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Exploiting Attention-Consistency Loss For Spatial-Temporal Stream Action
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Currently, many action recognition methods mostly consider the information from spatial streams. We propose a new perspective
inspired by the human visual system to combine both spatial and temporal streams to measure their attention consistency. Specifically, a
branch-independent convolutional neural network (CNN) based algorithm is developed with a novel attention-consistency loss metric,
enabling the temporal stream to concentrate on consistent discriminative regions with the spatial stream in the same period. The
consistency loss is further combined with the cross-entropy loss to enhance the visual attention consistency. We evaluate the proposed
method for action recognition on two benchmark datasets: Kinetics400 and UCF101. Despite its apparent simplicity, our proposed
framework with the attention consistency achieves better performance than most of the two-stream networks, i.e. 75.7% top-1 accuracy
on Kinetics400 and 95.7% on UCF101, while reducing 7.1% computational cost compared with our baseline. Particularly, our proposed
method can attain remarkable improvements on complex action classes, showing that our proposed network can act as a potential

benchmark to handle complicated scenarios in industry 4.0 applications.
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1 INTRODUCTION

Action recognition has been a hot topic in deep learning [19] for years. One of the main focuses of this task is how to
build a computation-efficient model in real-world scenarios. In contemporary industrial production, million hours of
all kinds of videos are being created in the security-monitoring system, quality inspection, and automated production
workshop. In industrial 4.0 applications, videos are produced under complex settings and need be processed locally on
edge devices due to privacy concerns, thus these demands require accurate and efficient video understanding solutions.
Currently, mainstream approaches towards action recognition can be categorized as: 3D convolutional kernel based

CNN network [10, 34] and two-stream based network [11, 25, 30, 41, 48]. The former handles motion information
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2 Xu, et al.

by expanding traditional 2D kernels into 3D kernels with an extra temporal dimension. Researchers believe that those
sequential 2D filters can naturally encode human movements with the assistance of stacked 2D kernels [21]. On the other
hand, two-stream structures separately process spatial information and temporal information based on different types of
inputs such as normally RGB and precomputed optical flow [2] using 2D CNN backbones. Also, many work [4, 35] in
two-stream approaches has employed 3D kernels in the temporal stream to facilitate motion capturing.

The earlier two-stream architecture largely relies on the spatial stream [30] and does not exploit the full potential
of the temporal stream. To solve this problem, a common practice of the two-stream architectures is to fuse feature
information between temporal stream and spatial stream at different stages of the backbones via various fusion operations.
For example, sum fusion computes the sum of the two feature maps at the exact spatial locations; concatenation fusion
connects the two feature maps at the same spatial location; and convolution fusion refines the features between two
branches. It has been found in the literature that fusion between temporal stream and spatial stream has a positive effect
on the recognition accuracy [12].

Despite its success, we argue in this paper that the present fusion process would hamper the spatial stream to correctly
recognize actions and inevitably increase the computational cost. Such limitation is more prominent especially under
some sophisticated circumstances where there are many irrelevant moving objects facing complex foregrounds and
backgrounds. First, repeating more convolution operations between two branches in the hidden layers of the network
may lead to an optimization dilemma [17]. Second, the temporal stream which encodes the action information based
on optical flow [28] or dense frames extraction [11] is prone to be more sensitive to subtle movements. Varies in nature,
spatial stream to a large extent relies on spatial details of still images. Thus, we believe that the fusion operation might
disturb both streams from focusing on the most discriminative action region accurately.

To this end, we propose a new perspective to combine both spatial and temporal streams by promoting the Action
Attention Consistency. Two stream action recognition structures are in principle kin to observations of the human primate
visual system, where Magnocellular (M-cells) and Parvocellular (P-cells) respond to fast movements and spatial details
[6, 20, 27], respectively. Inspired by the working mechanism of the human optic nerve that both P-cells and M-cells
receive the same optic nerve stimulation [36], we design a novel method to imitate this visual process. Namely, we design
an attention consistency loss enabling the temporal stream to concentrate on the consistent discriminative regions with the
spatial stream in the same period. The attention consistency loss measures the distance between the attention heatmaps
of spatial stream and temporal stream, and is then combined with the cross-entropy loss to enhance the visual attention
consistency through network training. As shown in Figurel, our network demonstrates superiority in localizing high-value
action regions precisely. Compared with our baseline[11], we can achieve more localized and comprehensive activated
areas under the situation of multiple coexisting fast-moving objects.

Class Activation Mapping (CAM) [50] is very popular to compute the attention heatmaps for each given frame.
However, it can only highlight the most distinctive areas of an object. In a gesture to better understand a complete
action, more expansive attention areas are needed to cover the whole course of movements. Therefore, we design a
post-processing module to generate the spatial CAM to better describe the attention of spatial streams.

We evaluate the proposed method for action recognition tasks on two benchmark datasets: Kinetics400 [23] and
UCF101 [31]. Despite its apparent simplicity, our proposed attention consistency method on par with our baseline
attains very encouraging results, i.e. 75.7% top-1 accuracy on Kinetics400 and 95.7% on UCF101, while reducing
7.1% computational cost. More importantly, our network exhibits substantial improvements on recognizing actions in
sophisticated scenarios, large elevation in top-1 accuracy on complex classes. This is especially critical for many cases

in industrial 4.0 applications because modern manufacturing involves frequent motion variation in background settings.
Manuscript submitted to ACM
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Fig. 1. An illustration of activated regions of class "playing basketball" in Kinetics400. The upper row (a): the heatmap of
our baseline slowfast with T-conv fusion. (b): the heatmap of our method without fusion operations in the middle layers. For
fair comparison, the backbone for both methods is slowfast R50 4x16. The time dimension increases from left to right.

We also conduct further studies to verify the improvement gained by incorporating our proposed attention consistency
over the state-of-the-art two-stream methods experimentally. The main contributions of this paper can be summarized as
follows:

1. We have designed a branch-independent two stream network with proposed action attention consistency method; we
also verify by experiments that information change during middle stages is not indispensable for two stream structure.
2. Our network achieves compelling accuracy on public datasets Kinetics400 and UCF101. Especially, we largely elevate

the action recognition ability on complex scenarios which is a critical ability in industrial 4.0 applications.

2 RELATED WORK
2.1 Action Recognition in Videos

Action recognition in deep learning has been formulated as a task of modeling joint spatial-temporal information.
Recent approaches can be broadly categorized as two-stream structures, 3D CNNs and transformer-based networks. 3D
CNNs|5, 7, 32, 42] expanding 2D kernels with an extra temporal dimension spontaneously endow the network with the
ability to model hierarchical motion patterns. The presence of large action datasets [15, 16, 22] helps such parameter-heavy
models acquire ideal performance. Several work [26, 35, 49] attempts to decouple the spatial and temporal convolution
into 3D CNNs to achieve better temporal modeling on tracking feature points, body joints, and human movements.
Transformer-based networks [1, 3, 9, 14, 29] in computer vision tasks have aroused much interest among researchers. In
action recognition, the working scheme of the self-attention stems mainly from decomposing the video into a sequence of
frame-level patches and then feeds linear embeddings of these patches as the input to a transformer.

For two-stream action recognition models, there are many exquisitely designed structures trying to utilize temporal
information in different approaches. For early designs, the temporal stream is formed with the optical flow [30], the

dense trajectory [38, 39] and the RGB difference [33, 41]. TSN [41] models long-range temporal structures with a sparse
Manuscript submitted to ACM
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segment sampling in the whole video during training, which applies stacked optical flow fields to model short-term motion
patterns. More recently, Feichtenhofer et al. [11] construct the two-stream structure based on a different frame sampling
strategy, where sparse frame sampling and dense frame sampling are used for slow and fast pathway respectively. Most
of these work focus on dealing with the motion and static information jointly by fusing two branches and ignores the
unique characters of two separate branches largely. In this work, we provide a new insight specific to the nature of the
action recognition problem itself and show how it requires an increasing sensitivity to attention regions. Different from
the methods above, our work is explicitly designed for the action classification with complex backgrounds. In particular,
the proposed approach is inspired by recent advances in the attention mechanism of the image recognition. We believe

that this work could shed light on the understanding of generic action classification.

2.2 Attention Mechanism for Classification

It is widely accepted that attention plays a significant role in human natural perception. There are many attempts [24, 47]
incorporating attention to enhance the performance of CNNs. Wang et al. [37] propose the residual attention network,
which uses an encoder-decoder attention module to refine features that is robust to noise. Hu et al. [18] introduce the
compact model to characterize inter-channel relationship, where a squeeze-and-excitation module with the global average
is used to exploit channel-wise attention. Woo et al. [44] propose the CBAM module which utilizes both average pooling
and max pooling on features maps to achieve optimal performance. For video understanding, one straightforward task
related to the attention regions is the action segmentation [13, 43]. However, the pixel-level annotation makes these
methods less feasible. Benefiting from the above work, we manage to inspect the attention mechanism from a different
view. Though heatmaps of the temporal stream are activated with most changing action regions and the spatial stream
is sensitive to semantic spatial details, both streams should focus on the same distinctive timestamp and discriminative
regions when an action happens in a video clip. Therefore, we propose the concept Action Attention Consistency. With

the proposed consistency loss, we try to guide the network to localize the true action in an indirect but workable way.

2.3 Fusion between Two Streams

Feature fusion between the temporal and spatial stream has long been a standard operation for two stream action
recognition models. In fact, such a fusion operation can be applied at any stage of the backbone. Researchers have
explored numerous fusion techniques [12, 41] to ensure that the response at the same pixel position from the channels of
two streams are handled correspondingly. Classic fusion methods includes the sum fusion that makes an element-wise
summation of the two feature maps at the same spatial locations i, j and feature channel d. Max fusion simply takes
the maximum value of two feature maps. Considering that the channel is arbitrarily numbered, this operation defines
a primitive correspondence between two streams. The concatenation fusion stacks the feature maps of two streams at
the same spatial locations i, j across the feature channels d in order to avoid matching the channels randomly. It does
not define a correspondence between two steams but leaves it to the subsequent convolutional layer for learning suitable
kernel weights. Another approach is the convolution fusion, which stacks feature maps at the same spatial locations i, j
across the feature channels d and then convolves the stacked features with a bank of filters f and biases b. Such a fusion
utilizes a set of trainable filters to combine feature maps. Feichtenhofer et al. [11] achieve the state-of-the-art accuracy for
action recognition, which constructs a two-stream structure network by adopting two different frequencies in the frame
sampling and fusing the information between two pathways at the end of every “stage". In spite of the effectiveness, we
argue that the convolution fusion inevitably leads to excessive parameters and computational cost. We tackle this problem

by proposing a new consistency loss and achieve convincing accuracy with the smaller model size.
Manuscript submitted to ACM
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3 PROPOSED METHOD

In this section, we describe the intuition and details of the design for the proposed network and elaborate on the proposed
branch-independent algorithm. We focus on the discriminative action regions of spatial and temporal streams under which

the visual attention should be consistent. We design the network based on this observation.

CAM

o

[N i

Spatial stream

Action attention

consistency loss,

Classification loss

Temporal stream

: CNN i
1 1
1 1
1 1
1 1
W ! GAP
T — y—
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s :
F Bc [ ! CAM
1 1
1 1

Fig. 2. Overall architecture of our proposed method. We illustrate the design with a 3D ResNet in which the spatial
stream takes 4 frames as inputs with two scales. The temporal stream takes 16 frames as inputs with the same input size.
SCAM are adopted at the spatial stream only.

3.1 Baseline Network

Our baseline method follows the recent approach [11] in action recognition and it consists of two pathways separately
dealing with high frequency frames and low frequency frames followed by a standard global average pooling and a
linear classifier. The slow pathway exploits a large temporal stride on input time dimension and processes semantic
information with a standard ResNet. In parallel to the slow pathway, the fast pathway is a same convolutional model with
significantly lower channel capacity, i.e., light-weight and computationally efficient. Features between two pathways are
exchanged during the middle stages in order to enhance the classification ability of the classifier. This pooling method
is highly effective in capturing large contextual cues across the video sequence, as it aggregates information from the
entire spatial-temporal volume of the video via the average pooling. It is designed to capture the gist of the full video
sequence. As such, it is quite effective at separating actions that take place in different scenes, like skating vs. playing
baseball. However, this pooling methodology limits the networks’ ability to focus on a particular local, spatial-temporal

region as the global average forces the classifier to consider all parts of the video at a time.

3.2 Spatial Class Activation Mapping (SCAM)

Class Activation Mapping(CAM) has already become a popular tool for researchers to generate attention heatmaps. The

original CAM only highlights those confident action regions that are usually tiny but with high response scores on the
Manuscript submitted to ACM
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class activation maps. However, for action classification we need comparatively broader image regions to describe a
complete action due to the nature of human movements. Also because of the different sampling strategy, the amount of
the frames fed into the spatial stream are 4 X fewer than the temporal stream, the temporal stream generates more feature
maps and leads to broader activated regions after we sum up all heatmaps. In our attention consistency step, to avoid
large differences when computing distances between two streams and to emphasize finer spatial details, we enhance the
activated regions of spatial stream by adopting post-processing such as multi-scale class activation mapping. We choose S
scales to enhance the post-processing and rescale the feature map of the last convolution layer of two input images to
obtain S feature maps with the identical dimensions.

Given that L is the class, C is the number of channels and 7 (.) denotes the operation to resize the feature maps of
multi-scale input frames to the same shape, the fully connected layer after pooling layer takes the feature map with
weights W € RIXC and generate predictions for classification. Multi-scale CAM uses these weights to compute the

attention heatmap at location (x, y) for the class [ as the element of s! shown in Eq.(1):

st = lfr(fiwu, C>ch) , (M
o ,

s=1 c=1
where W (I, c) and F. s € RE*W represent the weight of class [ at channel ¢ and the feature map of channel ¢ from the last
convolution layer at the scale s, respectively. The final SCAM is an average of CAMs on all scales. In our experimental
settings, we set M = 2 mainly due to the concern of the time complexity.
Using the multi-scale clones of the original images is beneficial for generating a stable CAM. We compute the initial
CAMs of the training dataset following previous work. In our network, global average pooling (GAP) is applied on the
last convolution layer. The GAP output of each branch is then concatenated and classified with a fully-connected layer.

Finally, the fully-connected layer weights are used on the last convolution layer to obtain the heatmap for each class.

3.3 Temporal Attention Consistency

For spatial stream, we generate multiple static image heatmaps using the method described in the previous section. For
temporal streams, due to the nature of two-stream structure, it is difficult to make a comparison between the dynamic
process and the static image. We have experimented three methods on selecting a suitable timestamp in the temporal
stream to mark a point in order to compute the attention consistency loss between the spatial stream and the temporal
stream. In the first method, we compress the activated regions from the temporal streams, where the weights from the
same spatial position of all the heatmaps are added up and divided by the number of the total input frames. This method
achieves 75% accuracy and can get a heatmap with a broader activated area. But the complexity inherited from the time
dimension and the simplicity of summing operations makes the model hard to focus on certain discriminative regions.
The second method achieves an inferior performance of 73.8% , where a frame is randomly chosen from a selected clip
to generate a heatmap of the temporal stream, the lack of abundance in dynamic information may harm the representation
ability of motion branch capturing actions and leads to the least difference values with the spatial class activation mapping.

The third method is to compute the weighted class activation mapping as shown in Eq.(2) :

T C
T'=) > W(o) Fue, @)

t=1 c=1
where T! is the heatmap of a consistent timestamp of class [ in the temporal stream, W ([, ¢) denotes the weight of the

fully-connected layer for the class I and the channel ¢, and F; is the feature map from the last convolution layer of our
Manuscript submitted to ACM
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backbone from the c-th channel in the ¢-th frame. We sparsely sample half of the frames to avoid the accumulation of

invalid activated regions. In this method, the temporal heatmaps T! give less weights on useless areas but with more

weights on salient regions. We adopt this method in our final experiment setting.

3.4 Our Network

Spatial
stream

Temporal
Stream

= epochs +

Fig. 3. An illustration of action attention consistency. The activation visualization of class "push up" shows the process
of action consistency. The activated regions of the temporal stream in the first column and second column are misguided by
the backgrounds. The third column demonstrates the consistent activation of both streams after a complete training process.

In general, the plausibility of attention heatmaps can reflect the performance of the CNN classifier. If the attention
heatmaps highlight the regions that are semantically relevant to the considered action, we can expect better CNN
classification performance. As demonstrated in Figure 2, our model adopts the classic spatial-temporal stream structure
as the baseline. Unlike most of the other work that takes optical flow as the temporal stream, we follow the design
of the slowfast to construct a temporal stream with the dense frame sampling in a gesture to prevent the additional
computation. We then separately handle the spatial and temporal information from static inputs and motion inputs without
parameter-sharing backbones.

In our design, We build an end-to-end two stream model that cuts off complex feature map exchange between two
streams without need to store extra feature information, this could accelerate the training process and reduce GPU memory
usage. The only feature-level information exchange happens at the last stage of the network. Therefore, we separately
generate class activation maps for both the streams. Two-stream networks take motion and static information as their
inputs. Significantly different in nature, it is critical to specify a certain timestamp between dynamic and static information
with the ordered temporal information to facilitate the action-consistent comparison. Not until the last stage of the network,
we compute the consistency loss from the feature maps of spatial-temporal streams extracted from the hidden layers,

Manuscript submitted to ACM
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where the action attention consistency is described as (W and H are the width and height of CAM):

1 N L
= N 2 2

where TL and S’ are the temporal CAM and the spatial CAM from the n-th exam le, separately. The final loss is defined
n n p p p p Y

1 1
Th - skl 3)

2

as:
=1+ Mg, @)
where £, is the cross entropy loss and A is set to 1.5 by default.

While our discriminative spatial branch provides fine-grain local cues, it still needs temporal information to classify
actions. Here, two issues are discussed. First, the feature volume has been down-sampled to such a high degree that
the motion filters cannot learn the finer details. Second, this feature volume is shared between the classifier and the
discriminative filters, meaning that it cannot be specialized for two modalities. In order to overcome these issues and
improve the feature diversity, we utilize the last stage of our backbone, where one motion branch is used for our average
pooling classifier and the other for our discriminative filters. Such processing allows the motion branch to specialize on
context while the spatial branch to specialize on finer details. Next, as we seek the sensitivity to distinguish finer details,
we add a bilinear upsampling operation in the spatial branch in charge of computing the discriminative classifiers and a
skip connection from the features. These modules provide a specialized and detailed feature volume for the discriminative
filters and further enrich the information that the classifiers can learn.

As demonstrate in Figure 3, with the process of training, our method has coerced the two branches to gradually focus
on the same region of the network. There are usually many moving objects coexisting in a video clip, only the most
noteworthy action can lead the classifier to make the correct prediction. Through the process of the attention consistency,
it can assist the network to ignore the misleading backgrounds and wrong actions in the video and concentrate on the

valid action region.

4 EXPERIMENTS

We compare our approach with other state-of-art on two video recognition datasets including Kinetics-400 [23] and
UCF101 [31] with standard evaluation protocols.

4.1 Datasets

Kinetics-400 dataset is a action video collection extracted from Youtube, where the action videos are categorized as 400
classes and most of them are 10 seconds long. The well-balanced dataset is pre-splitted into 240,000 training videos
and 19,800 validation videos. It is a standard practice to report performance on the validation set since the labels of the
testset are withheld for the challenges. Kinetics-400 is a popular dataset for evaluation owing to its very large scale, large
intra-class variability, and the extensive coverage. UCF-101 dataset contains 13K videos (180 frames/video on average)
annotated into 101 action classes, where each UCF-101 split contains 9.5K training videos. We follow the evaluation

metrics and report the accuracy over the first test split of UCF-101.

4.2 Implementation Details

Our models on Kinetics-400 are trained from the random initialization (“from scratch") without using any pre-training
model. We take synchronized SGD training following the recipe of the slowfast [11] with the backbone R50 4x16. For

Manuscript submitted to ACM
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the temporal domain, fast pathway exploits a 4x smaller temporal stride than slow pathway. For the spatial domain, we
randomly generate a 224 X 224 pixels crop from a video, or its horizontal flip, with the shorter side randomly sampled in
[256,320] pixels.

At the inference time, we uniformly sample 10 clips from a video along its temporal axis following common practice.
For each clip, we scale its size into 256 X 256 and take its three crops to cover the spatial dimensions following the code
of slowfast, as an approximation of fully-convolutional testing. We average the softmax scores for the prediction and

report the final result.

4.3 Performance on Complex Classes

Our method has achieved convincing performance on complex classes. As observed in Figure 4, the first row (a) is a
set of video clips with crowded backgrounds. Under this situation, background distraction occupies a large proportion
of the video both in temporal length and spatial distribution. Our stream-independent structure can alienate the action
regions from the background noise. The second row (b) is a set of video clips with fast-moving actions existed in both
distant view and up-close view. The targeted action regions varies in spatial scales and has a low temporal resolution. Our
structure-independent design can urge spatial stream to better focus on semantic information without invalid temporal
feature fusion. The third row (c) is a set of video clips with slow actions. As demonstrated in Figure 4, the speed and

frequency differences of an action do not weaken the ability of our network to accurately localize actions.

Complex Classes Improved Accuracy(%) Complex Classes Improved Accuracy(%)
applauding 0.6 breakdancing 2.0
bartending 1.1 contact junggling 1.2
beatboxing 0.5 playing baseball 0.9
climbing ladder 0.7 capoeria 1.7
playing basketball 1.1 cheerleading 2.2
celebrating 2.2 skateboarding 1.3
dropkicking 1.2 archery 0.5
overall improvement 1.1 overall improvement 1.4
Table 1. Complex classes with crowds. Table 2. Complex classes with fast moving actions.

From the experiments as conducted on public datasets, we find that the stream structure with two independent branches
has its own advantage on the action recognition problems under complex scenarios. most present designs on the two-stream
network usually facilitate the spatial stream with the feature information extracted from motion stream. However, saliency
map shows that the motion stream is prone to broader active areas including all action regions, which might mislead the
spatial stream to focus on backgrounds incorrectly. Our network design naturally avoids this confusion by merging two
streams only at the end stage of the network, where SCAM and action attention consistency serve as complementary
tools to enhance the recognition performance as shown in Figure 2. In our branch-independent design, two pathways are
allowed to manage two kinds of input separately, where the slow pathway tends to focus on smaller action regions with

more spatial details and the fast pathway pays more attention to fast moving regions.

Manuscript submitted to ACM
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Fig. 4. A demonstration of action heatmap of complex classes: All videos are selected from Kintecis400. (a) is a
collection of fast actions with crowded background, whose classes are “capoeira, breakdancing, dropkicking and contact
juggling” from the left to the right; (b) is a collection of fast actions with foreground distraction, whose classes are “playing
baseball, group dance, ice skating, cheerleading" ; (c) is a collection of subtle movements with multiple objects in the scene,
where the classes are “applauding, bartending, climbing, beatboxing".

85 - BN Baseline
W Ours
80 -

Top-1 Accuracy

playing_basketball cheerleading breakdancing celebrating swing_dancing

Fig. 5. Performance comparisons with the baseline on complex action classes.

4.4 Main Results

We compare our results with previous ones on Kinetics400. An interesting observation is on the potential benefit of

adopting two-stream structure, an averaging improvement of 3% over pure 3D network. Existing two-stream models
Manuscript submitted to ACM
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model Flow | Pre-train | top-1 | top-5 | GFLOPsxviews
13D [4] ImageNet | 72.1 | 90.3 108xN/A
Two-Stream 13D [4] v/ | ImageNet | 75.7 | 92.0 216x N/A
R(2+1)D FLOW [35] v - 67.5 | 87.2 152x115
STC [7] - 68.7 | 88.5 N/A
S3D [46] - 69.4 | 89.1 66.4xXN/A
ECO [51] - 70.0 | 89.4 N/A
R(2+1)D [35] v - 73.9 | 90.9 304x115
SlowFast 4x16, R50* [11] - 73.5 | 90.3 34.2x30
SlowFast 4x16, R50 [11] - 75.6 | 92.1 36.1x30
Ours 4x16, R50 - 75.7 | 92.3 34.2x30

Table 3. Comparisons with the state-of-the-art methods on Kinetics-400. In the last column, we report the inference
cost with a single “view" (temporal clip with spatial crop) x the numbers of such views used. Our model are with the same
input sampling strategy with the baseline. SlowFast 4x16, R50* indicates there are no fusion operations between slow and
fast pathway. “N/A" means the numbers are not available for us.

such as ECO and two-steam 13D have achieved competing accuracy while sampling dense frames from video clips. Our
method has acquired equal performance with much less frame used. Accordingly, our baseline on the fusion of multiple
stages received 0.1% top-1 accuracy slightly lower than our method. It is noticed that the two-stream methods with
optical flow + multi-stage fusion can double the computational cost whilst our simplified stream-independent structure is
lightweight. Specifically, our model achieves 75.7% without pre-training on the ImageNet dataset, which is 3.6% higher
than I3D but 6.3% higher than S3D which uses separable 3D CNN backbone. For further acknowledgement, we observe an

improvement from 2% to 4 % by other algorithms with the pre-trained model on the Kinetics-600 dataset and transformer

module.

Methods Backbone Pre-train Top-1
TSN [41] Inception V2 ImageNet 86.4
TSN [41] Inception V2 ImageNet+Kinetics | 91.1

T3D [8] DenseNet3D Kinetics 91.7
ECO [51] BNInception+3D ResNet-18 Kinetics 94.8
C3D [34] VGGNet-11 Sports-1M 82.3
I3D RGB [4] 3D Inception V1 ImageNet+Kinetics | 95.1

ResNeXt[45] ResNeXt-101 Kinetics 94.5
ARTNet with TSN [40] ResNet-18 Kinetics 94.3
Slowfast 4x16 [11] ResNet-50 Kinetics 95.0
Ours ResNet-50 Kinetics 95.7

Table 4. Results on UCF101. Top-1 accuracy is reported based on the three test splits of the dataset. Kinetics refers to
kinetic400. We adopt the same frame sampling strategy and spatial crops with our baseline.

For the UCF101 dataset, our approach achieves 95.7% over three test splits, which outperforms the traditional two-
stream structures with a large margin and improves upon the baseline by 0.7%. Benefiting from our baseline that adopts
the different frame sampling strategy with multiple spatial crops, our approach leads the traditional two-stream models
by more than 10%. In comparison with the models that utilize big backbones and 3D convolutions, the advantage of our
approach in accuracy still leading by 0.5% to 1.0%.
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Pre-train | top-1 | top-5
Slow-Only ImageNet | 73.1 | 90.9
Slow (SCAM only) | ImageNet | 73.4 | 91.0
Ours (AC only) - 752 | 91.1
Ours (AC+SCAM) - 75.7 | 92.3

Table 5. Different combination of the network. AC refers to our attention consistency loss. Slow refers to the spatial
branch of slowfast. All experiments are conducted on Kinetics400 and use three spatial crops at test time.

In overall, our approach reduces the computation cost by 7.1% without compromising the accuracy compared with our
baseline network. Further experiments show that our model outperforms other approaches in complex scenes such as

running in front of the crowd, clapping in a concert and moving in a rapidly changing background.

4.5 Ablative Study

In this section, we conduct extensive ablation experiments to illustrate the performance of each module of our network.
The slow only structure utilize merely the slow pathway and is pre-trained from ImageNet. Our two stream structure is
trained from random initialization. The sampling strategy and training recipe are the same as described in the experiment
section. All comparisons are based on ResNet-50 and use three spatial crops at test time.

We first validate the impact of spatial class activation mapping (SCAM), we implement this module on spatial stream
with 4-frame input. Experiment results shows no obvious improvement on accuracy which explains that spatial stream is
not sensitive to naive enhanced input. Another finding as shown in the third row of Table 5, the attention consistency
loss together with our two-stream structure brings up to 2.1% improvement in top-1 accuracy compared with the single
spatial stream. The results confirm the significance of the two-stream structure and support the plausibility of our
attention consistency loss. It demonstrates a fact that the fusion between the middle stages of the backbone is not an
indispensable procedure for the two-stream recognition model. In the forth row of Table 5, SCAM that mainly enhances
the representation ability of the spatial branch improves the top-1 accuracy by 0.5% and exceeds our baseline slightly
by 0.1%. The SCAM module only deploys on spatial branch and facilitate the convergence of temporal consistency. It
consequently has a little burden on the computation cost and the model size. The temporal stream taking a multi-frame

input with extensive activation regions is not suitable for adding a SCAM module.

5 CONCLUSION AND FUTURE WORK

In overall, we investigate a new architecture to measure the attention consistency between the spatial steam and the
temporal steam, where our method achieves compelling performance for video action classification. Two stream archi-
tecture that employs both motion information and static information has long been a standard protocol for the action
recognition. Under the framework, we propose a stream-independent network with our action attention consistency loss.
Experimental results on the open datasets including Kinetics400 and UCF101 show that we can attain better overall
accuracy but outperform our baseline on complex classes with a large margin. However, Multi-scale inputs and dense
sampling require higher GPU memory and the total computation cost and frame usage can be further reduced with new
designs. The algorithm is not robust for all cases. As it can be seen, the recognition ability declines on easy classes like
"drink" and "smoke". The success of the branch-independent structure suggests that the information exchange between
the middle layers of the backbone can be replaceable, thus encouraging future work to explore more potential possibilities
when designing the action recognition models.
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