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From clip-level to video-level prediction
• Many different scheme have been proposed:
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Long-term Recurrent Convolutional Networks for
Visual Recognition and Description

Jeff Donahue, Lisa Anne Hendricks, Marcus Rohrbach, Subhashini Venugopalan, Sergio Guadarrama,
Kate Saenko, Trevor Darrell

Abstract—
Models based on deep convolutional networks have dominated recent image interpretation tasks; we investigate whether models which
are also recurrent are effective for tasks involving sequences, visual and otherwise. We describe a class of recurrent convolutional
architectures which is end-to-end trainable and suitable for large-scale visual understanding tasks, and demonstrate the value of these
models for activity recognition, image captioning, and video description. In contrast to previous models which assume a fixed visual
representation or perform simple temporal averaging for sequential processing, recurrent convolutional models are “doubly deep” in
that they learn compositional representations in space and time. Learning long-term dependencies is possible when nonlinearities are
incorporated into the network state updates. Differentiable recurrent models are appealing in that they can directly map variable-length
inputs (e.g., videos) to variable-length outputs (e.g., natural language text) and can model complex temporal dynamics; yet they can be
optimized with backpropagation. Our recurrent sequence models are directly connected to modern visual convolutional network
models and can be jointly trained to learn temporal dynamics and convolutional perceptual representations. Our results show that such
models have distinct advantages over state-of-the-art models for recognition or generation which are separately defined or optimized.

F

1 INTRODUCTION

Recognition and description of images and videos is
a fundamental challenge of computer vision. Dramatic
progress has been achieved by supervised convolutional
neural network (CNN) models on image recognition tasks,
and a number of extensions to process video have been
recently proposed. Ideally, a video model should allow pro-
cessing of variable length input sequences, and also provide
for variable length outputs, including generation of full-
length sentence descriptions that go beyond conventional
one-versus-all prediction tasks. In this paper we propose
Long-term Recurrent Convolutional Networks (LRCNs), a class
of architectures for visual recognition and description which
combines convolutional layers and long-range temporal re-
cursion and is end-to-end trainable (Figure 1). We instanti-
ate our architecture for specific video activity recognition,
image caption generation, and video description tasks as
described below.

Research on CNN models for video processing has
considered learning 3D spatio-temporal filters over raw
sequence data [1], [2], and learning of frame-to-frame rep-
resentations which incorporate instantaneous optic flow or
trajectory-based models aggregated over fixed windows
or video shot segments [3], [4]. Such models explore two
extrema of perceptual time-series representation learning:
either learn a fully general time-varying weighting, or apply
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Fig. 1. We propose Long-term Recurrent Convolutional Networks (LR-
CNs), a class of architectures leveraging the strengths of rapid progress
in CNNs for visual recognition problems, and the growing desire to
apply such models to time-varying inputs and outputs. LRCN processes
the (possibly) variable-length visual input (left) with a CNN (middle-
left), whose outputs are fed into a stack of recurrent sequence models
(LSTMs, middle-right), which finally produce a variable-length prediction
(right). Both the CNN and LSTM weights are shared across time, result-
ing in a representation that scales to arbitrarily long sequences.

simple temporal pooling. Following the same inspiration
that motivates current deep convolutional models, we ad-
vocate for video recognition and description models which
are also deep over temporal dimensions; i.e., have temporal
recurrence of latent variables. Recurrent Neural Network
(RNN) models are “deep in time” – explicitly so when
unrolled – and form implicit compositional representations
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From [Donahue et al., CVPR 2015]

pooling and local contrast normalization. Finally, outputs
are fed to two fully-connected layers each with 4096 recti-
fied linear units (ReLU). Dropout is applied to each fully-
connected layer with a ratio of 0.6 (keeping and scaling 40%
of the original outputs).

GoogLeNet [21], uses a network-in-network approach,
stacking Inception modules to form a network 22 layers
deep that is substantially different from previous CNNs
[15, 28]. Like AlexNet, GoogLeNet takes a single image
of size 220 ⇥ 220 as input. This image is then passed
through multiple Inception modules, each of which applies,
in parallel, 1⇥1, 3⇥3, 5⇥5 convolution, and max-pooling
operations and concatenates the resulting filters. Finally,
the activations are average-pooled and output as a 1000-
dimensional vector.

In the following sections, we investigate two classes of
CNN architectures capable of aggregating video-level in-
formation. In the first section, we investigate various fea-
ture pooling architectures that are agnostic to temporal or-
der and in the following section we investigate LSTM net-
works which are capable of learning from temporally or-
dered sequences. In order to make learning computation-
ally feasible, in all methods CNN share parameters across
frames.

3.1. Feature Pooling Architectures
Temporal feature pooling has been extensively used for

video classification [17, 24, 12], and has been usually ap-
plied to bag-of-words representations. Typically, image-
based or motion features are computed at every frame,
quantized, then pooled across time. The resulting vector
can be used for making video-level predictions. We follow
a similar line of reasoning, except that due to the fact that
we work with neural networks, the pooling operation can
be incorporated directly as a layer. This allows us to exper-
iment with the location of the temporal pooling layer with
respect to the network architecture.

We analyze several variations depending on the specific
pooling method and the particular layer whose features are
aggregated. The pooling operation need not be limited to
max-pooling. We considered using both average pooling,
and max-pooling which have several desirable properties
as shown in [4]. In addition, we attempted to employ a
fully connected layer as a “pooling layer”. However, we
found that both average pooling and a fully connected layer
for pooling failed to learn effectively due to the large num-
ber of gradients that they generate. Max-pooling generates
much sparser updates, and as a result tends to yield net-
works that learn faster, since the gradient update is gener-
ated by a sparse set of features from each frame. Therefore,
in the rest of the paper we use max-pooling as the main fea-
ture aggregation technique.

Unlike traditional bag of words approaches, gradients
coming from the top layers help learn useful features from

image pixels, while allowing the network to choose which
of the input frames are affected by these updates. When
used with max-pooling, this is reminiscent of multiple in-
stance learning, where the learner knows that at least one of
the inputs is relevant to the target class.

We experimented with several variations of the basic
max-pooling architecture as shown in Figure 2:

(a) Conv Pooling (b) Late Pooling

(c) Slow Pooling (d) Local Pooling

(e) Time-Domain Convolution

Figure 2: Different Feature-Pooling Architectures: The
stacked convolutional layers are denoted by “C”. Blue,
green, yellow and orange rectangles represent max-pooling,
time-domain convolutional, fully-connected and softmax
layers respectively.

Conv Pooling: The Conv Pooling model performs max-
pooling over the final convolutional layer across the video’s
frames. A key advantage of this network is that the spa-
tial information in the output of the convolutional layer is
preserved through a max operation over the time domain.

Late Pooling: The Late Pooling model first passes con-
volutional features through two fully connected layers be-
fore applying the max-pooling layer. The weights of all
convolutional layers and fully connected layers are shared.
Compared to Conv Pooling, Late Pooling directly combines
high-level information across frames.

Slow Pooling: Slow Pooling hierarchically combines
frame level information from smaller temporal windows.
Slow Pooling uses a two-stage pooling strategy: max-
pooling is first applied over 10-frames of convolutional fea-

From [Ng et al., CVPR 2015] From [Wang et al., CVPR 2016]
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Fig. 1. Temporal segment network: One input video is divided into K segments and
a short snippet is randomly selected from each segment. The class scores of di↵erent
snippets are fused by an the segmental consensus function to yield segmental consensus,
which is a video-level prediction. Predictions from all modalities are then fused to
produce the final prediction. ConvNets on all snippets share parameters.

Here (T1, T2, · · · , TK) is a sequence of snippets. Each snippet Tk is randomly
sampled from its corresponding segment Sk. F(Tk;W) is the function repre-
senting a ConvNet with parameters W which operates on the short snippet Tk

and produces class scores for all the classes. The segmental consensus function
G combines the outputs from multiple short snippets to obtain a consensus of
class hypothesis among them. Based on this consensus, the prediction functionH

predicts the probability of each action class for the whole video. Here we choose
the widely used Softmax function for H. Combining with standard categori-
cal cross-entropy loss, the final loss function regarding the segmental consensus
G = G(F(T1;W),F(T2;W), · · · ,F(TK ;W)) is formed as

L(y,G) = �

CX

i=1

yi

0

@Gi � log
CX

j=1

expGj

1

A , (2)

where C is the number of action classes and yi the groundtruth label concerning
class i. In experiments, the number of snippetsK is set to 3 according to previous
works on temporal modeling [16,17]. The form of consensus function G remains
an open question. In this work we use the simplest form of G, where Gi =
g(Fi(T1), . . . ,Fi(TK)). Here a class score Gi is inferred from the scores of the
same class on all the snippets, using an aggregation function g. We empirically
evaluated several di↵erent forms of the aggregation function g, including evenly
averaging, maximum, and weighted averaging in our experiments. Among them,
evenly averaging is used to report our final recognition accuracies.

This temporal segment network is di↵erentiable or at least has subgradients,
depending on the choice of g. This allows us to utilize the multiple snippets
to jointly optimize the model parameters W with standard back-propagation
algorithms. In the back-propagation process, the gradients of model parameters

• Yet, most state-of-the-art action recognition models today simply average clip-level 
predictions (e.g., I3D,  R(2+1)D, Non-Local nets) 
Benefits: 
🙂 simple 
🙂 effective in most scenarios Clip 
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.. but averaging clip scores does not scale
• Real-world videos are several minutes long but often contain few salient segments

Average video length: 3 minutes and 48 seconds

[Karpathy et al., CVPR14]

Average video length: 5 minutes and 36 seconds 
Maximum video length: 1 hour and 34 minutes

• Problems: 
🙁 computationally prohibitive for videos in the wild 
🙁 irrelevant clips outnumber salient segments
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Approach

• Design a clip sampler to efficiently select  
the most salient clip of a video 

• Run costly action classifier on this small  
subset of clips

Clip 
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Video level prediction

Benefits: 

• Improve both efficiency and accuracy of  
video-level classification by removing  
irrelevant clips from consideration 

https://arxiv.org/abs/1904.04289[Korbar, Tran and Torresani, arXiv 2019]

https://arxiv.org/abs/1904.04289


 6Salient Clip Sampler (SCSampler) Design
SCSampler requirements: 
• Must have high precision  
• Must be orders of magnitude faster than the action classifier 

These requirements can be met by leveraging semantically-rich features that can be 
extracted without costly video decoding



 7Audio SCSampler
• Audio channel is separately encoded from the video 

• Audio had been shown to be semantically correlated to the content in the video 
[Aytar et al., NIPS16; Arandjelovic and Zisserman, ICCV17; Owens and Efros, 
ECCV18;  Gao et al., ECCV18] 

Cooperative Learning of Audio and Video

Models from Self-Supervised Synchronization

Bruno Korbar 1 Du Tran 2 Lorenzo Torresani 1

1Dartmouth College 2Facebook Research

Can we learn general audio and video models from

self-supervised synchronization?

We formally call this task Audio-Visual Temporal Synchronization
(AVTS)

Prior work

Arandjelovic and Zisserman [1] introduced the task of audio-visual correspondence

Strengths:

• Achieves strong performance of audio features in audio scene classification

Weaknesses:

• Uses still images as input

• Learns semantic correspondence only

Our approach

• Our model uses video as visual input

• It is trained to recognize temporal synchronization rather than
semantic correspondence

Technical details

Architecture choice

• Separate audio and video subnetworks allow feature extraction and finetuning on

single modality

Loss Function

We train our system by minimizing the contrastive loss [4]:

E =
1

N

NX

n=1

(y(n)
)||fv(v

(n)
) ≠ fa(a

(n)
)||2 + (1 ≠ y(n)

) max(÷ ≠ ||fv(v
(n)

) ≠ fa(a
(n)

)||2, 0)
2

y(n)
=

8
<

:
1 : if the examples are in sync

0 : otherwise

Negative selection

• "easy" negatives (audio and video come from di�erent samples)

• "hard" negatives (same sample, audio and video are non-overlapping)

• "super-hard" (same sample, audio and video are overlapping but still out of sync)

Curriculum learning

We found that progressively increasing the di�culty of the problem yields accuracy

gains on downstream tasks

Method Negative type Epochs Accuracy (%)

Single learning stage
easy 1 - 90 69.0

75% easy, 25% hard 1 - 90 58.9

hard 1 - 90 52.3

easy 1 - 50 67.2

Curriculum learning
(i.e., second learning stage applied after a first 75% easy, 25% hard 51 - 90 78.4
stage of 1-50 epochs with easy negatives only) hard 51 - 90 65.7

Experiments and results

AVTS as a pretraining scheme for action recognition

Video Network
Architecture

Pretraining
Dataset

Pretraining
Supervision UCF101 HMDB51

MC3 none n/a 69.1 43.9
MC3 Kinetics self-supervised 85.8 56.9
MC3 Audioset self-supervised 89.0 61.6
MC3 Kinetics fully supervised 90.5 66.8
RGB-I3D [3] Kinetics fully-supervised 95.1 74.3

AVTS features for audio scene classification

Method Auxiliary
dataset

Auxiliary
supervision

# auxiliary
examples

ESC-50
accuracy (%)

DCASE2014
accuracy (%)

Our audio subnet none none none 61.6 72
SoundNet [2] SoundNet self 2M+ 74.2 88
L3-Net [1] SoundNet self 2M+ 79.3 93
Our AVTS features Kinetics self 230K 76.7 91
Our AVTS features AudioSet self 1.8M 80.6 93
Our AVTS features SoundNet self 2M+ 82.3 94

State-of-the-art (RBM)[6] none none none 86.5 -

Multi-modal action recognition pretrained with AVTS

Comparison with concurrent work of Owens and Efros [5]

Model Accuracy (%)
Owens et al. (vision only) [5] 77.6
Ours (vision only) 85.8
Owens et al. (multisensory) [5] 82.1
Ours (multisensory) 87.0

• our late fusion enables the use of

individual subnetworks on single

modality; [5] uses early fusion, suitable

for mutlimodal analysis only

• our method achieves significant gains

by means of curriculum learning

Features of our approach

• Separate visual and audio streams enable the use of our subnetworks on

single modality (audio-only, video-only)

• Finetuning our AVTS video subnetwork for action recognition gives

significant accuracy gains over learning from scratch.

• For UCF101, our self-supervised pretraining on Audioset yields accuracy

gains nearly on-par with those produced by fully-supervised pretraining on

Kinetics.
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VGG applied to audio MEL-spectrogram [Chung and Zisserman, ACCVW16]

audio clip of 2 seconds�(i)
A
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s(�(i)
A )
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 8SCSampler on Compressed Video
• MPEG-4/H.264 video encodings:

I-Frame (IF)

every 12 frames

Motion Displacement (MD) in 11 subsequent frames

RGB-Residual (RGB-R) in 11 subsequent frames

...
Figure from [Wu et al. CVPR18]

• CNNs trained on IF/RGB-R/MD for action recognition were shown to achieve good 
accuracy [Wu et al., CVPR18]  

• We adopted a lightweight SCSampler CNN (ResNet-18) trained on each individual 
modality (IF/RGB-R/MD)  



 9SCSampler learning objectives

• Action Classification (AC) loss 

1. Train SCSampler as an action classifier                             using cross-entropy loss 

2. At test time, compute SCSampler saliency score as 

sAC(�
(i)) 2 [0, 1]C

<latexit sha1_base64="IfIJSNokGi6EJL4anKkon/ewlVs="></latexit><latexit sha1_base64="IfIJSNokGi6EJL4anKkon/ewlVs="></latexit><latexit sha1_base64="IfIJSNokGi6EJL4anKkon/ewlVs="></latexit><latexit sha1_base64="IfIJSNokGi6EJL4anKkon/ewlVs="></latexit>

s(�(i)) = max
c2{1,...,C}

sAC
c (�(i))

<latexit sha1_base64="dGZGJc9cp3jcsswxd8itvd6myUU="></latexit><latexit sha1_base64="dGZGJc9cp3jcsswxd8itvd6myUU="></latexit><latexit sha1_base64="dGZGJc9cp3jcsswxd8itvd6myUU="></latexit><latexit sha1_base64="dGZGJc9cp3jcsswxd8itvd6myUU="></latexit>

max over action classes

• Ranking (RANK) loss 

✓ Train SCSampler to rank higher clips that are better classified by action classifier f(v(i))
<latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit>

z(i,j) =

(
1 if fc⇤(v(i)) > fc⇤(v(j))

�1 otherwise
<latexit sha1_base64="18CTo78XDa2FecBNMHMDAzau7yg="></latexit><latexit sha1_base64="18CTo78XDa2FecBNMHMDAzau7yg="></latexit><latexit sha1_base64="18CTo78XDa2FecBNMHMDAzau7yg="></latexit><latexit sha1_base64="18CTo78XDa2FecBNMHMDAzau7yg="></latexit>

desired ranking wrt ground-truth action class c*

`(�(i),�(j), z(i,j)) = max
⇣
0,�z(i,j)[s(�(i))� s(�(j)) + ⌘]

⌘

<latexit sha1_base64="9zZKmMe+4GTghFOEsYbedj19xok="></latexit><latexit sha1_base64="9zZKmMe+4GTghFOEsYbedj19xok="></latexit><latexit sha1_base64="9zZKmMe+4GTghFOEsYbedj19xok="></latexit><latexit sha1_base64="9zZKmMe+4GTghFOEsYbedj19xok="></latexit>

ranking loss

# action classes

Two variants:



 10Experimental evaluation
• Assessing design choices on miniSports (136K/133K training/testing subset of Sports1M)
• Clip-level action classifier             is MC3-18, a 3D CNN from [Tran et al, CVPR18]f(v(i))

<latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit>

Video-level recognition accuracy on miniSports with MC-13 by averaging predictions 
over K=10 clips per video (except for Dense, which uses all clips)

Clip sampling
method

accuracy (%) runtime (min)

Random 59.51 15.1
Uniform 59.87 15.1
Dense 61.6 2293.5 (38.5 hrs)

Audio SCSampler 67.82 22.0
Visual SCSampler 73.05 20.9

Audio-Visual SCS - Joint Training 75.53 23.4
<latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit><latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit><latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit><latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit>



 11Experimental evaluation
• Assessing design choices on miniSports (136K/133K training/testing subset of Sports1M)
• Clip-level action classifier             is MC3-18, a 3D CNN from [Tran et al, CVPR18]f(v(i))
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Video-level recognition accuracy on miniSports with MC-13 by averaging predictions 
over K=10 clips per video (except for Dense, which uses all clips)

Clip sampling
method

accuracy (%) runtime (min)

Random 59.51 15.1
Uniform 59.87 15.1
Dense 61.6 2293.5 (38.5 hrs)

Audio SCSampler 67.82 22.0
Visual SCSampler 73.05 20.9

Audio-Visual SCS - Joint Training 75.53 23.4
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Audio SCSampler 
yields gain of 

8% over Uniform



 12Experimental evaluation
• Assessing design choices on miniSports (136K/133K training/testing subset of Sports1M)
• Clip-level action classifier             is MC3-18, a 3D CNN from [Tran et al, CVPR18]f(v(i))
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Clip sampling
method

accuracy (%) runtime (min)

Random 59.51 15.1
Uniform 59.87 15.1
Dense 61.6 2293.5 (38.5 hrs)

Audio SCSampler 67.82 22.0
Visual SCSampler 73.05 20.9

Audio-Visual SCS - Joint Training 75.53 23.4
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Audio SCSampler 
yields gain of more than 

6% over dense prediction

Video-level recognition accuracy on miniSports with MC-13 by averaging predictions 
over K=10 clips per video (except for Dense, which uses all clips)



 13Experimental evaluation
• Assessing design choices on miniSports (136K/133K training/testing subset of Sports1M)
• Clip-level action classifier             is MC3-18, a 3D CNN from [Tran et al, CVPR18]f(v(i))
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Clip sampling
method

accuracy (%) runtime (min)

Random 59.51 15.1
Uniform 59.87 15.1
Dense 61.6 2293.5 (38.5 hrs)

Audio SCSampler 67.82 22.0
Visual SCSampler 73.05 20.9

Audio-Visual SCS - Joint Training 75.53 23.4
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Visual SCSampler gives  
accuracy boost of 11.4%  

over dense prediction

Video-level recognition accuracy on miniSports with MC-13 by averaging predictions 
over K=10 clips per video (except for Dense, which uses all clips)



 14Experimental evaluation
• Assessing design choices on miniSports (136K/133K training/testing subset of Sports1M)
• Clip-level action classifier             is MC3-18, a 3D CNN from [Tran et al, CVPR18]f(v(i))

<latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit><latexit sha1_base64="f8V2/6F5bK17AAqaJwDbEZ/UwOI="></latexit>

Clip sampling
method

accuracy (%) runtime (min)

Random 59.51 15.1
Uniform 59.87 15.1
Dense 61.6 2293.5 (38.5 hrs)

Audio SCSampler 67.82 22.0
Visual SCSampler 73.05 20.9

Audio-Visual SCS - Joint Training 75.53 23.4
<latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit><latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit><latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit><latexit sha1_base64="doeoIcYMqvLXVWrYhQX67qMiPvY="></latexit>

combining audio and visual 
information elevates the gain  
over dense prediction to 15%!

Video-level recognition accuracy on miniSports with MC-13 by averaging predictions 
over K=10 clips per video (except for Dense, which uses all clips)
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combining audio and visual 
information elevates the gain  
over dense prediction to 15%!

98x faster than 
dense evaluation

Video-level recognition accuracy on miniSports with MC-13 by averaging predictions 
over K=10 clips per video (except for Dense, which uses all clips)



 16Large-scale experiment
• Evaluation on full Sports1M using state-of-the-art action classification models  

(currently, CSN-152 [2] has the best reported classification accuracy on Sports1M)

Video-level recognition accuracy on Sports1M by averaging predictions over K=10 clips per video (except for Dense, which uses all clips)

SCSampler S (K clips) Uniform (K clips) Dense (all clips) Oracle O (K clips)

acc. (%) runtime (day) acc. (%) runtime (day) acc. (%) runtime (days) acc. (%)

R(2+1)D-34 [1] 77.96 0.9 71.49 0.6 70.90 14.2 88.37

CSN-152 [2] 83.98 0.9 75.80 0.5 76.97 14.0 92.65
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[1] D. Tran, H. Wang, L. Torresani, J. Ray, Y. LeCun, and M. Paluri. A closer look at spatiotemporal convolutions for action recognition. In CVPR 2018. 
[2] D. Tran, H. Wang, L. Torresani, and M. Feiszli. Classification with channel-separated convolutional networks. arXiv preprint, 2019 
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SCSampler elevates the best reported accuracy on Sports1M by 7%
while reducing by 15x the computational cost!

Video-level recognition accuracy on Sports1M by averaging predictions over K=10 clips per video (except for Dense, which uses all clips)
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 18Experiment on Kinetics
• Evaluation on Kinetics-400 using state-of-the-art action classification models

Video-level recognition accuracy on Sports1M by averaging predictions over K=10 clips per video (except for Dense, which uses all clips)

[1] D. Tran, H. Wang, L. Torresani, J. Ray, Y. LeCun, and M. Paluri. A closer look at spatiotemporal convolutions for action recognition. In CVPR 2018. 
[2] D. Tran, H. Wang, L. Torresani, and M. Feiszli. Classification with channel-separated convolutional networks. arXiv preprint, 2019. 
[3] J. Carreira and A. Zisserman. Quo vadis, action recognition? A new model and the kinetics dataset. In  CVPR 2017. 

even though Kinetics videos are short (~10 seconds)  
SCSampler provides a boost in accuracy 

for all models, albeit small (1.4-2.4%)

SCSampler S (K clips) Uniform (K clips) Dense (all clips) Oracle O (K clips)

acc. (%) runtime (hr) acc. (%) runtime (hr) acc. (%) runtime (hours) accuracy (%)

R(2+1D)-34 [1] 76.71 1.6 73.26 1.5 74.11 3.1 82.89

I3D-RGB [3] 75.12 1.5 71.18 1.3 72.75 2.9 81.2

CSN-152 [2] 80.23 1.6 77.53 1.5 78.81 3.0 89.03
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 19Top-ranked and bottom-ranked clips

Cycling  
video

Top-3 clips sampled by SCSampler Bottom-ranked clips by SCSampler

Beach 
volley-  

ball  
video

Dog 
agility  
video


