8 11⇥NA

Inception-ResNet ImageNet 73.0 NA
R(2+1)D Sports1M 74.3 152⇥dense
A2-Net ImageNet 74.6 41⇥NA
S3D-G ImageNet 74.7 71⇥dense
D3D ImageNet 75.9 NA
GloRe ImageNet 76.1 55⇥NA

I3D+NLN ImageNet 77.7 359⇥30
SlowFast none 78.9 213⇥30

SlowFast+NLN none 79.8 234⇥30
CSN-152 Sports1M 79.0 96.7⇥30

ip-CSN-152 Sports1M 79.2 108.8⇥30
<latexit sha1_base64="/UyS6P1/kwHXOhBS7VgautTBDJA="></latexit><latexit sha1_base64="/UyS6P1/kwHXOhBS7VgautTBDJA="></latexit><latexit sha1_base64="/UyS6P1/kwHXOhBS7VgautTBDJA="></latexit><latexit sha1_base64="/UyS6P1/kwHXOhBS7VgautTBDJA="></latexit>



 40Comparison with the State-of-the-Art
• Results on  

Kinetics-400:

better than 
I3D + Non-Local Net

Method pretrain video@1 GFLOPs⇥crops

ResNeXt none 65.1 NA
ARTNet(d) none 69.2 24⇥250

I3D ImageNet 71.1 108⇥dense
TSM ImageNet 72.5 65⇥NA
MFNet ImageNet 72.8 11⇥NA

Inception-ResNet ImageNet 73.0 NA
R(2+1)D Sports1M 74.3 152⇥dense
A2-Net ImageNet 74.6 41⇥NA
S3D-G ImageNet 74.7 71⇥dense
D3D ImageNet 75.9 NA
GloRe ImageNet 76.1 55⇥NA

I3D+NLN ImageNet 77.7 359⇥30
SlowFast none 78.9 213⇥30

SlowFast+NLN none 79.8 234⇥30
CSN-152 Sports1M 79.0 96.7⇥30

ip-CSN-152 Sports1M 79.2 108.8⇥30
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 41Comparison with the State-of-the-Art
• Results on  

Kinetics-400:

a bit better than 
SlowFast 

 
a bit worse than 

SlowFast + Non-Local Net

Method pretrain video@1 GFLOPs⇥crops

ResNeXt none 65.1 NA
ARTNet(d) none 69.2 24⇥250

I3D ImageNet 71.1 108⇥dense
TSM ImageNet 72.5 65⇥NA
MFNet ImageNet 72.8 11⇥NA

Inception-ResNet ImageNet 73.0 NA
R(2+1)D Sports1M 74.3 152⇥dense
A2-Net ImageNet 74.6 41⇥NA
S3D-G ImageNet 74.7 71⇥dense
D3D ImageNet 75.9 NA
GloRe ImageNet 76.1 55⇥NA

I3D+NLN ImageNet 77.7 359⇥30
SlowFast none 78.9 213⇥30

SlowFast+NLN none 79.8 234⇥30
CSN-152 Sports1M 79.0 96.7⇥30

ip-CSN-152 Sports1M 79.2 108.8⇥30
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 42Comparison with the State-of-the-Art
• Results on  

Kinetics-400:

3x faster than I3D+NLN 

2x faster than SlowFast

Method pretrain video@1 GFLOPs⇥crops

ResNeXt none 65.1 NA
ARTNet(d) none 69.2 24⇥250

I3D ImageNet 71.1 108⇥dense
TSM ImageNet 72.5 65⇥NA
MFNet ImageNet 72.8 11⇥NA

Inception-ResNet ImageNet 73.0 NA
R(2+1)D Sports1M 74.3 152⇥dense
A2-Net ImageNet 74.6 41⇥NA
S3D-G ImageNet 74.7 71⇥dense
D3D ImageNet 75.9 NA
GloRe ImageNet 76.1 55⇥NA

I3D+NLN ImageNet 77.7 359⇥30
SlowFast none 78.9 213⇥30

SlowFast+NLN none 79.8 234⇥30
CSN-152 Sports1M 79.0 96.7⇥30

ip-CSN-152 Sports1M 79.2 108.8⇥30
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 43Comparison with the State-of-the-Art
• State-of-the-art numbers on both Sports1M and Something-Something:

Method input video@1 video@5 GFLOPs⇥crops

C3D RGB 61.1 85.2 N/A
P3D RGB 66.4 87.4 N/A

Conv Pool RGB+OF 71.7 90.4 N/A
R(2+1)D RGB 73.0 91.5 152⇥dense
R(2+1)D RGB+OF 73.3 91.9 305⇥dense
ip-CSN-101 RGB 74.9 92.6 63.6⇥10
ip-CSN-152 RGB 75.5 92.8 83.3⇥10
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Sports1M Something-Something
Method pretrain video@1
M-TRN ImageNet 34.4

I3D + NL ImageNet 44.4

I3D + NL + GCN ImageNet 46.1

Motion Feature Net none 43.9

TSM Kinetics 44.8

TSM (ensemble) Kinetics 46.8

ECO-Net ImageNet 46.4

S3D-G ImageNet 48.2

CSN-101 none 48.4

CSN-152 none 49.3
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conv1 CSN in 1st group

CSN in 2nd group



Conclusions on spatiotemporal convolutions
✓Do we even need 3D convolution?  

Yes, for the same #parameters 3D CNNs provide better accuracy than 2D CNNs 

✓ If so, what layers should we make 3D, and what layers can be 2D?  
Top-heavy mixed convolutional nets perform better than pure 3D CNNs  

✓ Is it beneficial to factorize spatiotemporal filters into disjoint  
space and time components? 
Factorized space-time kernels lead to easier optimization and better generalization  

✓ Is it useful to factorize spatiotemporal filters across channels? 
Group and channel-separated 3D convolutions have fewer parameters, reduce #FLOPs 
and yield better action recognition accuracy


