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A B S T R A C T

3D convolutional networks, as direct inheritors of 2D convolutional networks for images, have placed their
mark on action recognition in videos. Combined with pretraining on large-scale video data, high classification
accuracies have been obtained on numerous video benchmarks. In an effort to better understand why 3D
convolutional networks are so effective, several works have highlighted their bias towards static appearance
and towards the scenes in which actions occur. In this work, we seek to find the source of this bias and question
whether the observed biases towards static appearances are inherent to 3D convolutional networks or represent
limited significance of motion in the training data. We resolve this by presenting temporality measures that
estimate the data-to-model motion dependency at both the layer-level and the kernel-level. Moreover, we
introduce two synthetic datasets where motion and appearance are decoupled by design, which allows us to
directly observe their effects on the networks. Our analysis shows that 3D architectures are not inherently
biased towards appearance. When trained on the most prevalent video sets, 3D convolutional networks are
indeed biased throughout, especially in the final layers of the network. However, when training on data
with motions and appearances explicitly decoupled and balanced, such networks adapt to varying levels of
temporality. To this end, we see the proposed measures as a reliable method to estimate motion relevance for
activity classification in datasets and use them to uncover the differences between popular pre-training video
collections, such as Kinetics, IG-65M and Howto100 m.
. Introduction

Human activity recognition from videos is a long standing research
roblem in computer vision.

Foundational solutions performed activity recognition based on lo-
al invariant features such as spatio-temporal keypoints trajectories,
keleton detection and tracking, or dense trajectories (Sun et al., 2010;
ang et al., 2011; Li et al., 2016; Abdul-Azim and Hemayed, 2015;
essing et al., 2009).

Based on advances in deep learning, the current state-of-the-art per-
orms recognition through deep spatio-temporal neural networks such
s two-stream networks (Simonyan and Zisserman, 2014; Feichtenhofer
t al., 2016), recurrent networks (Srivastava et al., 2015; Ullah et al.,
018) and 3D convolutional networks (Tran et al., 2019; Kay et al.,
017; Miech et al., 2019; Heilbron et al., 2015; Carreira and Zisserman,
017; Tran et al., 2018) fueled by a growing collection of large-scale
ideo datasets (Heilbron et al., 2015; Yansong Tang, 2019; Miech et al.,
019; Kay et al., 2017). These advances form the starting point of
ur research, where we seek to understand why deep networks and
pecifically 3D convolutional networks are effective for learning from
ideos.

∗ Correspondence to: Aalto University, P.O. Box 11000 (Otakaari 1B), FI-00076, Aalto, Finland.
E-mail address: petr.byvshev@aalto.fi (P. Byvshev).

Due to the effectiveness of 3D convolutional networks trained on
large-scale video data, a number of works have performed empiri-
cal analysis to get insights into the working of such networks. One
common finding is the bias in 3D convolutional networks towards
scenes and objects (Hiley et al., 2020; Huang et al., 2018), which
suggest that activity recognition happens not based on actor-centric
dynamics but by recognizing the context in which activities occur.
Others suggested various methods to measure and separate motion in
videos and analyzed the model’s performance with respect to observed
dynamics (Sevilla-Lara et al., 2021; Bertasius et al., 2021; Yang et al.,
2020). In contrast, we directly look at the motion and appearance
aspects in 3D models themselves and define new metrics to analyze
temporality of the models and their layers.

Specifically, we question whether 3D convolutional networks are
inherently biased towards static appearances and investigate whether
such networks are able to capture both appearance and dynamic aspects
given the right data.

As starting point for our investigation, we confirm the clear con-
nection between activities and their static context by considering a
large-scale dataset of human actions Kinetics (Kay et al., 2017) and
locations Places365 (Zhou et al., 2017). We provide observations about
https://doi.org/10.1016/j.cviu.2022.103437
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the sparse relation between activities and their locations classes —
the natural imbalance between actions and locations distributions.
Additionally, we show the direct effect of activity-location exclusivity
on the ability of the network to recognize an action class: a model
better recognizes an action that takes place in a unique and consistent
location.

Second, we propose new layer-wise and kernel-wise measurements
that are designed to reveal the temporal properties of 3D convolutional
models. The measurements use the weights of a network to determine
how dynamically receptive individual kernels and layers are when
trained on a large-scale video data. We observe a consistent drop of
temporality for deeper convolutional layers in all 3D models trained on
Kinetics. Said findings indicate that the trained models either reserve
later layers for appearance only, or they are the result of the models
adapting to the (lack of) discriminative motion statistics in the data.

Third, aiming to resolve the described disjunction, we investigate
our hypothesis that the bias towards appearance and away from tempo-
ral dynamics is not inherent in 3D convolutional networks. To that end,

e propose a new method to generate motion trajectories and construct
wo datasets in which motion and appearance are explicitly decoupled.
ecoupling allows us to control the relation between these aspects in

he temporality experiments. We find that 3D convolutional network
re not biased by their design towards appearance. On the contrary,
hey successfully manage to learn complex motion patterns. Upon
pplying the proposed temporality measures on the trained networks,
e find that increasing variability of motion patterns in the training
ata results in a significant rise in the temporality, especially in the
eeper layer of the network. Additionally, compared to motion, increas-
ng appearance variance stronger penalized models performance. Our
nvestigation sheds new light on deep learning for video activity recog-
ition by showing that appearance bias in modern 3D models reflects
ata properties rather than architectural limitations. We demonstrate
hat models can adapt to both motion and appearance content of the
ata, effortlessly learning complex movement trajectories.

In short, our contributions are as follows:
• we confirm the clear connection between activities and their

locations in 3D convolutional networks;
• we define new temporality measurements, designed to reveal the

temporal properties of 3D convolutional networks;
• we present two new datasets, in which we explicitly decouple

motion and appearance;
• with the new datasets and measurements, we reveal new findings

on motion-appearance relation in 3D networks.

. Background and related work

Initially, human recognition datasets focused on specific domains
uch as sports, cooking, household chores and outdoor activities. There-
ore, background environment in such datasets generally remained con-
istent across different action categories (Damen et al., 2018; Soomro
nd Zamir, 2014; Zhou et al., 2018b; Yoshikawa et al., 2018). Deep
ideo understanding requires a network that captures its visual aspects
i.g. actors, objects and locations) together with temporal dynamics,
nd perhaps, the most dominant trend in video understanding of the
ast decade is the successful conversion of 2D image networks to 3D and
ideo networks. Well-known approaches include recurrent networks
ver frame-level features (Srivastava et al., 2015), tracking the relations
f interest points (Kalita et al., 2018; Yi et al., 2020), focusing on
uman body poses and gestures, and localizing key frames (Ng et al.,
015; Wang et al., 2011; Laptev, 2005; Aihara and Aoki, 2014; Ke et al.,
018; El-Ghaish et al., 2018; Agahian et al., 2020).

Recently, several large-scale action datasets, including COIN (Yan-
ong Tang, 2019), ActivityNet (Heilbron et al., 2015), Kinetics (Car-
eira and Zisserman, 2017), HowTo100M (Miech et al., 2019) and
G-video (Ghadiyaram et al., 2019), have been built from videos col-
ected through public video sharing sites like YouTube and Insta-
ram. With the introduction of large datasets, deep 3D networks have
2

thrived and shown an ability to learn effective video representations.
Among the popular architectures are: inflated inception 3D models
– I3D (Carreira and Zisserman, 2017), factorized 3D convolutional
networks – R(2+1)D (Tran et al., 2018), separable 3D CNNs — S3D (Xie
et al., 2017), and channel-separated CNNs — CSN (Tran et al., 2019).
These networks provide useful features for many downstream video un-
derstanding tasks, including video segmentation, activity localization,
video retrieval and classification of long videos (Lai and Xie, 2019;
Miech et al., 2020; Farha and Gall, 2019; Chao et al., 2018; Hussein
et al., 2019b,a; Mithun et al., 2018; Chen et al., 2020). We choose I3D
as our main experimental model as it represents the mainstream 3D
architecture for video analytics.

With the quantitative success of deep 3D networks came the ne-
cessity for model interpretation and explainability. Visualization and
analysis of deep networks helps to understand the nature of learned
features, their hierarchy, level of abstraction and generalization. Due
to the hybrid nature of 3D spatiotemporal features their study and
interpretation is not straight-forward and many approaches have been
proposed to address that property. Gradient-based methods provide
pixel-wise visual explanations, highlighting regions of high impor-
tance for the classification task, for example, Guided Backpropaga-
tion (Springenberg et al., 2015), GradCAM (Selvaraju et al., 2017),
Deconvolution (Zeiler, 2014). Similarly, visualizations of video-based
solutions compute spatio-temporal heatmaps for input voxels. T. Na-
garajan (2019) focused on visualizing human–object interactions, Meng
et al. (2019) proposed interpretable attention mechanism that dis-
tinguish the most relevant parts of the video, Class Feature Pyra-
mids method discovers 3D kernels that are informative for a specific
class (Stergiou et al., 2019). Such methods reveal local implied spatio-
temporal properties of a given video that are relevant for the classifi-
cation task. Shuffling and removing frames is one of the techniques to
test how deep models capture motion information: Zhou et al. (2018a)
discover static and temporal action categories depending on the frame
order, Xie et al. (2017) report performance changes when reversing the
order of frames and show that importance of ’arrow of time’ varies in
different datasets. Huang et al. (2018) propose to measure the amount
of temporal information by isolating the appearance only in a video
and training a model to generate temporal dynamics in a class-agnostic
fashion. Sevilla-Lara et al. (2021) split videos into static and temporal
categories using human annotations and observe statistical difference
of the action categories. Choi et al. (2019) observe the scene bias
problem and propose new training methods to mitigate it. Weinzaepfel
and Rogez (2019) analyze popular 3D models and observe a superior
performance of shallow human-centered models in contextless activity
recognition.

Where current works focus on the temporality of action categories,
we look at 3D networks themselves and focus on the key building
blocks — 3D kernels. We find that 3D networks copy biases from biased
dataset, but can adapt to varying amount of motion in the data.

3. I3D is biased towards appearance on action datasets

We first try to answer the following video understanding question:
how is the temporality of videos encoded in the network’s parameters?
Throughout our experiments, we use the I3D model pre-trained on the
Kinetics dataset (Kay et al., 2017) as the main backbone, due to its
canonical nature and widespread use in video recognition. All models
are trained on four Tesla V100-PCIE-16gb GPUs, using the Pytorch
library (Paszke et al., 2019). Unless specified otherwise, we follow the
data preprocessing and training from (Carreira and Zisserman, 2017).

As a starting point, we have quantified appearance bias in 3D
models in Appendix A, before we investigate whether this bias is
inherent. Choi et al. (2019), Girdhar and Ramanan (2019) have
observed scene and object bias in action datasets: tasks and static
surroundings are highly correlated. The results in the appendix show
three things: (i) more than half of the Kinetics samples take place
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Fig. 1. ASDT calculation. For a generic 3D convolutional layer of shape (𝐻,𝑊 , 𝑇 ,𝑀,𝑁) ASDT dissects the layer into a list of temporal 1D convolutions and computes the average
tandard deviation for them.
n 16 location categories, (ii) I3D performs worse on video samples
hat take place in more common locations compared to more unique
ocations, and (iii) representations trained on actions also learn relevant
cene representations. A network trained on Kinetics can be directly
sed to obtain effective representations for scene recognition. In fact,
ine-tuning the entire network on training scenes does not improve
esults.

These experiments support that Kinetics dataset extensively covers
cenes and enables learning useful features for scene recognition.

Our next step is to find out which layers of 3D convolutional
etworks are responsible for temporal modeling rather then appear-
nce modeling. We perform an examination at the layer level and
he individual filter level and propose new measures to quantify the
emporality of each convolutional kernel. We use these measures to
nalyze how much each layer is responsible for modeling dynamic
epresentations of videos.

.1. New measures for temporal dynamics in 3D filters

3D convolutions jointly learn visual and temporal representations,
hich raises the following question: how can we find correlates of

emporal modeling in a 3D network and its parameters? We propose
wo novel metrics that aim to show the temporality of a convolutional
ayer and its kernels.

3D filters responsible for recognizing temporal changes should have
eights receptive to those changes. Under this assumption, we define

he first measure of temporality of a layer as an average standard
eviation of its filters across the temporal dimension (ASDT), (see
ig. 1). A 3D convolution filter is defined by a 5-dimensional tensor
𝐻,𝑊 , 𝑇 ,𝑀,𝑁) denoting respectively height, width, temporal span,
he number of channels in the previous layer, and the number of chan-
els in the next layer. As an example, the second 3D convolutional layer
f the I3D model is of size (3, 3, 3, 64, 192). If 𝑤𝑖,𝑗,𝑡

𝑚,𝑛 is the weights tensor
nd 𝑖, 𝑗, 𝑡, 𝑚, 𝑛 are the indices that cover aforementioned dimensions,
SDT is defined as:

SDT =
∑

𝑖,𝑗,𝑚,𝑛

√

√

√

√

∑

𝑡=1..𝑇 (𝑤
𝑖,𝑗,𝑡
𝑚,𝑛 −𝑤𝑖,𝑗

𝑚,𝑛)2

𝑇
, (1)

where 𝑤𝑖,𝑗
𝑚,𝑛 is the mean over the time dimension

ASDT can be applied to both fully convolutional networks (such
as I3D) and spatiotemporal-separable 3D convolution networks as it
only measures variance of weights across the temporal dimension. For
example, we can similarly compute ASDT for the S3D model (Xie et al.,
3

Fig. 2. Self-convolution operation. For a single convolutional kernel it calculates a
scalar value that corresponds to temporality of the kernel.

2017) by taking the weights from its 1D temporal convolutional layers.
For more details on calculation of ASDT for different architectures,
please, refer to Appendix B.

ASDT defines the temporality of 3D convolutional networks for
individual layers. To look at the feature maps of the model, we need
to consider individual kernel of the convolution operations. For that
purpose we propose a second measurement that aims to estimate which
feature maps are more receptive to dynamics in the video and which are
more responsible for appearance. In other words, to determine which
channels of a layer are temporal and non-temporal. Each output chan-
nel represents a feature map that reflects a certain visual or dynamical
property of the input, it is constructed as a sum of filtered feature
maps of the previous layer. We aim to define an individual temporality
measure for every 3D filter that together represent the temporality of
the feature map. We notice that computing central self-convolution
(𝑠𝑐(.)) for the filter (or strictly speaking, the sum of Hadamard products
of its 2D slices Horn, 1990) satisfies such requirement, see Fig. 2.
Indeed a fully non-temporal filter would have a number of identical
2D kernels stacked together and would have a high value of self-
convolution. On the opposite, filters with high temporal discrepancy
would have low (even negative) self-convolution values. If 𝑤𝑖,𝑗,𝑡 is a
single kernel of a layer, the self-convolution (sc) is defined as:

sc(𝑤) =
∑

(𝑤𝑡 ⊙𝑤𝑡+1) (2)

𝑡=1,2,..𝑇
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Fig. 3. ASDT for the I3D model on Kinetics. The ASDT measure monotonically
decreases with the layer depth, which shows the limited response to video dynamics
in the latter layers.

Fig. 4. Temporality of the feature maps in I3D model. The number of temporal
channels decreases with the layer depth. This confirms that the drop of average
temporality of layers cannot be explained by the growing number of kernels in the
deeper layers.

and for any two matrices 𝐴 and 𝐵 the Hadamard product ⊙ is defined
s:

𝐴 ⊙ 𝐵)𝑖,𝑗 = (𝐴)𝑖𝑗 ∗ (𝐵)𝑖𝑗 (3)

ithout loss of generalization and for the simplicity of visualization we
an define a kernel to be temporal if 𝑠𝑐(𝑤) > 𝛿 and static if 𝑠𝑐(𝑤) < 𝛿,

where 𝛿 is a threshold parameter. This way, every feature map is
constructed by a varying proportion of temporal and static kernels.
That allows us to compare different layers of a network based on
their distribution of temporal/static feature maps. For demonstration
purposes we will refer to feature maps with majority kernels being
temporal as Temporal channels and Non-temporal channels vice versa.
This way the proposed measure classifies every channel into one of the
categories, we will call it the self-convolution measurement.

3.2. Analysis of temporal dynamics

Using the two introduced measurements, we investigate the tem-
porality of the 20 layers in I3D with convolutions across the temporal
dimension. Fig. 3 visualizes the dynamics of the ASDT depending on
the layer depth for I3D model: we can see a consistent drop when going
deeper into the network. We also observe similar trends for other 3D
convolutional models trained on Kinetics as shown in Appendix B. This
suggests that if sensitivity for the temporal dynamics of an input is
reflected in the model parameters, the kernels of the first layers are
 M

4

more receptive to such dynamics. In the architecture of I3D, the number
of feature maps grows with the number of layers, hence the absolute
amount of temporal information carried by the layers weights may be
constant. This way, the observed decrease of the average temporality
might be still achieved with the constant number of temporal feature
maps assuming that the extra maps in the deeper layers are predom-
inantly static. To test that hypothesis, we use the second metric to
evaluate the feature maps of the layers.

Now for every 3D layer, we classify each channel as temporal if
more than half of its kernels are temporal and static otherwise as
defined by the self-convolution measurement (we use 𝛿 = 0 for our
measurement). In Fig. 4, we plot the distribution of the output channels
and observe similar dynamics, i.e. the number of temporal channels
drops towards the outer segments of the model. This finding clarifies
the ASDT measurement of I3D (the average drop of temporality cannot
be explained by lateral growth of the layers) and both measurements
suggest that motion related features are more likely to be learned
in the earlier layers of I3D, when trained on the Kinetics dataset.
To summarize, the location experiments showed how the I3D model
relies on the static information when classifying Kinetics actions. The
ASTD and self-convolution metrics show that the average temporality
of the I3D layers decreases with depth and the absolute number of
temporal feature maps also drops with layer depth. In short: I3D is
biased towards scenes and static appearance in general when trained
on Kinetics.

4. I3D is not inherently biased towards appearance

The results of the previous sections show that the I3D model trained
on Kinetics is biased towards appearance and that temporal dynamics
is only marginally relevant, especially in the final 3D layers. In the
following section, we show that this bias is not inherent to I3D model
itself, but rather reflects the properties of the training data. For this
purpose we need to decouple motion and appearance in the videos —
to directly access the variability of movement and background infor-
mation and its effect on the resulting model. To deepen the analysis
of temporality in 3D models we introduce two new datasets with
controlled differentiation of motion and appearance.

4.1. Decoupled motion-appearance datasets

BrushMNIST is a synthetic dataset we composed to study the ability
of 3D convolutional networks to learn motion and appearance. Variable
appearances are achieved by using different instances of the MNIST
dataset that move in the video clip, and variable motion patterns are
introduced as different drawing trajectories of the MNIST digits. Simply
speaking we use one digit as a brush and another digit as a trajectory
example - shape. This corresponds to 100 different classes correspond-
ng to 10 brushes and 10 shapes. Each sample consists of black and
hite video clips with 224 × 224 pixels resolution and 150 frames each.

n every video clip a random MNIST digit (28 × 28 pixels) is moving
n a trajectory that corresponds to another random MNIST digit that is
esized to cover the 224 × 224 frame (See Fig. 5 for examples). The
eneration of random trajectories from a digit sample is described in
etail in Appendix D. Since MNIST consists of 60,000 training samples,
rushMNIST dataset theoretically consists of 60,000 × 60,000 training
amples. Our dataset differs from Moving MNIST (Srivastava et al.,
015), which consists of short video clips of groups of digits moving in
traight lines following geometrical trajectories and bouncing off the
rame edges (no labels). Moving MNIST is used for predicting future
rajectories by extrapolating learned representations. The BrushMNIST
s designed for a video sequence classification task, where trajectories’
hapes define the video categories.

Places+Faces+MNIST (P+F+M) is our second synthetic dataset
hat is composed of Places365, Labeled Faces in the Wild (LFW) and
NIST datasets (Huang et al., 2007; Zhou et al., 2017; Deng, 2012).



P. Byvshev, P. Mettes and Y. Xiao Computer Vision and Image Understanding 220 (2022) 103437

s
c

o
n

Fig. 5. Examples from BrushMNIST. Depicted are 4 examples (1 example per row), 10 out of 150 frames for each sample. Red color highlights the footprint of the drawn
hape. In the actual samples only the white numbers (i.e. brushes) are present in each frame and consecutively draw over the footprint. (For interpretation of the references to
olor in this figure legend, the reader is referred to the web version of this article.)
Fig. 6. Examples from Places+Faces+MNIST. Depicted are 3 frames from 2 samples,
the class of the sample depends of the location from Places365 and face trajectory.
Yellow dotted-line represents the movement trajectory of the face and is not present
in the actual video sample. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

It is similar to BrushMNIST, but uses Places365 images as background
and represents the appearance variance, LFW faces are used as brushes
and MNIST samples as trajectories (Fig. 6 for examples). We define
different instances of the dataset P+F+M_𝑥_𝑦, where 𝑥 is the number
f places categories and 𝑦 is the number of trajectories, and the total
umber of classes is 𝑥 × 𝑦. Trajectories beyond 10 are constructed by
drawing number’s digits: one after another. For the better viewing the
datasets and the samples GIFs are available at https://github.com/Petr-
Byv/Brush_MNIST.

The benefit of using the datasets is two-fold: we know exactly how
motion and appearance are tied for each sample, and we can also
control the complexity by balancing dynamics and appearances.

4.2. Analysis of temporal dynamics on decoupled datasets

In the following section, we study the behavior of the I3D model
on the previously defined decoupled datasets — BrushMNIST and
Places+Faces+MNIST. By utilizing the temporality measures we show
how varying the amount of dynamics in the training data effects the
model parameters.
5

Fig. 7. BrushMNIST feature activation temporal maximization visualization. De-
picted are footprints of the samples, small red number corresponds to frames with
maximum temporal activations of the last convolutional layer. Each column shows the
same shape class with different brushes. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

4.2.1. BrushMNIST experiments
For the experiments on BrushMNIST we train an I3D model with

randomly initialized weights and changing the number of input chan-
nels from 3 to 1 to feed black-and-white videos.

First, we conduct 3 validation experiments:
• Basic setup - Table 1(a). It shows motion and appearance related
errors: motion is learned successfully and the majority of errors comes
from the appearance miss-classification. This indicates that motion
patterns of writing digits add information which helps to a better
recognize BrushMNIST shapes.

https://github.com/Petr-Byv/Brush_MNIST
https://github.com/Petr-Byv/Brush_MNIST
https://github.com/Petr-Byv/Brush_MNIST


P. Byvshev, P. Mettes and Y. Xiao Computer Vision and Image Understanding 220 (2022) 103437
Table 1
BrushMNIST experiments for the I3D model. (a) Basic setup experiment: appearance related errors dominate the misclassification. (b) Footprint experiment:
removing the temporal information by feeding only the footprint of motion balances the error distribution. (c) Frames order experiment: reversing the order of
frames in test samples of BrushMNIST reduces the recognition of motion to the chance level.
BrushMNIST errors Footprint experiment Frames order experiment (c)

across motion/appearance (a) error distribution (b) Kinetics BrushMNIST

Appearance Motion Both Brush Shape Both Normal Reversed Normal Reversed

2.49% 0.11% 0.03% 1.89% 2.13% 0.04% 68.4% 66.5% 97.4% 11.3%
Fig. 8. ASDT for I3D trained on BrushMNIST. Compared to Kinetics ASDT we do not observe decrease in temporality with layer depth — deeper layers also learned dynamics
of the BrushMNIST samples.
Fig. 9. Self-convolution metrics for I3D trained on the P+F+M. The model was trained on 16 motions and 8 locations. We observe more temporal channels compared to
Kinetics training, especially in the later layers.
a

s
b
n
s

• Footprint test - Table 1(b). To clarify the importance of motion
information we removed the temporal information and fed only the
footprint of a motion. This modification of BrushMNIST worsened the
performance: errors are now equally distributed across Brush and Shape
digits.

• Frame order - Table 1(c). It shows that opposite to the Kinetics set,
when feeding reversed samples of the BrushMNIST the recognition of
 m

6

motion is dropped to the chance level — 11.3% (since the Brush digits
re still recognized correctly).

Fig. 7 shows how the model learns temporal dynamics. Each row
hows footprint of the samples with the same shape, but different
rushes. The red highlights the frames (and therefore individual small
umbers) that correspond to the maximum activation in the feature
pace along the time dimension. This shows the consistency of learned
otion patterns across the shapes: the model learns to attend the
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Fig. 10. ASDT measure for I3D trained on the P+F+M. The model was trained on 16
motions and 8 locations. Contrary to training on Kinetics, we do not see the decrease
of temporality with layer’s depth.

signature segments of the number shapes, for example, drawing a line
from left to right in the middle of a ‘5’ or the intersection of the lines
of a ‘4’.

Fig. 8 shows ASDT measure for I3D trained on BrushMNIST. For this
dataset temporality of layers does not continuously drop with depth,
which proves that directly infusing dynamics into the training samples
changes the temporal responsibility of models layers. The appearance
bias observed in previous experiments is caused by the training data
itself and not the model architecture.

4.2.2. Places+Faces+MNIST experiments
We can tune the motion and appearance aspects of a P+F+M dataset

by changing the number of background classes and the number of
motion patterns. The total combinatorial number of classes would be
the multiplication of these to numbers. For the constancy we exper-
iment with all the combinations of 21,… , 28 numbers of motion and
appearance classes. This way the simplest dataset has 4 classes (21×21)
nd the most complex - 28 × 28 = 65536 classes. This allows us to
nswer the question: does I3D better scale up to motions or appearances
ariability?

Table 2 shows the behavior of the I3D depending on different
otion/appearance factors of a P+F+M set. We plot the model’s ac-

uracy depending on the number of motion and appearance classes.
he table shows that the model can deal with the growing number of
otion patterns, and vice-versa performance deteriorates faster when

dding more appearance classes. This finding suggests that I3D model
s not intrinsically biased towards appearance, but rather flexible —
ynamical-motion information is learned to the extend presented by
he training dataset.

We also analyze the temporality of I3D when trained on P+F+M
ompared to training on Kinetics with help of measures proposed in
ection 3.1. Fig. 10 shows an example ASDT measure for different
ayers after training on P+F+M with 16 motions and 8 locations.
ompared to I3D trained on Kinetics, we observe a very different
icture: the temporality of a layer does not decrease with depth, but the
pposite trend is clear. Similarly, compared to I3D trained on Kinetics
he self-convolution measure shows a drastic difference: more temporal
hannels are observed in all the layers, with the deeper ones effected
he most compared to the Kinetics weights (Fig. 9). This result proves
he utility of previously proposed measurements as they reveal how the
ature of training data affects the temporality of model’s parameters.

. Does pre-training on millions of videos resolve the appearance
ias in 3D convolutional networks?

So far, we have found that the ASDT profile of a model reflects

he bias towards or away from temporality as a function of the layer

7

Table 2
I3D model performance on Places+Faces+MNIST datasets. We varied the
amount of motion M and appearance A (columns and rows respectively).
Values and heatmap corresponds to model’s performance on the given
combination of motion and appearance classes. We see that I3D performance
is more sensitive to the increase of appearance classes. Model effectively
solves the growing number of motion variants.
A M

2 4 8 16 32 64 128 256
2 0.99 0.98 0.99 0.99 0.99 0.99 0.98 0.98
4 0.96 0.98 0.97 0.97 0.97 0.97 0.97 0.96
8 0.89 0.89 0.90 0.90 0.89 0.89 0.86 0.86
16 0.86 0.86 0.83 0.83 0.82 0.81 0.81 0.80
32 0.78 0.78 0.77 0.77 0.76 0.76 0.75 0.75
64 0.66 0.66 0.66 0.65 0.65 0.65 0.65 0.64
128 0.52 0.51 0.50 0.50 0.49 0.49 0.49 0.48
256 0.36 0.35 0.35 0.34 0.33 0.33 0.32 0.32

depth in 3D convolutional networks. In the Appendix we also analyze
state-of-the-art models pre-trained on Kinetics such as R(2+1)D, S3D,
ip-CSN-152 and I3D — all show a similar behavior, their ASDT tempo-
rality drops with layer depth, as shown in Fig. B.13. We also analyzed
the HMDB51 (Human Motion Database) — a dataset with a direct focus
on the motion aspect. Nonetheless motion specialty does not resolve
the appearance bias, as seen in Fig. 11(a) the temporality drop in the
later layers persists. While Kinetics remains the main videoset for pre-
training, recently a few datasets have been introduced with millions
of video clips, including Howto100 m (Miech et al., 2019) and IG-
65M (Tran et al., 2019).1 They have shown competitive results when
used for pre-training of deep 3D models. To see whether training on
million of videos alleviates the bias towards static appearance, we
analyze the ASDT profile for 3D models trained on these datasets,
i.e. the temporality of said datasets in Fig. 11. Interestingly, it shows
that natural video collections can induce a different temporality profile
in 3D models, for example, Howto100 m leads to a flat temporality
in all the layers of the S3D model (Miech et al., 2020). This confirms
authors’ assumption, that Howto100M dataset holds more dynamical
information which makes it stand out from both Kinetics and IG-65M.
We conclude that ASDT measure helps to estimate the temporality
of future video datasets and progress towards more dynamical video
representations. Based on the ASDT measures, we recommend to pre-
train 3D convolutional networks on Howto100 m if an appearance bias
needs to be avoided.

6. Conclusions

In the paper we study motion and appearance aspects in 3D con-
volutional models for video analysis. We propose measurements to
estimate the temporality of network’s weights, and these measures
reveal a common pattern for different models trained on Kinetics - a
clear decrease of temporality as a function of the layer depth. More to
that, our experiments point to the training data, and not 3D architecture
itself, for being responsible for previously observed appearance/scene
bias in video classification solutions. With the proposal of decoupled
motion-appearance datasets we observe that 3D convolutions adapt to
videos visual statistics and are powerful enough to effectively recognize
complex motion patterns. By modifying the amount of motion in the
training data we managed to show the validity of proposed temporality
measure. We believe that the presented results and proposed measures
give useful insights for computer vision researchers, which can help
in construction of future video datasets and engineering of deep video
models. We will make the code and measures publicly available.

1 https://github.com/facebookresearch/vmz

https://github.com/facebookresearch/vmz
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Fig. 11. ASDT for state-of-the-art video models. Where training on HMDB51 or IG-65M still induces an appearance bias in later layers, this bias is mostly gone when training
on Howto100 m. (See Xie et al., 2017; Kuehne et al., 2011; Miech et al., 2020; Tran et al., 2019).
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Appendix A. Scene bias

We quantified the bias towards scenes in I3D using a source and a
target datasets:
Kinetics-400 (source) is a collection of approximately 300,000 video
urls from a video hosting service that cover general human action
classes. We use the first version of the dataset with 400 classes (Carreira
and Zisserman, 2017).
Places365 (target) is a collection of 18 million images with 365 scene
categories (Zhou et al., 2017).

Both Kinetics and Places365 are built upon extensive language cor-
pora and aim to cover the visual world fully and precisely. For this
reason we expect the scene categories from the Places365 dataset to
adequately describe the locations of human activities from Kinetics and
to test that we study the relations between actions from the Kinetics
dataset and environments from the Places365 dataset.

First, we view the distribution of Places instances in the activities’
samples. Each sample of the video set is a sequence of frames that
belong to a certain activity category from Kinetics. We extract the place

information of every frame from that sequence, and to do so, we use a

8

VGG model trained on Places365 (Zhou et al., 2017). This way each
video sample produces a list of location predictions. Among all the
frames we count the most common location prediction and assign it to
the video sample. We call the proportion of frames that belong to the
same location the common place score - it can be computed for every
video sample from the Kinetics dataset. Fig. A.12 shows the percentile
graph of the most common location scores for Kinetics video samples.
For example, for 80% of the videos samples the common place score
is 0.25 or greater, indicating that 25% or more frames of each video
belong to the same place category. We assume that location categories
for the video clips are reasonably consistent, meaning that from the
Places365 perceptive the environment of a single Kinetics sample does
not usually change. Table A.3 shows the distribution of places in all the
samples from Kinetics. For the calculations we select the most dominant
location category for every video sample. We see that, more than 50%
of samples from Kinetics were captured in 16 categories of locations.
Among the most popular are house, discotheque, outdoor cabin, library,
barn, junkyard, garden and general store.

The I3D model performs better on samples with more exclusive
place-activity relation — 56.3% classification accuracy for most com-
mon places and 63.2% for less common, which means that the model
can more effectively utilize the surroundings to recognize activity
category and videos that are related to the same environment are more
likely to be confused.

The short study above indicates a relation between activities and
scenes, further, we tested if representations learned on actions transfer
well to scenes. We trained a classification layer on top of fixed I3D
features to classify categories from the Places dataset and compare
the performance to the I3D’s 2D backbone — the Inception model.
The video model takes a sequence of frames as an input, therefore
to get the prediction we repeat the frames — every input is a fully
static video that represents a single place. We test two training regimes:
fixed weights – where all the parameters up to the last convolutional
layer are non-trainable and non-fixed weights – where we train all
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d

Fig. A.12. Common place frames score — percentile graph for Kinetics dataset.
Each point represents the proportion of Kinetics samples that have the corresponding
common place frame score or greater. This highlights the consistency of scenes in
Kinetics activities samples.

Table A.3
Performance of I3D on activities from popular places vs rare
places. This result shows the bias of the kinetics dataset towards the
common scenes and its inverse relation to activity performance: activity
recognition is higher in rare scenes.
Places356 16 common places 233 rare places

Kinetics400 15132 videos 16434 videos
Activity accuracy 56.3% 63.2%

Table A.4
Performance of I3D Kinetics and Inception v2 Imagenet features (Ioffe and Szegedy,
2015) on the Places365 dataset. Kinetics 3D features perform comparably well, and
o not significantly benefit from tuning the entire network for scene recognition.
Model Pre-training Fine-tuning Fix weights Top-1 (%)

Inc.v2 Imagenet Places365 X 44.1%
Inc.v2 Imagenet Places365 ✓ 43.3%

I3D Kinetics Places365 X 41.3%
I3D Kinetics Places365 ✓ 41.2%

the model’s weights. The results in Table A.4 show that I3D model
can perform on par with 2D models pretrained on Imagenet (41.3% vs
44.3%). More interestingly, there is only marginal improvement when
fine-tuning the entire network compared to freezing the backbone. In
other words, the parameters are already adapted to scenes and do not
require further tuning.

Appendix B. ASDT measure

B.1. ASDT calculation

In Section 3.1 we define the ASDT that measures temporality of
the temporal layers. It takes deviation across the temporal component,
and for more recent architectures such as ir-CSN, or S3D, where spatial
and temporal convolutional components are separated we consider only
the temporal subunits. Algorithm 1 describes the model agnostic ASDT
calculation procedure.

B.2. ASDT for different 3D architectures

We plot the ASDT measure with respect to layer number (consid-
ering only layers with temporal component) for I3D, R3D, ir-CSN152
9

Algorithm 1 ASDT
1: for 𝑙𝑎𝑦𝑒𝑟 in 𝑚𝑜𝑑𝑒𝑙′𝑠 𝑙𝑎𝑦𝑒𝑟𝑠, … do
2: if 𝑙𝑎𝑦𝑒𝑟 belongs 𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙, … then
3: if 𝑙𝑎𝑦𝑒𝑟 belongs 𝑠𝑝𝑎𝑡𝑖𝑎𝑙, … then
4: for 𝑘𝑒𝑟𝑛𝑒𝑙 in 𝑙𝑎𝑦𝑒𝑟, … do
5: Compute standard deviation for 𝑘𝑒𝑟𝑛𝑒𝑙 along temporal

dimension.
6: Compute average along spatial dimension.
7: end for
8: else
9: if 𝑙𝑎𝑦𝑒𝑟 does not belong 𝑠𝑝𝑎𝑡𝑖𝑎𝑙, … then

10: Compute standard deviation for 𝑘𝑒𝑟𝑛𝑒𝑙 along temporal
dimension.

11: end if
12: end if
13: Compute average for all kernels in the 𝑙𝑎𝑦𝑒𝑟
14: end if
15: end for

Algorithm 2 Self-convolution
1: for 𝑙𝑎𝑦𝑒𝑟 in 𝑚𝑜𝑑𝑒𝑙′𝑠 𝑙𝑎𝑦𝑒𝑟𝑠, … do
2: if 𝑙𝑎𝑦𝑒𝑟 ∈ 3D convolution, … then
3: for 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑠𝑝𝑎𝑐𝑒 in 𝑙𝑎𝑦𝑒𝑟, … do
4: for 𝑘𝑒𝑟𝑛𝑒𝑙 in 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑠𝑝𝑎𝑐𝑒, … do
5: Compute and add pair-wise Hadamard’s products for

𝑘𝑒𝑟𝑛𝑒𝑙′𝑠 2D slices
6: if Sum of self-convolutions > 𝛿 … then
7: 𝑘𝑒𝑟𝑛𝑒𝑙 → 𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙
8: end if
9: if Number of 𝑘𝑒𝑟𝑛𝑒𝑙𝑠 ∈ 𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 > 1∕2{𝑘𝑒𝑟𝑛𝑒𝑙𝑠 ∈

𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑠𝑝𝑎𝑐𝑒}… then
10: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑠𝑝𝑎𝑐𝑒 → 𝑇𝐸𝑀𝑃𝑂𝑅𝐴𝐿
11: else
12: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑠𝑝𝑎𝑐𝑒 → 𝑆𝑇𝐴𝑇𝐼𝐶
13: end if
14: end for
15: end for
16: end if
17: end for

and S3D models in Fig. B.13. The pattern is similar across different
models, temporality tends to drop towards later layers. interestingly
when taking an S3D trained on the Howto100 m dataset (Miech et al.,
2020) the pattern changes (see Fig. 11(b)) towards more temporal
deeper layers. We also calculate and show ASDT for ir-CSN-152 trained
on IG-65 m and Sports-1 m datasets2 (Figs. 11(c), B.14).

Appendix C. Self-convolution measure

In Section 3.1 we defined the self-convolution measure for fully
3D convolutional layers. It uses Hadamard product to estimate the
agreement between kernel’s 2D faces. Algorithm 2 describes the self-
convolution calculation procedure that classifies every feature space of
a layer as TEMPORAL or STATIC:

Fig. C.15 shows self-convolution profiles for models trained on
different PFM instances.

Appendix D. Generating trajectories from MNIST digits

2 https://github.com/facebookresearch/vmz

https://github.com/facebookresearch/vmz
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Fig. B.13. ASDT for various video models trained on Kinetics.
Fig. B.14. ir-CSN-152 trained on Sports-1M dataset.
O
M
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In Section 4.1 we introduce datasets with decoupled motion-

ppearance. The brush samples from BrushMNIST were directly sam-

led from MNIST training set. To generate random classifiable motion

atterns — the shapes, we also used MNIST digits as movement

emplates. For a given random digit we define a function that maps a

8 × 28 pixels image to a list of coordinates [(𝑥1, 𝑦1), (𝑥2, 𝑦2), (𝑥3, 𝑦3)...,

(𝑥 , 𝑦 )], where 𝑛 is the number of frames in the desired video and
𝑛 𝑛

10
(𝑥𝑖, 𝑦𝑖) is the position of the brush in the 𝑖th frame. For every digit
class 𝑘 we defined a principal direction of drawing: in practice, it
describes the expected direction of drawing in every frame and is
represented by an ordered list of 2d vectors - (𝑝𝑘1 , 𝑝

𝑘
2 ,… 𝑝𝑘𝑛). We also

an anchor starting point for every digit from 0 to 9 - (𝑥𝑘0 , 𝑦
𝑘
0). We used

penCV (Bradski, 2000) function skeletonize to generate pixel-wide
NIST shapes. Algorithm 3 describes the procedure for generating the

ist of pixel positions:
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Fig. C.15. Self-convolution profiles for I3D trained on various PFM instances. PFM*_*. 1st number - number of location categories, 2nd-number of trajectories.
Algorithm 3 BrushMNIST trajectory
for 𝐼 from MNIST𝑡𝑟𝑎𝑖𝑛 … do

𝐼𝑠=skeletonize(𝐼)
𝐼𝑠=𝐼𝑠! = 0 list of non-zero pixel positions
(𝑥1, 𝑦1) = 𝑎𝑟𝑔𝑚𝑖𝑛(𝑑𝑖𝑠𝑡(𝐼𝑠, (𝑥0, 𝑦0)) find pixel closest to anchor point
𝐼𝑠 = 𝐼𝑠∖{(𝑥1, 𝑦1)}
for 𝑖 = 2, ...., 𝑛 … do

(𝑥𝑖, 𝑦𝑖) =proj𝑝𝑖 (𝑎𝑟𝑔𝑚𝑖𝑛(𝑑𝑖𝑠𝑡(𝐼𝑠, (𝑥𝑖−1, 𝑦𝑖−1)))) find pixel closest to
(𝑥𝑖, 𝑦𝑖) along 𝑝𝑖

𝐼𝑠 = 𝐼𝑠∖{(𝑥𝑖, 𝑦𝑖)}
end for

end for
11
References

Abdul-Azim, H.A., Hemayed, E.E., 2015. Human action recognition using trajectory-
based representation. Egypt. Inform. J. 16 (2), 187–198.

Agahian, S., Negin, F., Köse, C., 2020. An efficient human action recognition framework
with pose-based spatiotemporal features. Eng. Sci. Technol., Int. J. 23 (1), 196–203.

Aihara, K., Aoki, T., 2014. Motion dense sampling for video classification. Multimedia
Tools Appl. 74, 6303–6321.

Bertasius, G., Wang, H., Torresani, L., 2021. Is space-time attention all you need for
video understanding? CoRR.

Bradski, G., 2000. The opencv library. Dr. Dobb’s J. Softw. Tools.
Carreira, J., Zisserman, A., 2017. Quo vadis, action recognition? A new model and the

kinetics dataset. In: IEEE CVPR. pp. 4724–4733.
Chao, Y.W., Vijayanarasimhan, S., Seybold, B., Ross, D.A., Deng, J., Sukthankar, R.,

2018. Rethinking the faster r-cnn architecture for temporal action localization. In:
CCVP. pp. 1130–1139.

Chen, S., Zhao, Y., Jin, Q., Wu, Q., 2020. Fine-grained video-text retrieval with
hierarchical graph reasoning. In: Proceedings of the IEEE/CVF CVPR. pp.
10638–10647.

http://refhub.elsevier.com/S1077-3142(22)00053-4/sb1
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb1
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb1
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb2
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb2
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb2
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb3
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb3
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb3
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb4
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb4
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb4
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb5
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb6
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb6
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb6
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb7
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb7
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb7
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb7
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb7
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb8
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb8
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb8
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb8
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb8


P. Byvshev, P. Mettes and Y. Xiao Computer Vision and Image Understanding 220 (2022) 103437
Choi, J., Gao, C., Messou, J.C.E., Huang, J., 2019. Why can’t I dance in the mall?
Learning to mitigate scene bias in action recognition. CoRR.

Damen, D., Doughty, H., Farinella, G.M., Fidler, S., Furnari, A., Kazakos, E., Molti-
santi, D., Munro, J., Perrett, T., Price, W., Wray, M., 2018. Scaling egocentric
vision: The EPIC-KITCHENS dataset. CoRR.

Deng, L., 2012. The mnist database of handwritten digit images for machine learning
research. IEEE Signal Process. Mag. 29 (6), 141–142.

El-Ghaish, H., Hussein, M., Shoukry, A., Onai, R., 2018. Human action recognition based
on integrating body pose, part shape, and motion. IEEE Access PP, 49040–49055.

Farha, Y.A., Gall, J., 2019. Ms-tcn: Multi-stage temporal convolutional network for
action segmentation. In: Proceedings IEEE/CVF CVPR. pp. 3575–3584.

Feichtenhofer, C., Pinz, A., Zisserman, A., 2016. Convolutional two-stream network
fusion for video action recognition. In: Proceedings of the IEEE CVPR. pp.
1933–1941.

Ghadiyaram, D., Feiszli, M., Tran, D., Yan, X., Wang, H., Mahajan, D., 2019. Large-
scale weakly-supervised pre-training for video action recognition. IEEE/CVF CVPR
12038–12047.

Girdhar, R., Ramanan, D., 2019. CATER: a diagnostic dataset for compositional actions
and temporal reasoning. CoRR.

Heilbron, F.C., Escorcia, V., Ghanem, B., Niebles, J.C., 2015. Activitynet: A large-scale
video benchmark for human activity understanding. In: Proceedings IEEE CVPR.
pp. 961–970.

Hiley, L., Preece, A.D., Hicks, Y., Chakraborty, S., Gurram, P., Tomsett, R., 2020.
Explaining motion relevance for activity recognition in video deep learning models.
CoRR.

Horn, R.A., 1990. The hadamard product. In: Proc. Symp. Appl. Math., Vol. 40. pp.
87–169.

Huang, D.A., Ramanathan, V., Mahajan, D., Torresani, L., Paluri, M., Fei-Fei, L.,
Niebles, J.C., 2018. What makes a video a video: Analyzing temporal information
in video understanding models and datasets. In: CVPR.

Huang, G.B., Ramesh, M., Berg, T., Learned-Miller, E., 2007. Labeled faces in the wild:
A database for studying face recognition in unconstrained environments. (07–49),
University of Massachusetts, Amherst.

Hussein, N., Gavves, E., Smeulders, A.W., 2019a. Timeception for complex action
recognition. In: Proceedings of the IEEE/CVF CVPR. pp. 254–263.

Hussein, N., Gavves, E., Smeulders, A.W., 2019b. Videograph: Recognizing minutes-long
human activities in videos. arXiv preprint arXiv:1905.05143.

Ioffe, S., Szegedy, C., 2015. Batch normalization: Accelerating deep network training
by reducing internal covariate shift. CoRR.

Kalita, S., Karmakar, A., Hazarika, S.M., 2018. Efficient extraction of spatial relations
for extended objects vis-à-vis human activity recognition in video. Appl. Intell. 48
(1), 204–219.

Kay, W., ao Carreira, J., Simonyan, K., Zhang, B., Hillier, C., Vijayanarasimhan, S.,
Viola, F., Green, T., Back, T., Natsev, P., Suleyman, M., Zisserman, A., 2017. The
kinetics human action video dataset. CoRR arXiv:1705.06950.

Ke, L., Chang, M.-C., Qi, H., Lyu, S., 2018. Multi-scale structure-aware network for
human pose estimation. In: Proceedings of ECCV.

Kuehne, H., Jhuang, H., Garrote, E., Poggio, T., Serre, T., 2011. HMDB: A large video
database for human motion recognition. In: ICCV.

Lai, Z., Xie, W., 2019. Self-supervised learning for video correspondence flow. CoRR.
Laptev, I., 2005. On space-time interest points. Int. J. Comput. Vis. 64, 107–123.
Li, Q., Cheng, H., Zhou, Y., Huo, G., 2016. Human action recognition using improved

salient dense trajectories. Comput. Intell. Neurosci. 2016, 1–11.
Meng, L., Zhao, B., Chang, B., Huang, G., Sun, W., Tung, F., Sigal, L., 2019.

Interpretable spatio-temporal attention for video action recognition. In: ICCV.
Messing, R., Pal, C., Kautz, H., 2009. Activity recognition using the velocity histories

of tracked keypoints. In: IEEE ICCV. pp. 104–111.
Miech, A., Alayrac, J.-B., Smaira, L., Laptev, I., Sivic, J., Zisserman, A., 2020. End-to-end

learning of visual representations from uncurated instructional videos. In: CVPR.
Miech, A., Zhukov, D., Alayrac, J.-B., Tapaswi, M., Laptev, I., Sivic, J., 2019.

HowTo100M: Learning a text-video embedding by watching hundred million
narrated video clips. In: IEEE/CVF ICCV. pp. 2630–2640.
12
Mithun, N.C., Li, J., Metze, F., Roy-Chowdhury, A.K., 2018. Learning joint embedding
with multimodal cues for cross-modal video-text retrieval. In: Proceedings of ACM
ICMR. pp. 19–27.

Ng, J.Y., Hausknecht, M.J., Vijayanarasimhan, S., Vinyals, O., Monga, R., Toderici, G.,
2015. Beyond short snippets: Deep networks for video classification. CoRR.

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T., Lin, Z.,
Gimelshein, N., Antiga, L., Desmaison, A., Kopf, A., Yang, E., DeVito, Z., Raison, M.,
Tejani, A., Chilamkurthy, S., Steiner, B., Fang, L., Bai, J., Chintala, S., 2019.
Pytorch: An imperative style, high-performance deep learning library. In: Advances
in Neural Information Processing Systems, Vol. 32. pp. 8024–8035.

Selvaraju, R.R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., Batra, D., 2017. Grad-
CAM: Visual explanations from deep networks via gradient-based localization. In:
ICCV.

Sevilla-Lara, L., Zha, S., Yan, Z., Goswami, V., Feiszli, M., Torresani, L., 2021. Only
time can tell: Discovering temporal data for temporal modeling. In: Proceedings of
IEEE/CVF WACV. pp. 535–544.

Simonyan, K., Zisserman, A., 2014. Two-stream convolutional networks for action
recognition in videos. CoRR arXiv:1406.2199.

Soomro, K., Zamir, A., 2014. Action recognition in realistic sports videos. Advances in
Computer Vision and Pattern Recognition, Vol. 71 181–208.

Springenberg, J.T., Dosovitskiy, A., Brox, T., Riedmiller, M.A., 2015. Striving for
simplicity: The all convolutional net. CoRR arXiv:1412.6806.

Srivastava, N., Mansimov, E., Salakhutdinov, R., 2015. Unsupervised learning of video
representations using LSTMs. CoRR.

Stergiou, A., Kapidis, G., Kalliatakis, G., Chrysoulas, C., Poppe, R., Veltkamp, R., 2019.
Class feature pyramids for video explanation. In: ICCVW.

Sun, J., Mu, Y., Yan, S., Cheong, L.-F., 2010. Activity recognition using dense long-
duration trajectories. In: IEEE International Conference on Multimedia and Expo.
IEEE, pp. 322–327.

T. Nagarajan, K.G., 2019. Grounded human-object interaction hotspots from video. In:
ICCV.

Tran, D., Wang, H., Feiszli, M., Torresani, L., 2019. Video classification with
channel-separated convolutional networks. In: IEEE/CVF ICCV. pp. 5551–5560.

Tran, D., Wang, H., Torresani, L., Ray, J., LeCun, Y., Paluri, M., 2018. A closer look at
spatiotemporal convolutions for action recognition. In: Proceedings of IEEE CVPR.

Ullah, A., Muhammad, K., Del Ser, J., Baik, S.W., de Albuquerque, V.H.C., 2018. Activ-
ity recognition using temporal optical flow convolutional features and multilayer
LSTM. IEEE Trans. Ind. Electron. 66 (12), 9692–9702.

Wang, H., Klaser, A., Schmid, C., Cheng-Lin, L., 2011. Action recognition by dense
trajectories. In: CVPR. IEEE, Colorado Springs, United States, pp. 3169–3176.

Weinzaepfel, P., Rogez, G., 2019. Mimetics: Towards understanding human actions out
of context. CoRR arXiv:1912.07249.

Xie, S., Girshick, R., Dollár, P., Tu, Z., He, K., 2017. Aggregated residual transformations
for deep neural networks. In: CVPR.

Xie, S., Sun, C., Huang, J., Tu, Z., Murphy, K., 2017. Rethinking spatiotemporal feature
learning for video understanding. CoRR arXiv:1712.04851.

Yang, X., Yang, X., Liu, S., Sun, D., Davis, L., Kautz, J., 2020. Hierarchical contrastive
motion learning for video action recognition. CoRR arXiv:2007.10321.

Yansong Tang, Y.R., 2019. COIN: A large-scale dataset for comprehensive instructional
video analysis. In: CVPR.

Yi, K., Gan, C., Li, Y., Kohli, P., Wu, J., Torralba, A., Tenenbaum, J.B., 2020. CLEVRER:
Collision events for video representation and reasoning. In: International Conference
on Learning Representations.

Yoshikawa, Y., Lin, J., Takeuchi, A., 2018. STAIR actions: A video dataset of everyday
home actions. CoRR arXiv:1804.04326, URL http://arxiv.org/abs/1804.04326.

Zeiler, M.D., 2014. Visualizing and understanding convolutional networks. In: ECCV.
Zhou, B., Andonian, A., Oliva, A., Torralba, A., 2018a. Temporal relational reasoning

in videos. In: Ferrari, V., Hebert, M., Sminchisescu, C., Weiss, Y. (Eds.), ECCV.
Springer International Publishing, Cham, pp. 831–846.

Zhou, B., Lapedriza, A., Khosla, A., Oliva, A., Torralba, A., 2017. Places: A 10 million
image database for scene recognition. IEEE Trans. Pattern Anal. Mach. Intell..

Zhou, L., Xu, C., Corso, J.J., 2018b. Towards automatic learning of procedures from web
instructional videos. In: AAAI Conference on Artificial Intelligence. pp. 7590–7598.

http://refhub.elsevier.com/S1077-3142(22)00053-4/sb9
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb9
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb9
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb10
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb10
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb10
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb10
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb10
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb11
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb11
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb11
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb12
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb12
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb12
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb13
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb13
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb13
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb14
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb14
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb14
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb14
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb14
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb15
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb15
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb15
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb15
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb15
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb16
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb16
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb16
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb17
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb17
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb17
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb17
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb17
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb18
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb18
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb18
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb18
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb18
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb19
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb19
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb19
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb20
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb20
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb20
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb20
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb20
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb21
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb21
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb21
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb21
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb21
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb22
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb22
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb22
http://arxiv.org/abs/1905.05143
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb24
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb24
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb24
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb25
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb25
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb25
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb25
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb25
http://arxiv.org/abs/1705.06950
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb27
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb27
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb27
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb28
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb28
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb28
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb29
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb30
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb31
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb31
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb31
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb32
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb32
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb32
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb33
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb33
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb33
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb34
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb34
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb34
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb35
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb35
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb35
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb35
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb35
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb36
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb36
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb36
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb36
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb36
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb37
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb37
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb37
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb38
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb39
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb39
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb39
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb39
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb39
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb40
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb40
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb40
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb40
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb40
http://arxiv.org/abs/1406.2199
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb42
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb42
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb42
http://arxiv.org/abs/1412.6806
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb44
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb44
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb44
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb45
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb45
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb45
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb46
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb46
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb46
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb46
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb46
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb47
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb47
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb47
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb48
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb48
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb48
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb49
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb49
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb49
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb50
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb50
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb50
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb50
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb50
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb51
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb51
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb51
http://arxiv.org/abs/1912.07249
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb53
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb53
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb53
http://arxiv.org/abs/1712.04851
http://arxiv.org/abs/2007.10321
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb56
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb56
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb56
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb57
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb57
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb57
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb57
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb57
http://arxiv.org/abs/1804.04326
http://arxiv.org/abs/1804.04326
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb59
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb60
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb60
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb60
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb60
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb60
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb61
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb61
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb61
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb62
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb62
http://refhub.elsevier.com/S1077-3142(22)00053-4/sb62

	Are 3D convolutional networks inherently biased towards appearance?
	Introduction
	Background and related work
	I3D is biased towards appearance on action datasets
	New measures for temporal dynamics in 3D filters
	Analysis of temporal dynamics

	I3D is not inherently biased towards appearance
	Decoupled motion-appearance datasets
	Analysis of temporal dynamics on decoupled datasets
	BrushMNIST experiments
	Places+Faces+MNIST experiments


	Does pre-training on millions of videos resolve the appearance bias in 3D convolutional networks?
	Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Appendix A. Scene Bias
	Appendix B. ASDT measure
	ASDT calculation
	ASDT for different 3D architectures

	Appendix C. Self-convolution measure
	Appendix D. Generating trajectories from MNIST digits
	References


