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Abstract

Human action recognition is a crucial computer vision task that plays an important
role in various video understanding applications. Due to the increasing popularity of
video content on the internet, it is vital to research better action recognition to replace
excessive human labor to analyze videos. In this thesis, mainly three different problems
related to efficiency and robustness that prohibit action recognition technology from
being accessible to more people are identified, and solutions to each are proposed.

Firstly, the problem of capturing temporal information for video classification in
2D networks, without increasing their computational cost, is addressed. Existing ap-
proaches focus on modifying the architecture of 2D networks (e.g., by including filters
in the temporal dimension to turn them into 3D networks, or using optical flow), which
increases computation cost. Instead, we propose a novel sampling strategy, where we
re-order the channels of the input video, to capture short-term frame-to-frame changes.
We observe that even without extensions, the proposed sampling strategy improves per-
formance on multiple architectures (e.g., TSN, TRN, TSM, and MVFNet) and datasets
(CATER, Something-Something-V1 and V2), up to 24% over the baseline of using the
standard video input. In addition, our sampling strategies do not require training from
scratch and do not increase the computational cost of training and testing. Given the
generality of the results and the flexibility of the approach, we hope this can be widely
useful to the video understanding community.

Next, precisely naming the action depicted in a video can be a challenging and
oftentimes ambiguous task. In contrast to object instances represented as nouns (e.g.,
dog, cat, chair), in the case of actions, human annotators typically lack a consensus as
to what constitutes a specific action (e.g., jogging versus running). In practice, a given
video can contain multiple valid positive annotations for the same action. As a re-
sult, video datasets often contain significant levels of label noise and overlap between
the atomic action classes. In this work, we address the challenge of training multi-
label action recognition models from only single positive training labels. We propose
two approaches that are based on generating pseudo training examples sampled from
similar instances within the train set. Unlike other approaches that use model-derived
pseudo-labels, our pseudo-labels come from human annotations and are selected based
on feature similarity. To validate our approaches, we create a new evaluation bench-
mark by manually annotating a subset of EPIC-Kitchens-100’s validation set with mul-

tiple verb labels. We present results on this new test set along with additional results



on a new version of HMDB-51, called Confusing-HMDB-102, where we outperform
existing methods in both cases. Data and code are publicly available.

Finally, despite recent advances in video action recognition achieving strong per-
formance on existing benchmarks, these models often lack robustness when faced with
natural distribution shifts between training and test data. We propose two novel eval-
uation methods to assess model resilience to such distribution disparity. One method
uses two different datasets collected from different sources and uses one for training
and validation, and the other for testing. More precisely, we created dataset splits of
HMDB-51 or UCF-101 for training, and Kinetics-400 for testing, using the subset of
the classes that are overlapping in both train and test datasets. The other proposed
method extracts the feature mean of each class using the target evaluation dataset’s
training data (i.e., class prototype), and estimates test video prediction as a cosine sim-
ilarity score between each sample to the class prototypes of all classes. This procedure
does not alter model weights using the target dataset and it does not require align-
ing overlapping classes of two different datasets, thus is a very efficient method to
test the model robustness to distribution shifts, without prior knowledge of the target
distribution. We address the robustness problem by adversarial augmentation training
— generating augmented views of videos that are “hard” for the classification model
by applying gradient ascent on the augmentation parameters — as well as ‘“curricu-
lum” scheduling the strength of the video augmentations. We experimentally demon-
strate the superior performance of the proposed adversarial augmentation approach
over baselines across three state-of-the-art action recognition models - TSM, Video
Swin Transformer, and Uniformer. Curated datasets and code are publicly released.
The presented work provides critical insight into model robustness to distribution shifts
and presents effective techniques to enhance video action recognition performance in

a real-world deployment.



Lay summary

We address the problem of automatic human action recognition, where an Al system
sees a video, usually involving humans, and understands their behaviors. This process
is typically done with machine learning, where the Al system gets trained by looking
at a large amount of video data with their annotated labels, for example, “opening a
door”, or “throwing something”. The system remembers the pattern of each action,
and when it sees a new video that it is not trained with, it should still understand that it
resembles the pattern of the other videos with the same action it has seen before.

More specifically, we address the issues in existing recognition technologies. Firstly,
although current action recognition systems are improving their recognition accuracy,
they are usually getting extremely expensive to use. In other words, they require ex-
pensive computers and a tremendous amount of time to train the system and use them
with new data. To address this issue, we propose to use lightly designed systems, but
the only modification is the looks of the videos so that the system can understand the
motion. This way, it was possible to improve the accuracy of the inexpensive systems
without incurring additional speed and computational costs.

As our second contribution, we identify that following the current video data label-
ing (annotating) convention introduces confusing meanings, which can lead to prob-
lems in training and using the systems. For example, an action of “peeling a carrot” can
be explained differently as “cutting a carrot’s peel”, or “removing a peel of a carrot”.
Furthermore, they are not necessarily synonyms, because “removing” can be used for
various contexts such as “removing a tray from an oven”, which is equivalent to “tak-
ing”. We address this by allowing the action recognition system to predict multiple
actions, but because it is generally not feasible to annotate in such a way, we still train
the system with only a single action label per video. We annotated a large-scale action
dataset with multiple labels to test that our system works much better than previous
methods.

Finally, we show that using a video that looks drastically different from the ones
that are used for training will fail the system. We show this by creating a dataset where
the training and testing (that is used for prediction) data look very different, but they
contain similar actions. We improve the accuracy in this scenario by changing the
looks of the videos so that it is “hard” for the existing system, to improve for difficult

(in terms of looks) videos.
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Chapter 1

Introduction

1.1 Problem

Human action recognition is an important computer vision task that involves video
category classification, and it serves as a fundamental technology for various video
understanding applications including video searching, anomaly detection, and gesture
recognition. Recent advances in mobile cameras that created a plethora of public video
data (e.g. social media), and even private video such as CCTV footage and police body
cameras, can require a tremendous amount of human labor to review. Furthermore,
there are likely to be many robots with vision in the near future. However, the perfor-
mance of action recognition is still not as reliable as that of many image-based recog-
nition tasks. Moreover, video-based action recognition requires a significant amount
of computational power to train and deploy. As a consequence, it is not yet common
to see products that utilize video understanding technology, yet there is an increasing

demand for this technology.

1.2 Claims

Recent advances in computer vision have shown remarkable progress. Today’s image
classification and detection performance is excellent, for instance. In contrast, video
research progress is further behind. One may think image methods can directly be
applied to a video pipeline, by processing each frame, but in many cases, this is simply
not true due to the nature of video having an extra temporal dimension that complicates
the problem.

The first hypothesis as to why video classification is harder than image classifica-
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tion is that today’s action models lack temporal understanding. There have been many
attempts to enhance temporal understanding in action recognition models [1} 2], how-
ever, it is still unclear what method is the best for generic action recognition problems.

But how important is temporal understanding for action recognition? There are
many papers that claim that simple 2D CNN-based models that ignore temporal infor-
mation can outperform the 3D counterparts [3} 4]. 2D CNNs are widely popular due
to their effectiveness, and thus it is crucial to study improving their temporal capabil-
ity. In addition, the importance of temporal understanding and ways of modeling such
capabilities varies according to the data, so it is vital to understand the problem being
solved.

Another problem is the lack of suitable datasets. There are quite a few action
recognition datasets, however, it is not enough to understand all of the different kinds of
challenges in action recognition. A lot of the approaches work well only on a couple of
datasets, and unfortunately they need to be tuned differently on others. Because of this
difficulty, many machine learning approaches are being tested on image datasets (e.g.,
Single Positive Multi-label Learning [} 6], Progressive Self Label Correction [7]).

It is extremely challenging to create an action recognition dataset due to the many
uncertainties in labeling. Video data is fundamentally a lot more complex than im-
ages. In image datasets, most of the objects of interest are center-framed, whereas it is
hard to keep the framing consistent in videos due to moving subjects and cameras, re-
sulting in inconsistent framing. Similarly, temporal boundaries of actions can be hard
to define [8]. As a consequence, it is very expensive to create a video dataset, and
furthermore, they are noisy.

Much research on designing video-based action recognition models has been done [3,
O, 110} 14 114 12, [12]. Instead of designing another network architecture for action recog-
nition, we claim that sampling videos in a way that encodes multiple frames in a single
frame representation will significantly improve action recognition performance. In this
thesis. we propose an extremely general video channel sampling strategy that enhances
the input representation, especially for efficient 2D networks. We also claim that there
exists a video-specific annotation ambiguity problem, and thus treating action recog-
nition as a multi-label classification task learned from single positive labels is a better
approach. We show how image-based methods [, 6] fail in this scenario, and sug-
gest a novel solution using pseudo labels. Finally, we claim that there exists a severe
distribution disparity between collected training videos and real-life videos, making it

extremely difficult to create video-based applications. This distribution shift problem
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can be addressed with a better augmentation strategy, and we claim that a novel ad-
versarial augmentation strategy makes the models more robust under such disparities.
Furthermore, we create a dataset to demonstrate the significant performance drop with
distribution shifts and suggest adversarial augmentation training as a solution to com-
pensate for this, with two different non-training-based measures to assess the benefits
of the adversarial augmentation methods.

To summarize, below are the factors that make action recognition difficult:

 Lack of temporal understanding in action models
* Lack of datasets
* Ambiguous, or single action annotations

* Poor problem understanding although video data is fundamentally more complex

than images
Thus, we claim that the methods given below will advance action recognition:

» Sampling videos such that the models have a bigger temporal receptive field

* Creating datasets for multiple verb learning

* Multi-label learning with single positive labels to enhance action understanding
 Creating datasets containing realistic distribution shifts

* A novel augmentation pipeline that will tackle the distribution shift issues that is

especially severe in video.

1.3 Contributions and Thesis Outline

Our main contributions are as follows. Firstly, we improve efficient 2D action recogni-
tion performance by a significant margin without adding computational cost, by sam-
pling video channels in novel ways. We show this by evaluating on many popular
datasets and architectures, showing a meaningful performance boost compared to nor-
mal RGB sampling. See Chapter 3]

Next, we identify complexity in labeling action recognition datasets, due to ambi-

guity in defining actions. This leads to issues in both training and testing the action
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recognition models. As a solution, we propose two novel ways to train multi-label ac-
tion classification given only single positive labels. The approaches try to disambiguate
the label space by analyzing similarities in training data and generating pseudo-labels
from similar instances that have different labels. We further annotate a large-scale
dataset in a multi-label fashion to test the multi-label performance, as well as introduce
a dataset with synthetically added label noise. We show that our methods outperform
existing single positive multi-label learning baselines. See Chapter

As our final contribution, we empirically demonstrate that the proposed adversar-
ial augmentation and curriculum adversarial training frameworks enhance robustness
to realistic distribution shifts between the training and test datasets, through exten-
sive experiments across multiple state-of-the-art architectures. We propose two novel
evaluation protocols to assess model resilience to distribution disparity using naturally
sourced datasets, as opposed to solely artificially corrupted data. For our first ap-
proach, we construct new cross-dataset benchmarks by identifying overlapping classes
between HMDB-51, UCF-101, and Kinetics-400. Models are trained on either HMDB
or UCF, and evaluated on the Kinetics data. We then introduce a similarity-based
evaluation approach that estimates predictions using cosine similarity between embed-
ded training and test features, without requiring class alignment. Experiments reveal
substantial performance degradation on our cross-dataset benchmarks, quantitatively
demonstrating the challenge posed by real-world distribution shift. We have publicly
released the constructed subsets of HMDB-51, UCF-101, and Kinetics-400 to enable
further research on this important problem.

Finally, we summarize the work and discuss successful and failed approaches, sug-
gesting future directions in Chapter [6]

To summarize,

* We improve 2D action recognition models by resampling frames. This does not

add any additional computational cost.

* We propose novel ways to train the single positive multi-label learning task, that
analyzes confusing label space that can overlap in meaning based on the context

of the videos.

* We annotated a large portion of the EPIC-Kitchens-100 dataset in a multi-label
fashion. This data subset is public at URL: https://github.com/kiyoon/

verb_ambiguity


https://github.com/kiyoon/verb_ambiguity
https://github.com/kiyoon/verb_ambiguity
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* We propose a novel adversarial augmentation training recipe that improves gen-

eralization in video action recognition.

* We propose new datasets to evaluate video action recognition performance with
a huge distribution shift. These datasets will be made public at URL: https:

//github.com/kiyoon/video-adversarial-augmentation

* We propose a novel evaluation method given a test dataset whose categories do

not align with the training dataset.


https://github.com/kiyoon/video-adversarial-augmentation
https://github.com/kiyoon/video-adversarial-augmentation

Chapter 2

Background

2.1 Action Recognition Overview

In this section, common and popular action recognition approaches using videos as

input are addressed.

2.1.1 Action Understanding Tasks

There are three main tasks in action understanding. Firstly, the action recognition
(classification) task refers to predicting what action is present usually in short video
segments. Secondly, the temporal action detection (localization) task requires answer-
ing when the action is present 13,14} 15, [16]]. Lastly, predicting when and where the
action is happening is called the spatial temporal action detection task 17,18, 19].

Additionally, each task can be done online or offline, the former uses real-time
data and the prediction has to be made without the future data, and the latter uses
stored data, and the predictions can be in labels or natural language.

In the later sections, we will focus on the offline action recognition task, where

each video has one label and trimme videos are used.

2.1.2 Video Representations

The most common representation of video frames for deep learning is 8-bit raw RGB,
where each pixel has three color channels — red, green, and blue, each represented by
8 bits (i.e., 256 levels). This representation does not encode any temporal information

in a frame. The raw format gives the deep learning networks the maximum potential

Ishort, usually within 10-second long video segments that contain one action.



Chapter 2. Background 7

for analysis, however, it is extremely memory inefficient and thus limits the model’s
capacity to accept higher resolution or frame rates. In practice, most of the images
and videos are stored in a compressed manner. For instance, the chroma subsampling
method samples chrominance (i.e., color) information less frequently than luminance
(i.e., brightness) information, due to the fact that human eyes are less sensitive to color
than brightness changes. This approach is rarely used in deep learning because of the
complex encoding (i.e., inconsistent resolution throughout the channels) and lack of
pre-trained networks shared publicly to begin with. In order to load compressed videos
for deep networks that accept raw videos, decoding (i.e., decompressing) is required
which can potentially be a bottleneck in the training process if done inefficiently (e.g.,
using an inefficient processor such as CPU rather than GPU). On the other hand, [20),
21]] used compressed images or videos as inputs for efficiency in storage, memory, and
speed.

Another approach is to compute differential images by simply subtracting each pair
of consecutive frames [3]. This gives the network a more explicit representation of
temporal high-frequency changes. Unfortunately, this is not robust to spatial shifting,
so as the camera pans, all pixel values change, which defeats the purpose of identifying
the moving objects by subtracting the frames.

Optical flow is another common representation in action recognition [[11} 3, 22].
Given two consecutive video frames, the optical flow is the direction and magnitude
of the motion at each pixel. Using optical flow as a separate stream [11] generally
improves performance, although it is often computationally expensive. Recent work
has used the motion vectors from compressed video (e.g., H.264) to avoid the compu-
tational cost of optical flow [20, 23]. Given any of these representations, one of the
standard approaches is to simply feed them as input to a 2D convolutional network,
similar to those used in the image domain, where frames are processed independently,
and the predictions are aggregated in the end. This family of approaches is called
2D, or frame-based networks. Despite their simplicity, they often work well on many
datasets, and are fast to train and test.

Dynamic images [24]] are a compact video representation that encodes spatial and
the entire motion information in a single image, so any image classification network
can perform action recognition using the generated images. In contrast, our methods
in Chapter 3| encode short-term temporal information per frame, resulting in a space-
time sequential representation (i.e., they do not compress an entire video into a single

frame) and can thus use off-the-shelf 2D action recognition networks to better capture
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temporal information compared to only using a single image classification model as in
[24].

Lastly, videos can be represented as graphs which are more straightforward high-
level representations than others. For example, [25] used object detection networks to
detect objects in videos to be represented as nodes, and connected the nodes (i.e., graph
edges) of visually similar and spatial-temporally overlapping objects. This is followed
by graph convolution networks (GCNs) to learn to predict action categories from the

representation.

2.2 Datasets

Kinetics [26] is one of the most popular large-scale action recognition datasets gath-
ered from public YouTube videos. The latest release (Kinetics-700) consists of ap-
proximately 650,000 video clips of 700 action classes, and each video clip is around
10 seconds long. This dataset has often been used when training from scratch, pro-
ducing good pre-trained models for fine-tuning for different datasets. Kinetics-400 has
been also widely used due to many existing benchmarks, and there are over 300,000
videos in 400 classes.

HMDB-51 [27] is relatively a small-scale action dataset that is popular due to its
small size while containing key actions such as facial actions, body movements, and
object interaction. It is composed of 7,000 video clips in 51 categories.

UCF-101 [28]] dataset consists of 13,320 videos in 101 action classes collected
from YouTube.

Something-Something-V2 [29] is an interesting large-scale dataset in which the
categories are labeled without mentioning the object present in the scene (e.g., Putting
[something] onto [something]) so that the model is forced to focus on the motion fea-
tures of the data over the appearance features. This is an important dataset for many
action recognition benchmarks because of the previous reports [3, 30, 4] claiming that
other datasets (especially HMDB, UCEF, and Kinetics) have an extreme background and
object bias that enables even image classification networks (i.e., 2D action models) to
classify action categories, sometimes even better than 3D counterparts. It consists of
220,847 videos distributed in 174 classes.

EPIC-Kitchens-100 [31]] is the second largest of first-person action datasets, con-
taining roughly 90,000 action segments in 97 verb classes and 300 noun classes. There

are 45 actors in 45 different kitchens so the evaluation can be done using unseen
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Figure 2.1: Verb and noun categories (x-axis) and sub-categories (differentiated by
color) that the EPIC-Kitchens-100 dataset has. The dataset is collected in an unscripted

way, and naturally there exists an extreme long-tailed distribution. Figure taken from

[32].

kitchens as well as seen kitchens. The dataset is non-scripted, meaning the actors
and actresses are acting as naturally as possible and the labels are annotated in post,
simulating the real-world scenarios but giving extremely biased data (e.g., “put” and
“take” actions occur significantly more often than “throw”). See Figure 2.1] for the list
of verb and noun categories and their distribution.

Ego4D is another large-scale egocentric video dataset that contains over 3,000
hours of videos in 9 different countries collected by 931 participants. In contrast to
EPIC-Kitchens having only cooking-related actions in kitchens, Ego4D consists of

various scenarios as shown in Figure[2.2]

2.3 Literature Review

2.3.1 3D Networks

A snippet refers to one or a few frames of images. In this section, a deep representation
of videos at a snippet level using 3D CNNss to recognize actions will be introduced.
3D CNNs were explored several times to extract spatial-temporal features [34, [35]].

Instead of using 2D spatial filters for CNNs, they use 3D spatial-temporal filters to
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Figure 2.2: Various scenarios described in the Ego4D dataset. Figure taken from [33].

learn both spatial and temporal features simultaneously. They are trained to extract
better feature representations. However, it is hard to train these models due to too
many parameters. In order to make use of pre-trained 2D CNNs models for image
classification, I3D networks [22] have been proposed to inflate 2D CNN's by copying
image frames to make stationary videos, and also copying 2D filters to make 3D fil-
ters. This network is commonly used as a baseline or a backbone model for action
recognition tasks.

Due to having an abundant number of parameters in the 3D CNNs, R(2+1)D (i.e.,
P3D) [36]] and Grouped Spatial-Temporal Aggregation (GST) are proposed to de-
couple the spatial and temporal capturing paths. For the R(2+1)D, the 3D convolutions
are completely decomposed to 2D spatial and 1D temporal convolutions as shown in
Figure 2.3] while GST tried to decompose into 2D spatial and 3D spatial-temporal
paths in parallel, as described in Figure [2.4]

SlowFast model [38]] has slow and fast pathways in 3D CNNs that run at different
frame rates to capture both appearance-oriented and motion-oriented features. As a
result, the architecture captures temporal information at two different temporal scales
(i.e., short-range and long-range), which means the features have richer temporal in-
formation.

Lastly, SmallBigNet [39] tackled the limitation of temporal convolution having
a small spatial receptive field. For example, when an object in a frame moves far

away, the temporal convolution does not track the object but it just focuses on the area
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Figure 2.3: R(2+1)D network in comparison to traditional 2D and 3D networks. 2D
networks process per image using spatial convolutions only, and at the end they aggre-
gate the features or predictions. TSN, TRN, TSM, and MVFNet fall into this category.
3D networks, such as C3D, 13D, and SlowFast, operate on video, using spatial-temporal
filters. Finally, the R(2+1)D network decouples the 3D convolution into spatial (2D) and

temporal (1D) convolutions.

where the object is no longer present. As a solution, a parallel branch called Big View
provides contextual information to the Small View by convolving over the 3D-max-
pooled feature.

Lastly, Temporally-Adaptive Convolutions [40] calibrates spatial convolutional ker-
nels based on the local and global context, instead of operating the same spatial con-
volution for every frame. Since the calibration is done on the kernel and not on the

feature maps, it efficiently models the temporal information.

2.3.2 Relation Networks and Attention

The Relation Networks (RNs) were first suggested to be used for visual question an-
swering (i.e., Visual QA) [41]. RNs are designed to solve tasks that require relational
reasoning between a pair of features (e.g., pixels, objects). An example of a relational
question (i.e., question that requires relational reasoning) can be found in Figure
The RN is applied to the final CNN feature maps, pairing each object representation
and inputting the pairs as a batch to two multi-layer perceptrons (MLPs). For example,
if the final CNN feature maps have the size of H x W x f where H and W are the spa-
tial coordinates and f is the number of filters, then the number of objects is H x W of

1 x f size, and there will be (H x W)? object pairs. Furthermore, the paper also claims



Chapter 2. Background 12

GST

G G
y {

(1x3><3, 1—0() ( 3X3X3, O )

Figure 2.4: GST network consists of GST modules that involve splitting the feature

maps and applying both spatial and 3D convolutions.

that the RN can be applied not only to the CNN feature maps but also to any form of
object representations such as object bounding boxes and physical state matrices.

A similar approach was used for video question answering (i.e., Video QA) [42]. In
order to capture the spatial-temporal relationships, a Spatial Relation Module (SRM)
as [41]], Global Context Encoder LSTM (GCE), and a Temporal Relation Module are
used. The GCE module takes the C3D motion feature and generates long-term tempo-
ral information. The SRM and GCE features are then concatenated and passed to the
Temporal Relation Network (TRN) [9], which will be explained in the next paragraph.
The generated spatial-temporal feature is then used in the answer decoder module.

There have been several attempts at using RNs for action recognition. Non-local
Neural Networks (NLNs) [43]] is a neural network module that can be inserted into any
2D, 3D, or N-D CNN network. Since it outputs the same size as the input, it can be
inserted into any pre-trained networks without changing their shape and weights. A
position x;’s response is computed by the weighted average of the features of all po-
sitions x;, learning the spatial-temporal relation for video inputs. Unlike TRN which
uses the last convolutional feature, NLNs can be inserted a number of times in between
convolutional layers in a network, however this can introduce a significant computa-
tional overhead as described in Figure There are four variants of NLNs: Gaussian,
embedded Gaussian, dot product, and concatenation. The authors reported that they
all perform similarly and embedded Gaussian is used for easy visualization but not

for performance reasons. Using embedded Gaussian can be seen as a self-attention
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.. Non-relational question:
Original Image:
What is the size of .
the brown sphere? .

Relational question:

Are there any rubber
things that have the
same size as the yellow
metallic cylinder?

Figure 2.5: An example of a relational question. A typical CNN network may not be able
to answer such questions, and adding relation networks enables this reasoning. Figure
taken from [41]).

module [44] being used to learn space-time relationships for computer vision.

Due to the popularity of non-local operations, there have been several studies im-
proving or modifying the NLNs. [45] claims that in many scenarios attention can be
dispersed. For example, in boxing, the network should attend to two distant boxers.
The bilinear transform supports a wide range of transforms which allows the network
to capture local and global attention.

Graph Convolution Networks (GCNs) [25] represent a video as space-time graphs:
appearance-similarity relations and spatial-temporal relations. Video inputs are passed
to an I3D network [22] and to a Region Proposal Network (RPN) to generate the object
bounding boxes and their feature representation. Then, RolAlign is used to generate
7 %7 x d output features which are then max-pooled to 1 x 1 x d. The extracted features
are used to construct the similarity graph using the self-attention module [44] and
the bounding boxes are used to generate the spatial-temporal graph where objects in
one frame are connected to spatially-close objects in the next frame (and vice versa
for bidirectional information). The graphs are convolved and features are generated,
which are then concatenated to the I3D feature to perform classification. This approach
performs 2.7% better than Non-local Networks on the Charades dataset. However, the
limitation of the graph convolution is that it works for structured data such as bounding
boxes, whereas Non-local blocks or relation networks can be applied to unstructured
data such as CNN features. In other words, between NLNs and GCNs, there is a
flexibility and performance trade-off. Additionally, the spatial-temporal relation graph
does not have any learnable parameters and is constructed using a naive measure.

Instead of adding relational reasoning in CNN architectures or graph represen-

tations, a more recent trend is to use transformer-based architectures, getting rid of



Chapter 2. Background 14

inter-frame
spatial-temporal
relational feature

(a) Non-local Neural Networks

per-frame
spatial CNN
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temporal relational features
or classification scores

(b) Temporal Relation Networks

Figure 2.6: Comparison between the Non-local Neural Networks (a) and the Temporal
Relation Networks (b). The relational reasoning happens on a per-pixel level for (a),
and only on final features for (b). This is why (b) is much more efficient than (a). Figure

inspired and modified from [43].

convolutional layers [46, [2, [12]]. This can add a significant computational overhead
especially when the data gets larger, but it is known to perform better given large-scale

training data.

2.3.3 2D Architectures for Temporal Modeling

While 3D action recognition networks can perform better than their 2D counterparts,

they have larger computational requirements for training and testing. This in turn,
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makes them challenging to deploy in resource-constrained settings, e.g., mobile and
online scenarios. As aresult, 2D networks for action recognition tasks are still common
practice for certain application domains.

Temporal Segment Networks (TSN) [3] is an early and widely used 2D method.
TSN simply extracts predictions for each frame sampled from the input video using a
2D backbone network and then averages these predictions for the final output. Frames
are sparsely sampled from longer videos so that the model can reason over long time
spans. With an added optical flow stream, TSN achieves competitive performance on
action datasets, even defeating some 3D networks at the time of release. This high
performance is more obvious in datasets where there is a strong correlation between
actions and static objects and scenes [47]. In contrast, TSN performs worse on datasets
that require explicit temporal reasoning [29, 30].

Temporal Relation Networks (TRN) [9] aim to capture relational information across
frames. For this, it also uses a 2D backbone to extract features from sparsely sampled
frames, but then aggregates the frame-level features using a relational module [48]],
as described in Figure The authors proposed a multi-scale relational module that
learns 2-frame, 3-frame, and up to T-frame relationships (TRN-multiscale, or MTRN
in short). This slightly improves performance over the single-scale TRN. This is an im-
provement over TSN, which is agnostic to the temporal ordering of the input frames.
As a result, TRN improves performance on temporal datasets, e.g., [29]. However,
their model is not very memory-efficient, as it requires 7 — 1 relational modules (from
2 to T frame) using fully-connected layers, making it challenging to process many
frames.

The Temporal Shift Module (TSM) [10] follows the same strategy as the TSN but
modifies the ResNet [49] backbone so that the network can partially access information
from one past and one future frame (i.e., temporal shift). In order to maintain the
spatial feature learning capability, the temporal shift happens inside a residual branch,
so the backbone choice is limited to those with residual connections. TSM achieved
improved performance on the Something-Something-V2 dataset [29], showing that 2D
models are not obsolete and are still competent in action recognition.

Multi-View Fusion Network (MVFNet) [50] adds channel-wise convolutions to
model height-width, height-time, and width-time views instead of treating height-
width-time video frames as a space-time signal. This approach performs better than
TSM while still remaining computationally efficient.

Finally, Temporal Difference Networks (TDN) [51] explicitly compute motion in-
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Figure 2.7: Comparison between the Temporal Segment Networks (a) which is the
simplest of the 2D networks, Temporal Relation Networks (b) and its multi-scale variant

().

formation by sampling five times as many input frames (e.g., 8-frame TDN uses 40
frames) and computes RGB differences for capturing short-term information and uses

multi-scale attention for capturing long-term temporal information. TDN presented
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a new state-of-the-art on the Something-Something datasets, but at the cost of using
significantly more input frames.

In Chapter 3] we take advantage of the efficiency and simplicity of 2D video mod-
els by proposing image channel sampling strategies that improve a model’s ability to
capture temporal information. This increases accuracy, all without introducing any

additional computation during training or testing.

2.3.4 Modeling Longer Timespans

Conventional 3D CNNs are not able to capture long-term information. There is much
research tackling this problem by modeling longer timespan.

Long-Term Feature Banks [16] take short-term features generated by 3D CNNs
and long-term features which is a collection of short-term features at all time stamps,
and computes updated versions of short-term features for better classification. The
feature bank operator is flexible, and the authors have demonstrated using attention
and pooling operations.

Instead of stacking a large number of local operations, [S2]] proposed a multiple
temporal aggregation (MTA) module that divides the feature’s channel dimension by
4 and applies sub-convolutions successively to each fragment and adding the previous
fragment’s convolution output so that the message from distant frames will be pre-
served. Along with that, they also proposed a motion excitation (ME) module that
calculated learnable motion information using two consecutive frames. It is similar to
optical flow, but it is learnable and calculates feature-level motion instead of using raw
pixels.

MeMVIiT [53] utilizes memory to model features at arbitrary layers, as opposed to
the Long-Term Feature Banks which only model the output feature. As a result, their
transformer backbone can refer to the prior context efficiently without much increase

in cost.

2.3.5 Efficient Training

In order to reduce the trade-off between the fast training convergence time in low-
resolution and more accurate predictions in high-resolution, Multigrid training [54]]
attempts to train in small input sizes at the beginning of training and in large input
sizes at the later steps. It is reported that it is not only 4.5x faster, but also increases

the accuracy by 0.8% on the Kinetics-400 dataset.
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Figure 2.8: TSM efficiently adds temporal reasoning abilities to the existing 2D networks
by shifting the feature maps temporally. This introduces almost zero computational over-
head while giving a significant performance boost on some of the datasets, especially

those that require extensive temporal reasoning. Figure taken from [10].

Another study [53]] suggested eliminating redundancy in the 3D CNN filter’s time
domain by converting the filters into the frequency domain and discarding rows with
small frequency values. Intuitively, this can be seen as an edge detection process in
visualized features.

X3D [56] is an expanding architecture that starts from a small 2D model and ex-
pands one single axis such as temporal duration, spatial resolution, width, depth, etc.
at a time until it finds the best computation and accuracy trade-off by training and
validating the model.

[S7]] proposed a regularization method for action recognition by multiplying noise
by smoothed (i.e., low-frequency components) features. Their analysis showed that
multiplying low-frequency parts of the feature by noise degrades accuracy less than
multiplying the high-frequency parts. This suggests that high-frequency features are
more important in action recognition, and note that this observation matches that from
[S3]. By simply multiplying the low-frequency components of the feature by Gaussian
noise, they managed to generalize the network better.

For efficiency, it has been also popular to use 2D backbone-based networks like
TSN. The problem with the 2D backbone is that it usually lacks reasoning about tem-
poral information, making it vulnerable to tasks that require temporal understanding
(e.g., distinguishing between opening and closing a door). The Temporal Shift Module
(TSM) [10] brought a significant accuracy improvement over TSN without introducing
computational complexity, by shifting the CNN features of the backbones temporally

so that the feature maps contain multi-time information. See Figure[2.8]
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Calculating accurate optical flow is computationally expensive, prohibiting its use
in many online scenarios. There has been a lot of work addressing this issue. Rep-
resentation Flow [58]] adds optical flow layers in CNN architectures which will learn
flow-like features using the CNN feature maps. The layer is inspired by optical flow
algorithms but is not limited to RGB frames as inputs. Therefore, the layer can even
compute “flow of flow” representations. Due to simpler computation yet being more
flexible, they managed to maintain the performance of two-stream models efficiently.
In addition, Motion Augmented RGB Stream (MARS) [59] networks distil information
from the flow stream that has motion information to the RGB stream. As a result, they
made standard 3D CNN models operating on RGB frames mimic the motion stream,
which improved the accuracy of the single-stream networks at test time.

A recent trend is data-efficient training with masked autoencoders (MAE), which
trains with reconstruction loss given a sparsely-masked input, that enables self-supervision
without labels. The authors of VideoMAE [60] demonstrated that using an extremely
high masking ratio (around 90%), even small datasets performed well if they were of
good quality. The high masking ratio is possible due to the fact that video data has
high temporal consistency. The VideoMAE can outperform all baselines without re-
quiring any additional data for pre-training, unlike other methods, in many datasets and
tasks. Hiera [61] optimizes the vision transformer architecture by removing unneces-
sary components without losing accuracy. For example, they showed that changing
the max pooling kernel stride so they do not overlap between separate masks improves
speed and performance. Masked Video Distilation [62] uses a reconstruction of high-
level features instead of low-level RGB pixels. Furthermore, the model uses a knowl-
edge distillation method with separate spatial and temporal teachers. It achieved state-
of-the-art performance on Something-Something-V2. However, the efficient MAEs
still use expensive transformer models that are reported to require almost 200 times

higher GFLOPs, and in Chapter [3] we deal with an extremely efficient 2D models.

2.3.6 Noisy Labels and Videos

Video datasets are generally noisy. [63] proposed a way to learn from noisy web videos
using a Q-learning method. It tries to learn a data labeling policy from a small train-
ing dataset, and automatically labels new data using the policy. However, the concept
of noisy labels in this research is coming from web data, and is different from the

ambiguous annotation problem and multi-label learning we discuss in Chapter 4] [64]
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introduced a video dataset where noise in the labels comes from inaccurate parsing of
web tags. They showed that using multiple labels per video, pre-training the network
with their dataset and fine-tuning on the UCF-101 improves performance compared
to using only single labels. However, in their dataset, they already have multiple la-
bels per video although they are noisy, but we tackle the problem of only having a
single label to train multi-class classification. [65] explored pre-training methods us-
ing large-scale video datasets with label noise (i.e., missing or incorrect labels) and
temporal segmentation noise. Their study is based on the fact that pre-training with a
large-scale action dataset improves action recognition performance even with the pres-
ence of label noise and low-quality videos. [8] studied temporal ambiguity in action
labeling showing that the perception of temporal bounds is highly subjective, which
in turns leads to recognition robustness issues. They proposed a new strategical an-
notation strategy that involves dividing the actions into a pre-actional phase and an
actional phase, achieving higher consistency in temporal labeling. Multiple instance
learning has also been used to tackle noisy video datasets, where noise comes from
less reliable annotations or sparse labeling [66, |67]]. The idea is that it is more likely
to have false positive annotations than false negatives. Therefore, they group multiple
positive-labeled examples together, which will smooth out the noise, while keeping the
negative examples as is (i.e., group of 1) for training.

However, none of these methods specifically address the noise generated by the
ambiguous nature of verbs. This type of noise exhibits different distributions com-
pared to noise stemming from the other problems discussed above. This is because the
meaning of a verb varies depending on the action context, and as a consequence there
is only a partial overlap across different labels, i.e., labels are not exactly interchange-

able across all videos.

2.3.7 Corruption Robustness Analysis

[68] provided benchmarks for measuring a neural network’s robustness to corruptions
and perturbations, by evaluating with 15 algorithmically-generated corruptions (e.g.,
noise, blur, pixelate, compression artifacts). [69] extended this to video classification
tasks and video corruptions (e.g., video compression artifacts, frame rate conversion,
bit error, packet loss). [70] reported a large-scale robustness analysis of deep action

recognition models again using pre-defined perturbations.
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However, these approaches were evaluated using simulated data, while we propose
to use real data for testing. Evaluating robustness with augmented data prohibits the
same augmentations from being used for training. Chapter[5|focuses on a more realistic
scenario where a known set of data augmentation strategies is used for training and

evaluating is done with unprocessed real data.

2.4 Conclusion

In conclusion, we saw that action recognition networks with temporal reasoning, datasets
that require temporal reasoning, spatio-temporal relational reasoning models, and us-
ing different representations (e.g., optical flow) as separate streams in the networks
have been investigated. We did not see efficient sampling methods for efficient mod-
els, action recognition as a single positive multi-label learning problem, and adversar-

ial augmentation training with realistic distribution shifts, which we will explore in
chapters [3|to[3]



Chapter 3

Channel Sampling Strategies for

Action Recognition

3.1 Introduction

Understanding temporal information is crucial in order to understand video. While
2D convolutional filters are usually the standard approach to capture spatial informa-
tion, there is a wider variety of methods for capturing temporal information. These
include, for example, using the transformer architecture [71], 3D networks [72], com-
puting optical flow and feeding it to a 2D convolutional network [[11], using relational
networks [9]], or using Recurrent Neural Networks (RNNs) [73]], among others. All
of these methods require changes in the underlying network architectures, additional
computational cost compared to simple 2D networks, as well as the time-consuming
process of pre-training from scratch.

In this chapter, we propose two simple and novel channel sampling strategies that
improve the ability of a given 2D network to capture temporal information without
changing the architecture. In particular, we re-order the channels of the input video in
two ways: in the first, we re-order the channels of the video so that each frame is com-
posed of three channels: one that belongs to the frame before, one that belongs to the
current frame, and one that belongs the frame after. These three channels are concate-
nated in the channel dimension as if it were a single frame. This procedure incorporates
temporal information from neighboring frames, while keeping the dimensions of the
input frame.

In the second strategy, we compute a grayscale version of three neighboring frames

at a time, and again concatenate them in the channel dimension, as if they were a single

22
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Figure 3.1: We show that it is possible to significantly increase the performance of
lightweight action recognition networks on the challenging Something-Something-V1
dataset by simply adapting how the individual image channels are sampled. Our ap-
proaches, TC+2 (in green) and GrayST (in orange), improve accuracy across several
networks without increasing inference time. This enables us to narrow the gap between
these efficient baselines and much more computationally demanding methods such as
TDN [51] and Video Swin Transformers [2]. Note that we use a log scaling on the hori-

zontal axis.

RGB image.

We test these extremely simple re-ordering strategies on five widely used 2D net-
works (TSN [3], TRN/MTRN [9]], TSM [10], and MVENet [50]). We observe that
without any additional engineering these re-ordering strategies improve results up to
24% compared to the standard RGB channel ordering, across multiple challenging
video datasets and different networks. We also observe that the improvement is partic-
ularly large in the datasets where temporal information is more important, in particular
on CATER [74] and Something-Something [29]]. Figure[3.1]illustrates the performance
improvement which does not add additional significant computational overhead.

Our main contributions are:

* We improve the performance of simple 2D CNN-based action recognition mod-
els while incurring no additional computational complexity and with no modifi-
cation to the underlying models. Our solutions can be used with most existing

network architectures.

» Through extensive experimental evaluation on several common models and datasets,

we show the efficiency of our proposed sampling methods and report superior
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performance compared to standard image sampling.

This chapter has been published in The 33rd British Machine Vision Conference
(BMVCO), 2022.

3.2 Method

3.2.1 Overview

Given an input video v, the task of action recognition is to predict the action class label
y of the video. Typically, the input video v can be sampled sparsely, which means that
each video is evenly divided into T segments. Then, in the standard 2D paradigm, a
frame x; is chosen at random for each segment at training time. We call the set of
sampled frames X, i.e., X = {x1,X2,...,X7}.

We let f(x;) denote the 2D backbone model that takes a single image as input, and
outputs a feature map. We compute f(X) = {f(x1),f(x2),...,f(xr)}. Finally, g(-)
is a temporal aggregation module that takes the T feature maps and returns the output
category prediction y. The aggregation function g(-) can simply be an average of the
individual predictions as in TSN [3} [10],

L (/)
g (X)) = LT

where hg 1s a per-frame classifier. In other cases, like TRN [9], the aggregation function

3.1

reasons about the relationship among multiple frames by concatenating the features

and applying a multi-layer perceptron (MLP) A,

8(f(X)) = hg(concat(f(X))). (3.2)
The multi-scale version of TRN (MTRN) works similarly but has several aggregation
modules, each accounting for reasoning between 2-frame, 3-frame, ..., T-frame rela-
tionships.

Across variants of the 2D paradigm, the frames of a video are typically sampled se-
quentially with all color channels intact. Instead, we propose two alternative sampling
strategies, Time-Color Reordering and Grayscale Short-Term Stacking that enables
2D backbone-based models to exploit temporal information by means of reordering
the input channels. Despite their conceptual simplicity, these two sampling strategies
significantly improve action recognition performance without requiring any structural

changes to the backbone model.
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Figure 3.2: Visualization of our TC Reordering and GrayST methods. In each
case, the top row represents the original input frames, i.e., eight RGB frames in[(a)} and
nine grayscale frames in[(b)] Note also that, GrayST gets to use three times as many

input frames, e.g., to generate 8 output frames, one needs to sample 24 inputs.

3.2.2 Time-Color Reordering

We propose a simple yet powerful sampling technique for video frames called Zime-
Color (TC) Reordering. We allow the 2D backbone model f(x;) to see temporal infor-
mation by re-sampling the three color channels of the model. We do this by taking one
color channel from the input clip (i.e., red) of 3 consecutive frames, and concatenating
in the channel dimension to form an input “image”. Then we repeat the process with
the next color channel (i.e., green), and so on. Note that this is merely a different rep-
resentation of the input video by means of changing the channel order, and does not re-
quire any modification to the backbone model or include additional information or pro-

TC _ [ TC TC xIC
X {X oo, Xp

denote a video clip sampled following the proposed TC Reordering samphng strategy,

cessing. More specifically, the process is as follows. Let
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Figure 3.3: Visualization of the different sampling strategies. All frames are interpreted
as if they were RGB. The video depicted is an instance of “Pulling something from left
to right” from the Something-Something-V2 dataset. Our two sampling strategies make

the motion and its direction clearly visible by utilizing three color channels.

where
(xR, xR xR ,), ifimod3=1.
X[ C =9 (x8,x8 28 ,), ifimod3=2. (3.3)

B B B :
(X7, Xy 1,Xiy0), otherwise.

Here, xF is the red channel from the i-th frame, xlc’ for green, and x? for blue. Since
the last two TC frames try to access future frames (i.e., x74+1 and x7) that are not
available, we just use x7 with the corresponding color channel for this case. This sim-
ple process yields frames that contain information about the neighboring frames, and
it is the core reason for the large advantage we observe in temporal tasks. Figure[3.2(a)]
outlines the procedure in detail.

We alternate color channels to expose the network to more varied data. That is, dif-
ferent channels depict a particular object with different brightness and contrast, while
keeping the original shape of the object. We observe that this color alternation pro-
duces better results than a single one, and speculate that it may work as a form of data
augmentation.

We also propose an alternative method 7C+2 where we sample just two more
frames to avoid the duplication of the last frames. The cost of sampling two more
frames is almost negligible in many practical scenarios even with long-input networks,
and we observe significant improvement of performance as the way the input data is

formed is consistent throughout the frames.
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3.2.3 Grayscale Short-Term Stacking

Here we introduce another sampling technique that we call Grayscale Short-Term
Stacking (GrayST). This approach is designed to use more source frames with the
same compact 2D networks by using grayscale images instead of RGB. The motiva-
tion is that in semantic action/behavior understanding tasks, color information can be
redundant, and we can use that capacity to include temporal information instead, by
inputting more frames. Previous work [75] showed that there is only a 0.5% drop
in accuracy on ImageNet [76], when training on grayscale images compared to RGB
images. Thus, we replace the three color channels that are normally fed into a 2D
backbone network with three grayscale frames, from three different sequential time
steps. In effect, this allows the backbone model to see short temporal information at
the expense of forgoing the ability to reason about color. This sampling strategy is
visualized in Figure [3.2(b)|

When the input sequence length to a network is intended to be 7 frames, we sim-
ply sample 3 x T frames in grayscale, and stack the three consecutive frames into
one image, containing three grayscale channels. In offline scenarios, we can utilize
higher temporal resolution per video clip without introducing any latency for training
or testing. Some online scenarios may have a limited number of frames, so we also
experiment with matching the number of input RGB frames, i.e., 8-frame GrayST (that
sees 24 frames) vs 24-frame RGB.

We let XO5T = {X?ST, ngT, e ,XCT}ST} denote a GrayST video clip. We first sam-

ple 3 x T grayscale frames following the same sparse sampling strategy as before,

X8 ={x,15,.... x5}, (3.4)

8

where x; is a grayscale image. Then, a GrayST frame is made of three neighboring

temporal frames in X8 which is defined as
x0T = (g0 3.5

A comparison between the two sampling techniques is visualized in Figure [3.3]

3.3 Evaluation

In this section we evaluate our two channel sampling strategies on multiple different

action recognition datasets using several different network architectures.
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3.3.1 Experiment Details

Datasets. = We experiment with challenging datasets that require extensive tempo-
ral reasoning. The datasets are chosen to span a wide range of situations, e.g., short
and long range temporal reasoning, static and moving cameras. CATER [74] is a syn-
thetic action recognition dataset involving long-term temporal reasoning. CATER has
two versions of the videos, with camera motion and without, and we experiment with
both of them. CATER also consists of three different tasks: primitive multi-label ac-
tion recognition (task 1), compositional multi-label action recognition (task 2), and
localization of object of interest (task 3). We evaluate task 2, compositional action
recognition, as it requires the longest temporal reasoning (from the beginning to the
end of the videos consisting of 301 frames). This provides the biggest challenge for
action recognition methods that only focus on short-term clips.

Specifically, the CATER task 2 has 301 classes. Each class represents the ordering
of two action pairs: an object performing an action before/during/after another object
performing another action, for example, “cone slides before cylinder rotates”. Further-
more, CATER allows containment of objects, and even recursion of such containment.
That is, the action models have to remember which object is contained by which car-
rier, during which period, to successfully keep track of all actions happening in the
scene.

We also evaluate on datasets that require temporal understanding such as Something-
Something-V1 and Something-Something-V2 [29]. The Something-Something datasets
consist of videos of pre-defined actions being performed using everyday objects. To
focus on the action, and not the objects being used, these datasets removed object
and scene bias by grouping the same action using various objects. The labels include
“pushing something from right to left”, “putting something on a surface”, etc., which
ensures the focus is on the action. Something-Something-V1 contains 108,499 videos
with 174 class labels, while Something-Something-V2 consists of 220,847 videos of

the same 174 classes.

Networks.  We use a ResNet50 [49]], pre-trained on ImageNet [76], as our 2D back-
bone model for all experiments. Both sampling strategies would likely benefit further
from the backbone being pre-trained for their specific channel sampling strategies, but
we leave this for future work. We mainly present results for five popular 2D models:
TSN [3], TRN/MTRN [9]], TSM [10], and MVFNet [50] with some additional exper-
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iments using 13D [22] pre-trained on Kinetics-400 [47] for completeness. Note, that
we were not able to perform 32-frame MTRN experiments due to GPU VRAM lim-
itations, as it has 31 temporal relational modules consisting of dense fully-connected

layers.

Training Details. = On CATER task 2, CATER Camera Motion task 2, and Something-
Something datasets, we used 2 NVIDIA RTX 3090 GPUs to train and test. We used 2
NVIDIA RTX 2080 Ti GPUs for the other datasets. For CATER, we used 32 frames
due to the need for long-term temporal understanding. We set the total batch size to 24
and the initial learning rate to 0.0024. For Something-Something, we used 8 frames, a
total batch size of 64, and an initial learning rate of 0.0064. As an exception, TRN and
MTRN models are trained with one RTX 3090 GPU with half the total batch size and
quarter the learning rate.

In all of the experiments, we kept the following protocols. The videos were resized
so that the shorter side becomes 224 to 336 pixels, and we performed random crop-
ping during training. For testing, we resized the input to have the shorter spatial side
resolution of 256 and we used one center crop for CATER and Something-Something,
and five crops (center and corners) and their horizontal flips for other datasets. For
I3D experiments, we followed the common practice from [43] of densely sampling
the video with a sampling stride of eight for RGB, three for GrayST because it sam-
ples more frames, and tested using ten evenly sampled clips throughout the video with
three spatial crops of each, totaling 30 clips. The learning rate was decayed by 0.1
when validation metrics saturated for ten epochs. We stopped the experiments when
the validation metrics saturated for 20 epochs. We used 16-bit precision to save mem-

ory, increase the batch size, and to train faster.

3.3.2 Ablation Studies

TC variants. We explore some variants for ablation experiments: TC-Red, TC-

RGB, and TC-ShortLong. TC-Red uses only red channels with the same frame or-

7€ = (xR xR ,,xR ). This baseline allows us to measure the effect of

dering, i.e., X
the diversity of color information using the TC Reordering. TC-RGB uses traditional
RGB-like representation with the same temporal frame ordering as the TC Reordering:
Xl-TC = (x?,xl.G+1 ,xiz). Intuitively, this may seem to be the best representation as this is

the closest representation to the RGB representation that the model is pre-trained on.
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Model | Sampling Top-1 | Top-5
RGB 17.2 | 42.7
TC 368 | 65.3

TSN | TC-RGB 336 | 614
TC-Red 36.0 | 65.2
TC-ShortLong | 35.2 | 64.4
RGB 454 | 745
TC 45.8 | 74.7

TSM | TC-RGB 449 | 741
TC-Red 447 | 73.8
TC-ShortLong | 44.8 | 73.6

Table 3.1: Ablation experiments of different TC Reordering strategies on Something-
Something-V1. RGB refers to standard RGB channel sampling and TC is our proposed

sampling strategy.

However, in our experiments we observe that our TC Reordering actually outperforms
TC-RGB. Finally, TC-ShortLong replaces the last two frames that consists of a lot of
duplicates, with frames having longer sampling stride instead, i.e., x3€ = (x5, %, x%)
and x;€ = (x§,x5,x§) for the T = 8 case.

In Table [3.1] we contrast the different variants of TC Reordering. In the case of
TSN, all variants of TC Reordering result in a significant performance increase com-
pared to standard RGB. However, for TSM, only our proposed TC variant is superior.
Perhaps counter-intuitively, TC-RGB, which maintains the RGB channel order but
temporally shifts them, actually performs worse than our TC Reordering. TC frames
consist of information from the same input color channel, which perhaps better enables

it to capture local temporal changes, especially in cases where color is not informative

for the task at hand.

Grayscale-only. We report a grayscale-only experiment result on Something-
Something-V1 in Table [3.2 . We let X60 = {x§0 x§0,... x§°} denote a GrayOnly

video clip. We sample T grayscale frames following the sparse sampling strategy,

X8 = {x‘f,xg,...,x‘g}}, (3.6)

where xf is a grayscale image. Then, a GrayOnly frame is made by duplicating the
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Model | Sampling | Top-1 | Top-5
GrayOnly | 16.1 | 41.2

RGB 17.2 | 427
TSN | TC 36.8 | 65.3
TC+2 37.0 | 65.6

GrayST 355 | 654

Table 3.2: Grayscale-only result on Something-Something-V1. Surprisingly, the perfor-
mance is very close to that of RGB, and our methods utilize this fact to make the models

further capture temporal information.

same channel three times.
X0 — (8, ). (3.7)

We see very little difference in performance compared to RGB, and our proposed chan-
nel sampling strategies (TC, TC+2, and GrayST) take advantage of the fact that the
color information does not play a significant role, and maximize the action understand-
ing capabilities of the networks, showing a significant improvement in performance

compared to the RGB sampling.

3.3.3 Results

We illustrate results for CATER Static/Camera Motion task 2 in Table[3.3]and Something-
Something-V1/V2 in Table Note that the GrayST method gets to use three times
more frames and TC+2 uses just two more frames than RGB or TC, while maintaining
the same computational cost of the model. We also report 13D results on Something-

Something-V1, to show the impact of our sampling strategies when applied to 3D

networks, see Table

TC Reordering Performance.  Using our TC Reordering, we observe that even the
simple TSN model obtains much better performance compared to using conventional
RGB frames with TRN and MTRN on all datasets. On TRN and MTRN, we observe
significant improvement on most datasets, except on CATER Camera Motion task 2.
However, TC Reordering has less impact when combined with TSM and MVFNet, and
sometimes hurts performance.

TC Reordering shifts the input video through its color channels in order to provide
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Model Sampling - mAP -
Static | Camera Motion
RGB 49.6 51.6
TSN TC 73.7 56.6
TC+2 73.5 60.5
GrayST 71.9 61.9
RGB 54.9 54.7
TRN TC 72.4 52.9
TC+2 72.3 52.9
GrayST 69.8 57.6
RGB 79.9 65.8
TSM TC 81.2 63.3
TC+2 82.0 64.0
GrayST 82.2 74.7
RGB 80.2 63.5
MVENet | TC 82.1 62.7
TC+2 82.8 65.5
GrayST 83.4 67.8

Table 3.3: Performance on CATER task 2 using 32-frame models (T = 32). We report
last epoch’s validation mAP using one clip. Note, GrayST uses three times as many
frames as RGB or TC, which are then converted to grayscale, and TC+2 uses just two
frames more. The different sampling strategies do not impact the size of the network,
i.e., in the end, they all get the same number of input frames. Due to the GPU VRAM

constraints (as we are using the 32-frame model), MTRN could not be used.

temporal information to 2D backbones. As a result, if a model already captures tem-
poral information (e.g., TSM and MVFNet), TC Reordering is less effective, but still

helps in many cases.

GrayST Performance. = We observe consistent improvement on GrayST over RGB
on most datasets and all models. The first obvious reason may be that it gets to see
more frames, i.e., three times as many as the other strategies. By combining grayscale
information from different points in time it enables the 2D backbones to see temporal
information. Despite utilizing more frames, this method does not increase training and
inference times, with the exception of the time associated with loading the extra frames
and converting them to grayscale. In comparison, using more RGB frames would make

training and testing slower.

8-frame GrayST vs 24-frame RGB.  One might wonder if GrayST is better just
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(a) Something-Something-V1

‘ Model ‘ Sampling ‘ Topl ‘ Top5 ‘
RGB 17.2 | 42.7
TC 36.8 | 65.3
TSN
TC+2 37.0 | 65.6
GrayST 355 | 654
RGB 29.7 | 57.6
TC 359 | 652
TRN
TC+2 374 | 66.8
GrayST | 37.0 | 66.1
RGB 31.0 | 59.4
TC 36.6 | 65.8
MTRN
TC+2 38.1 | 67.5
GrayST 384 | 67.8
RGB 454 | 745
TC 45.8 | 74.7
TSM
TC+2 46.8 | 75.8
GrayST 47.6 | 76.7
RGB 46.3 | 75.3
TC 45.7 | 74.6
MVFNet
TC+2 46.9 | 75.8
GrayST | 47.9 | 76.6
RGB 40.5 | 68.5
TC 39.1 | 68.6
I3D*
TC+2 40.8 | 69.2
GrayST | 41.1 | 70.2

(b) Something-Something-V2

‘ Model ‘ Sampling ‘ Topl ‘ Top5 ‘
RGB 30.2 | 60.5
TC 51.9 | 79.5
TSN
TC+2 51.3 | 794
GrayST 50.9 | 794
RGB 457 | 73.6
TC 51.3 | 78.9
TRN
TC+2 52.3 | 80.5
GrayST | 52.1 | 79.9
RGB 46.7 | 75.3
TC 52.0 | 79.9
MTRN
TC+2 52.9 | 80.9
GrayST | 53.0 | 81.1
RGB 59.1 | 85.6
TC 59.2 | 855
TSM
TC+2 59.7 | 86.0
GrayST | 59.8 | 86.2
RGB 59.7 | 85.9
TC 59.6 | 85.9
MVFENet
TC+2 59.7 | 86.1
GrayST | 60.8 | 86.6
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Table 3.4: Validation accuracy on Something-Something with 8-frame models (T = 8).

Models marked with % use 30 clips for testing (3 spatial x 10 temporal), otherwise we

report 1-clip accuracy. Our focus is on making simple 2D networks better, and thus

we only report the performance of the expensive I3D on Something-Something-V1 for

comparison.

because it ‘sees’ more frames. However, it has been reported that simply increasing

the number of RGB frames does not necessarily improve performance or it is very

marginal [9], and can even decrease performance [77] depending on the dataset. For

example, [43] showed a baseline [3D-ResNet50 network with a 32-frame input ob-

tained 73.3% on the Kinetics-400 dataset [47]]. [[1] later conducted an experiment with

an 8-frame input following the same recipe for training and obtained 73.4%. We also
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‘ Model ‘ Sampling ‘ Model Size (T') ‘ Top-1 ‘

RGB 8 17.2
TSN | RGB 24 18.3
GrayST 8 355
RGB 8 29.7
TRN | RGB 24 31.7
GrayST 8 37.0
RGB 8 454
TSM | RGB 24 51.1
GrayST 8 47.6

Table 3.5: Validation accuracy on Something-Something-V1 for 8 vs 24 frames. T refers
to the temporal size of the model, and note that the GrayST gets to access three times

as many frames without increasing the model size.

conducted an ablation experiment in Table[3.5|to show that in many cases, the GrayST
8-frame (that looks at 24 frames and generates 8-frame 3-channel representation) is
better than the RGB 24-frame. A GrayST frame not only increases the number of
frames without increasing training and inference cost, but also allows 2D models to
see more temporal information by discarding redundant color information. Note that
TSM can make use of the information contained in the extra frames (see 8 versus 24
frames), but this benefit comes with increasing the training/testing cost by a factor of

three.

Only Time Can Tell dataset. We show results on OnlyTimeCanTell-Temporal
dataset [30] in Table The dataset consists of 50 classes which require exten-
sive temporal reasoning, taken from the Kinetics-400 and Something-Something-V1
dataset. Our methods outperformed the baselines by a significant margin on this

dataset.

3.3.4 Limitations

Despite the positive results, we also find some limitations of the proposed approaches,

which we hope can lead to interesting future work.

Datasets Requiring Less Temporal Reasoning. = Numerous datasets have signifi-
cant object and scene bias making even TSN perform very similar to powerful 3D net-

works. In such cases, we found that the sampling strategies do not result in improved
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Model | Sampling | Top-1 | Top-5
RGB 50.7 | 84.6
TSN | TC+2 659 | 92.0
GrayST 664 | 92.7
RGB 71.7 | 94.2
TSM | TC+2 73.3 | 94.0
GrayST 73.7 | 95.0

Table 3.6: Evaluation of our methods on the OnlyTimeCanTell-Temporal dataset.

Model Backbone | #frame | Sampling | Top-1
RGB 75.4
TSN ResNet50 8 TC 75.0
GrayST 73.5
SlowFast* | ResNet101 16 RGB 77.6

Table 3.7: Evaluation on Diving-48-V2. The result marked with x is from [79], which

uses 30 clips for testing (3 spatial x 10 temporal).

performance. Table and@ show such cases on Diving-48 [[78]] and UCF-101 [28]]
datasets.

Interestingly, Diving-48 V2 shows a decrease in performance with the GrayST in-
put. The implication of this is that color information is important on this dataset, and
with grayscale images it is difficult to distinguish divers of interest from the back-
ground. For example, the foreground (divers) is usually in an orange tone, and the
background (water) is a teal color. The two colors are complementary, so it creates the
maximum separation between the two only by assessing with colors. Despite the fact
that the dataset is said to be “temporally-heavy”, our experiment showed that the gap
between 2D network and the state-of-the-art 3D network with double the number of
frames and backbone depth is marginal.

The UCF-101 labels are biased towards object and scene information. As a result
the performance of TSM is almost identical to that of TSN. The result did not show a

strong pattern but in general RGB seems to be preferable in this case.

Camera Motion. = We found that TC Reordering combined with TRN and TSM
negatively impacts performance on the CATER Camera Motion dataset. Note that the
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Model | Backbone | Sampling | Top-1 | Top-5
RGB 83.6 | 96.1
TSN | ResNet50 | TC 83.6 | 96.0
GrayST 84.7 | 959
RGB 84.6 | 96.6
TRN | ResNet50 | TC 81.6 | 953
GrayST 82.2 | 955
RGB 83.7 | 96.0
TSM | ResNet50 | TC 81.4 | 955
GrayST 83.6 | 96.1

Table 3.8: 8-frame evaluation on UCF-101 split 1.

models make use of the temporal ordering of frames while TSN does not. Again, we
still saw improvement with the GrayST method on this dataset. Judging from the fact
that TC Reordering only hurts the temporal models, we think that this ordering plays a
critical role in heavy camera motion scenarios.

Additionally, this dataset requires 3D-geometric understanding as the camera orbits
around the objects substantially, making stationary objects look like they are sliding.
The strength of TC Reordering is in cases where the model can analyze the motion
information, but the large camera motion likely confuses the model when trying to

understand what is the action of interest and what is the camera motion.

3.4 Conclusion

Complex action recognition models can sometimes be too expensive, and thus it is vital
to improve performance on the efficient 2D action models. We presented three efficient
and cost-free channel sampling strategies for action recognition, primarily for efficient
2D backbone-based networks. We saw a significant improvement in performance on

various challenging action recognition datasets.

TC Reordering.  This method re-orders the color channels over time to increase
temporal information in each frame. This method does not require sampling more
frames compared to the standard RGB representation, however, it duplicates some

channels on the last two frames, making the representation slightly inconsistent. This
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method often improves performance, while the result can be unstable depending on the
situation such as heavy camera movement. We tried many variations of TC Reorder-
ing, and concluded that reordering color across frames (e.g., the first frame uses red,

the second uses green, and the third uses blue) gives the best performance.

TC+2. In order to tackle the minor inconsistent encoding issue of the TC Reorder-
ing, we also proposed TC+2, which samples just two more frames compared to the

RGB representation, but achieves a very stable performance boost.

GrayST. This method uses grayscale images to increase the temporal receptive
field. It samples three times as many frames compared to the RGB representation,
and thus produces much more detailed temporal images in return. This method gener-

ally achieves the best performance among all the sampling strategies proposed.

Discussions. It is an interesting discovery that just shuffling video channels using
TC Reordering can improve action recognition performance significantly. Further-
more, the method improves performance, even though it is marginal, on more recent
models, despite the fact that they are known to capture temporal information effec-
tively. This seems to be because the representation not only increases the temporal
information per frame, but also alters the color channel over time behaving like a data
augmentation. The GrayST approach uses more frames, and this is probably why it
works best. It may be interesting to see if we can apply a similar data augmentation on
GrayST by altering color channels instead of converting them to grayscale. We leave
this as a future work. The implementation of all strategies is extremely simple, so we

believe that the methods can be widely used in any deep learning framework.

Limitations. = The proposed methods may not perform the best with datasets that
do not require much temporal reasoning or require excessive color analysis, such as
HMDB, UCF, and Diving-48. Furthermore, when used with models with high temporal

understanding capabilities, we did not see a huge improvement using the methods.
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Handling Ambiguity in Action

Recognition

4.1 Introduction

Actions are often fundamentally ambiguous. Barker and Wright [80] explained that
the hierarchical nature of an action is described differently depending on the view-
point. In their example of “children going to school”, one could consider the atomic
body movement (e.g., “going down the stairs”) to the goal and intention of the action
(e.g., “walking to the school”, “getting an education”). This fundamental ambiguity
and complexity in actions seems to influence the way humans learn verbs. For many
languages, it has been observed that infants tend to learn nouns before verbs [81].
Furthermore, according to WordNet [82], the number of unique nouns in the English
vocabulary is more than ten times that of verbs, allowing for a more precise catego-
rization. Similarly, researchers also face difficulties in the computational setting when
naming, categorizing and learning actions in videos [83]].

Designing an action label space for a given dataset where each video is assigned
a single unique label is an extremely difficult task. For example, consider the verbs
“stir” and “mix” as labels for a cooking video. You can stir to mix the ingredients, but
stirring is not the only way to mix them (e.g., you can also “shake”). Since each verb
can often have multiple meanings, the label space can partially overlap. Specifically,
one label can represent multiple types of actions, and many labels can represent a single
type of action, as in Figure This is particularly difficult when datasets are large,
and so is the label space, making it a combinatorial problem of finding overlapping

classes for every instance. Labeling datasets in a thorough multi-label fashion can

38
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Figure 4.1: Ambiguity caused by single-verb labels. The same action can be described
in different ways, e.g., the act of peeling a carrot can be annotated as “cut”, “peel” or
“remove” (skin). Large action recognition datasets gather several instances with differ-
ent but equivalent verb labels. Here we show some examples from the EPIC-Kitchens
dataset [31]. Recognition models can be confused by this semantic ambiguity and are
usually not evaluated taking this verb overlap into account. Reasonable and semanti-
cally correct predictions can be counted as incorrect (e.g., red text, middle frames) by
standard evaluation protocols as the predicted label does not match the noisy ground

truth.

be prohibitively expensive. As a result, we typically only get partially-labeled video
datasets, which negatively impacts both training and testing.

To address this, we propose a new training procedure to handle the problem of
missing and ambiguous labels in action recognition. In particular, we generate pseudo-
labels by searching neighboring video instances in the feature space of the training set
and analyze how similar videos are labeled differently. We take the commonly-agreed
labels to be pseudo-labels (i.e., labels that are highly likely to be positive and thus rele-
vant for the query video) and train action recognition models to either not penalize the
potentially-positive classes or boost the learning signal for them. In order to evaluate
our proposed methods we manually annotated a large subset of the validation set of the
EPIC-Kitchens-100 dataset with multiple verbs. We also evaluate our methods on
a modified version of the popular HMDB-51 dataset [27], where we added synthetic
ambiguity. Overall, our methods improve multi-label accuracy up to 18% over several

recent baselines. To summarize:

* We show that the ambiguity in current action recognition labeling leads to issues
in training and testing models. We show “failure cases” on challenging datasets
where the model predicts reasonable labels but the accuracy is penalized because

of label ambiguity.
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* To mitigate the issue, we introduce two novel approaches for training multi-label
action recognition models when only single positive labels are available. Our
approaches attempt to disambiguate the label space by generating pseudo-labels

from similar instances that are labeled differently.

* We introduce a multi-label subset of the EPIC-Kitchens-100 validation set for the
purpose of multi-label evaluation. On this dataset, and another with synthetically

generated label ambiguity, we report results that outperform existing methods.

* The dataset and code are publicly release

This chapter has been published in The 33rd British Machine Vision Conference
(BMVCO), 2022.

4.2 Related Work

Noisy labels and images.  [84] provides a summary of methods that learn from noisy
labels. Label smoothing [85] is one popular and simple method to prevent models
from being overly confident by converting hard labels to soft ones. This method may
be effective when there are only a few labeling mistakes, however, this method does
not deal with the problem of having interchangeable labels. Progressive Self Label
Correction [7] is a label correction technique that mixes model predictions with labels.
This method assigns a larger weight to the prediction of a given class if the model still
outputs high confidence for a class after some initial training. Notice that this method
tries to “correct” the label, not allowing that having multiple positive labels can be
an option. Another method represents uncertainty with multiple hypotheses [86], in
other words, have multiple outputs with multiple losses so that it can disambiguate an
uncertain problem. [87] uses interpolated (mixup) images to detect and degrade the
presence of label noise. A noisy sample is either interpolated with a clean sample that
degrades the effect of the noise, or with another noisy sample which makes the model
difficult to memorize the pattern. It also optimizes jointly with contrastive learning
along with a classification loss. [88]] corrects the loss by estimating probabilities of one
class being flipped to another. However, in our problem, we have multiple classes that
are all valid, instead of having commonly mistaken classes. [89] optimizes network
parameters and labels alternatively. This is another label correction approach that again

does not align with our problem.

Ihttps://github.com/kiyoon/verb_ambiguity
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These methods are commonly evaluated on image datasets with synthetic noise or
on noisy image datasets collected from the web. In the latter case, noise derives from
incorrect annotations or imperfect data collection. In our setting, noise stems from se-
mantic ambiguity, i.e., multiple equivalent labels can apply to the same action, which
involves arguably more complicated dynamics compared to noise caused by labeling

omissions.

Visual and semantic ambiguity.  [90] proposed a method to learn actions from
visually similar instances with different semantic labels. Their framework builds a
graph where nodes are connected if they are visually similar or semantically related. A
Markov walk through this graph estimates the action label of a new video. This work
is very close in spirit to ours, however experiments showed that it requires fine-grained
verb meaning labels in order to achieve good results. On the contrary, we do not require
further annotations and only use the available single-label ground truth. Furthermore,
we release multi-label annotations for better testing of our methods. [83] identified
the issues arising from single-verb labels due to semantic ambiguity. They proposed
training with multi-verb representations, which were obtained by asking annotators to
label one representative sample per action with all verbs they deemed relevant. Verbs
collected for a given action sample were then attached to the other instances of the
action. This work is also closely related to ours, however we stress again that we only
require single-label ground truth for training. We also show in our experiments that
instance-based multi-verb representations better alleviate semantic ambiguity com-
pared to global dataset-based representations. Visual Sense Disambiguation [91] aims
to identify the context of an action given an image and a verb. Understanding visual and
semantic relationships in the label space has also been shown to improve multi-label
image classification [92]]. [93] use language priors in the form of word embeddings
to find relationships between verbs in human-object interaction data. However, our
preliminary experiments with word embeddings failed to produce sensible similarity
estimates for the finer-grained datasets we use in this work. [94] address the problem
of missing label imputation for scene graph generation proposing an iterative pseudo

label approach.

Single positive multi-label learning.  There has been recent interest in the problem
of multi-label learning from only single positive labels. The problem is outlined in [35]],

where the authors propose a loss that encourages models to predict both known and
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unlabeled positives. The loss also adds a regularization term to match the expected
number of positives per image. [6] learns from the annotated positive labels using
an entropy maximization approach and decreases the loss penalty for unknown labels.
Their method also treats samples with the lowest confidence as pseudo negatives. [93]]
outlined an image-specific spatial consistency loss that measures consistency in model
predictions over multiple random crops from the input image. A similar problem of
multi-label learning from missing labels has been tackled by leveraging the estimated

distribution of missing and known labels [96, 97].

Semi-supervised learning.  Semi-supervised learning approaches tackle the prob-
lem of having partially annotated labels, which translates to having noisy label es-
timates. This problem considers partially annotated instances in single-label classi-
fication tasks and does not entail multi-label classification. In the context of image
datasets, [98] showed that self-supervised contrastive learning can result in represen-
tations that are more robust to label noise. Contrastive learning has also been ex-
plored for action recognition by using only a small subset of the labels [99]]. Recently,
an uncertainty-aware pseudo-label selection framework was proposed for both image
and video [100]. Pseudo-labeling was also used to group potentially similar classes
in [101]. The major benefit of pseudo-labeling over contrastive learning is that it does

not rely on domain-specific data augmentation.

4.3 Problem and Methodology

As outlined above, in contrast to nouns, verb annotations are prone to semantic ambi-
guity. Such ambiguity stems from two issues: 1) verbs have different meanings, thus
a single verb can be attached to visually different actions and ii) individuals can often
use different verbs to annotate the same action. Figure shows an example of se-
mantic ambiguity, where the act of peeling a carrot in EPIC Kitchens [31] is labeled
as “peel”, “cut”, and “remove” (skin). This is a common issue in large datasets where
multiple annotators label videos and thus it is hard to enforce consistent classes. While
noun labels alleviate semantic ambiguity, they add to the annotation burden and make
learning actions a fragmented process. In fact, as noted in [90, [83], nouns are mostly
used to facilitate learning, however they unnaturally split the same action into different
classes. For example, “open-door” and “open-drawer” are the same action, but belong

to separate classes when categories are indicated by both verbs and nouns. Annotating
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actions with multiple verbs [83]] also mitigates ambiguity, however it comes with the
cost of choosing multiple labels for each video. Models are typically not designed,
nor evaluated, taking this semantic ambiguity into account. We address the semantic
ambiguity introduced by single-verb labels with two methods which generate multi-
verb pseudo-labels from single-verb annotations during training. We also evaluate
our methods across several metrics better suited for datasets with semantic ambiguity.
We next formalize the problem and review common baselines, before introducing our

methods.

Formalization. = We consider our problem to be related to that of single positive
multi-label learning (SPML) [, 6l]. Here, we have a training and validation set where
instances have only one positive class label. Other class labels are unknown (unanno-
tated) and could be either positive or negative (i.e., present or absent). For evaluation,
instances in the test set have multiple class labels. Formally, let I' = {1,...,C} be
the set of class labels in a given dataset, where C is the number of classes. Each
training/validation video is annotated with a single positive class label y; € I'. The re-
maining classes in I'\ {y;} are not annotated and cannot be assumed to be negative. A
test video is annotated with a positive class label set ©; C I which can contain multiple

classes, and remaining the classes I"\ 9] are treated as confirmed negatives.

SPML. One of the most common approaches in SPML is the “assume negative”
loss (AN) [5]. This treats all unknown labels as negative ones and uses the binary

cross-entropy (BCE) loss for multi-label learning. Given a training video-label pair

(X, yi):

C
LAN(Xi,Yi) = Z [1[)1, log )(Xz)) + 1[yi7éc] log (1 _f(c) (X,))] 4.1)

where 1) is the indicator function and f () (x;) is the model prediction for class ¢. To
address the imbalance between the known positive labels and the unknown assumed-
negative labels, an alternative version of AN is proposed: the “weak assume negative”
loss (WAN) [S)]. This improves over AN in that it gives equal weight for all assumed
negatives and the single positive, however all unknown labels are still treated as nega-
tives. Label smoothing (LS) [85] is another popular approach to prevent models from
being overly confident. A variant of LS only for assumed negative labels (N-LS) was

also proposed in [6]]. This improves over LS in that it only alters unknown (assumed



Chapter 4. Handling Ambiguity in Action Recognition 44

negative) labels. The focal loss [[102], originally designed for object detection, has been
used for SPML as well. This works well in the presence of imbalanced labels, how-
ever it requires additional parameter tuning to achieve optimal performance. Finally,
the entropy maximization (EM) loss [6] allows the unknown labels to be unknown
rather than assuming them to be negatives. EM learns mainly from annotated labels
and attains state-of-the-art results in SPML on image datasets.

For convenience, fl-(c) =f (©) (x;) denotes the model prediction confidence for class
c. Firstly, Weak Assume Negative (WAN) loss [5] has a negative balancing weight é
from the Assume Negative (AN) loss:
log (1 (x»)} 4.2)

1
Lwan (X, i) = —— Z {19, log (Xz))‘|‘1[y,séc]c 1

Label Smoothing (LS) loss [85]] is defined as:

C : e

Lis(xi,yi) = — Z [ vi=c 10g )( i)+ 1[2);1.7561 log (1 _f(c) (Xz))] (4.3)
where 1 [Q] = (1 =)Ly +alpg for any logical preposition Q. The label smooth-
ing only for assumed negatives (N-LS) [6] would be the same only for the assumed

negatives:

MQ

s (%) = [% Jlog (£ (x)

(4.4)
L) [ (1 =€) log (1- £ (%)) +elog (£ (x))]
We used € = 0.1 throughout the chapter. Focal loss [[102] has a balancing parameter o

and a focusing parameter Y:

C
Crcal) =~ X [, [1 7))o (0
c=1 4.5)

Ly (1= @) o1 - 7)) |
We set oo = 0.25 and y = 2. Finally, the Entropy Maximisation loss [6] is defined as

follows:

[1[Yi=c] log (f(c) (x)) + 1[%'750] (XH(f(C) (Xl))} (+0)
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Figure 4.2: Summary of our approach. Given a training video x; we first retrieve its
nearest neighbors in the feature space. Looking at the frequency of the neighbors’
classes we then obtain the pseudo-labels set 97, Pseudo-labels are used to optimize
the model given its predictions f(x;). The model is forced to predict the ground truth
class (green bar) and penalized when predicting negative classes with high confidence
(red bar). When using our Mask BCE loss, the model predictions for the pseudo-labels
(yellow bars) are masked out during back-propagation, thus the model is neither penal-
ized nor rewarded for guessing reasonable classes. When using our P+S BCE loss,
pseudo-labels are assumed to be positive classes, thus the model is forced to predict

both the ground truth and the pseudo-labels.

We compare our methods described in Section [4.3.1] against these losses, in Sec-

tion 4311

4.3.1 Mask and Pseudo+Single-label BCE

The above methods were mostly designed for partial labeled setting, where instances
potentially contain multiple classes but classes do not semantically overlap. In this
setting there are multiple “things” present in an instance and the task is to label all of
them, using only the available single-label annotations at training time. In our case,
however, instances can belong to multiple classes because classes can semantically
overlap. We thus treat the unknown labels such that the model does not get penalized if
it predicts an unknown label with high likelihood. Specifically, we pick classes that are
likely to be positive based on feature similarity. We treat these as pseudo-labels. The
model learns from single-verb ground truth annotations, however it is not penalized if
it predicts a pseudo-label with confidence. Classes that are neither ground truth nor
pseudo-labels are assumed negative.

To obtain pseudo-labels we extract features for each sample in the training set
using a pre-trained action recognition backbone. Given a training pair (x;,y;) we take

K neighboring videos in the feature space. These videos are likely to share the same
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label as x;, however we also expect these videos to belong to different classes given
the semantically ambiguous setting we work in. We build pseudo-labels for x; by
looking at the label frequency of its K neighbors. Formally, let  be the sequence of
labels found among the K neighbors, and let Y be the set of unique labels in €. For
each y; € Y we count its frequency in Q, i.e., ®(y;) = |(n € Q:m =y,)|/K. The
pseudo-label set 9 is finally obtained from Y by applying a threshold 7 to 0(yj), i.e
Yi={yjeY:0(y)>1y; £}

Note that we do not add the original label to the pseudo-labels. Unlike other meth-
ods [6, [7] which generate pseudo-labels from model predictions, we use actual human
annotations to produce pseudo-labels. With this approach, the ambiguous label space
is realistically well-represented. Clearly we rely on selecting informative neighbors,
but we find empirically that the backbone we use is sufficient for this task.

With the above defined, we now propose our Mask BCE loss. This loss treats the
single-label ground truth as the only positive, pseudo-labels as unknown classes, and

assumes the remaining classes are negative:

Lonask (X1, 1) = 5 3 [ log( U(x,-))—i—l[yi#dlog(l— f<c>(x,-))1

¢
(4.8)

Here, the output of the model f(¢) (x;) for classes ¢ € % is detached from the gradient
computation and back-propagation of the loss, i.e., pseudo-label classes are frozen and
do not provide any learning signal. This does not penalize the model if it produces
reasonable predictions for relevant classes, i.e., if it outputs a high likelihood for a
class that is potentially an equivalent label for the video. Importantly, this loss does
not send incorrect positive learning signals when the pseudo-labels are not accurate.
Instead, when pseudo-labels can be assumed to be correct, treating pseudo-labels as
positive would be a better strategy.

With this in mind, we propose an alternative loss named Pseudo+Single-label
BCE:

Lps(Xi,yi) = i |:1[y =] log( 5 )(Xi)) + 115, log (f(c) (Xi))

c:1
Ly diegaylog (1- £ (x) }
4.9)

Intuitively, Lp,s will work better than L,,sx when the pseudo-labels are accurate, but
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Figure 4.3: Co-occurrence ratio between verbs in our final multi-label annotations. The
final annotations refer to verbs that at least half of the annotators agreed to be valid,
filtering out noisy labels that only one annotator used. Rows are normalized by the
number of classes which makes it asymmetric, e.g., 1 indicates two verbs always co-
occur (diagonal), 0.5 means they occur half of the time together. “Take” and “remove”
frequently co-occur, and so do “put” and “insert”. Only head (top 13 most frequently

occurring) classes are visualized.

it will hurt performance when they are not. Figure [4.2] summarizes our pseudo-label

generation and the two losses described above.

4.4 EPIC-Kitchens-100-SPMV annotations

Here we describe the annotation protocol we followed to compile our EPIC-Kitchens-
100-SPMV dataset. Figure shows the co-occurrence frequency of head (top 13

most frequently occurring) classes. Figure 4.4|depicts our annotation interface.

Annotating difficult samples.  We first trained a TSM [10] RGB model on EPIC-
Kitchens-100 [32]. This model achieved 60.9% verb accuracy on the original vali-
dation set. We then annotated failure cases where the top-1 prediction was incorrect,
which amounted to 39.1% of EPIC-Kitchens-100’s validation set (3,782 videos). Note

that our annotation is multi-label.

Verb candidates. Annotators were presented with a video containing an action and

were asked to choose any verb they saw fit to describe the action. Annotators could
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Up/down arrows to navigate labels.
<Space> to select / deselect

Figure 4.4: Our annotation interface.

also choose no labels in case the video was noisy and did not show any action. Anno-
tators could not see the original ground truth and could only choose from a limited list
of verbs. We exploited the TSM model predictions to compile a list of verb candidates
for each video. Specifically, we observed that in many cases the model was predicting
reasonable verbs within its top predictions. To facilitate labeling we thus show annota-
tors only the 10 verbs corresponding to the top 10 predictions of the model for a given
video. We also included the ground truth single-verb label among the verb list (without
telling annotators that this was the ground truth). This was to analyze the performance
of the annotators: if they did not choose the ground truth verb in most cases then they
likely did not pay enough attention to the video. Regardless of the chosen verbs we

always included the original ground truth in the final multi-labels.

Multiple annotators.  For robustness each video was annotated by at least three
different annotators. In some cases annotators did not meet our quality requirements,
e.g., they chose too few verbs on average per video or failed to choose the ground truth
most of the time. In these cases we asked other annotators to label the same videos.
In total we employed 26 annotators. People were students mostly from the School of

Informatics.

Filtering noisy samples. For each video annotators were asked whether they were
confident about their verb selection or not. We discarded samples where more than

half annotators did not feel confident. Many of the discarded videos include actions
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happening outside the viewpoint, segments with bad temporal boundaries or where no
action was happening. Altogether, we filtered out 289 videos from the initial 3,782

samples, compiling a set of 3,493 clean annotations.

Finalizing labels. For a given video we kept labels that were chosen by at least half
of the annotators. For example, for a video annotated by three people a verb would
have to be chosen at least twice to be kept in the video multi-verb annotations. We also

included the original single-label ground truth regardless of the annotators’ choice.

Held-out validation set.  Our 3,493 multi-verb annotations constitute our test set.
The remaining 9,668 — 3,493 = 6,175 videos from EPIC-Kitchens-100’s validation

set constitute our own validation set, where videos are annotated with only one verb.

Fleiss’ kappa agreement score. ~We computed Fleiss’ kappa to measure agreement
between the three different annotators. We report an average K of 0.52, which is typi-
cally translated as moderate agreement. Labeling actions is highly subjective, thus we

believe annotators showed a satisfactory agreement.

4.5 Experiments

Datasets. = We manually annotated 40% of the EPIC-Kitchens-100 [32] validation
set with multiple verbs, using the procedure described in Section d.4] This subset is
our test set and consists of 3,493 multi-verb videos with 2.4 labels per video on aver-
age. The remaining videos in the original validation set form our own validation set.
The training set is the same as the original one. Figure illustrates a few examples
from our dataset, while Figure shows the verb distribution from our multi-label
annotations and the original labels. Our annotations share a very similar distribution
compared to the original ones, thus no bias towards specific classes is introduced with
our labels. We call this dataset EPIC-Kitchens-100-SPMV (Single Positive Multi-Verb
learning). We also constructed a dataset from the popular HMDB-51 dataset [27] with
synthetic labels in order to simulate ambiguous annotations. We doubled the original

51 classes to 102 classes, where each class c is split into c® and ¢!. Given a training

train

video x;"" originally belonging to ¢, we randomly assign it to either ¥ or ¢!. Given

test

a test video x* originally belonging to ¢, we assign it to both ¥ and ¢!. This simu-

lates verb ambiguity, where actions are represented with multiple verbs. We name this
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apply, put

-
la

Figure 4.5: Samples from our EPIC-Kitchens-100-SPMV dataset. The yellow text in-
dicates the original label from EPIC-Kitchens-100 [32], which is also included in our
annotations. The white text shows the additional labels we gathered from multiple an-

notators.
dataset Confusing-HMDB-102.

Metrics. We evaluate Top-Set Multi-label Accuracy following [83]]. This measures
how many top predictions match the ground truth: Atop_get ML = ]l\,Zf]: 119N §§| apae
where N is the total number of videos, 9; is the multi-label ground truth, and §§ is the
top-K predicted classes, where K is the number of ground-truth labels. We also report
another metric called Top-1 Multi-label Accuracy: Atop1 ML = 1%12?]:1 1[§i69€]’ where
y; is the top-1 predicted class. This metric is more relaxed and does not penalize the
model when it predicts a relevant verb, regardless of the specific choice. For example,
when the ground-truth is (“stir”, “mix”), the model is free to choose either “stir” or
“mix”, and not predicting the other one will not lower this accuracy. This is different
from Top-Set Multi-label Accuracy, where predicting only one label in this case would
give 50% accuracy, and the model would have to predict both “stir” and “mix” to
obtain 100%. We also evaluate IOU Accuracy [103]], which is the intersection over
union between the ground truth and predicted labels, and F;-Measure, which is the

harmonic mean of precision and recall. We set the confidence threshold to 0.5, so any

predictions over 0.5 will be treated as positive labels.



Chapter 4. Handling Ambiguity in Action Recognition 51

Verb distribution of EPIC-Kitchens-100

[ [] mmm Original validation set (9,668 videos)
Our multi-verb annotations (3,493 videos)

,_.
A
]
]
]
]

102 4

Counts (log scale)

Figure 4.6: EPIC-Kitchens-100 verb distribution from our multi-label annotations (or-
ange) compared to the original labels (blue). Although we only annotated 40% of the
validation dataset, we obtained similar or even more labels per class. Note that some
generic verbs (e.g., move, hold, search) gained a significant number of annotations

compared to the original.

Let N be the number of videos in the test set, 9; be the set of ground truth, and §§
be the set of predicted classes with over 50% prediction confidence. The IOU accuracy

and Fi-Measure are defined as follow: IOU accuracy:

|7ﬂ9f|

Aou = = (4.10)
z 1 D’UQ’I
F{-Measure:
1 & 21909
= —ZM (4.11)
N =191+ 195

Finally, we report mean average precision mAP. This is a popular metric for de-
tection tasks. However, mAP is not very suitable for long-tail datasets such as EPIC-
Kitchens, since class scores are averaged with equal weight. For EPIC-Kitchens-100-
SPMYV, we choose the best model by looking at the standard top-1 accuracy on our
single-label validation set, reporting results obtained on five different runs with differ-
ent seeds. For Confusing-HMDB-102 we take the best score per metric and take the

average over the official three splits.

Implementation details. = We pre-extracted RGB and optical flow features using
TSM [10] pre-trained on each dataset’s training set using a standard cross entropy
loss with the single positive labels. TSM shares information across frames and has
been shown to perform well on multiple action-orientated datasets. The concatenated

RGB and optical flow features form the input to our model, which is a multi-layer
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(b) P+S BCE loss

0.1 272 305 310 364 362
02 272 238 263 275 28.6

7K 3 5 10 15 20

0.1 379 427 41.6 445 437
02 379 305 343 347 376

52

03 272 238 239 258 25.1 03 379 305 29.7 335 319

Table 4.1: F{-Measure for our Mask and P+S BCE loss on EPIC-Kitchens-100-SPMV
with different values of T and K.

perceptron (MLP) with three layers and hidden dimension of 1024. We train the MLP
using the Adam optimizer [104] with a batch size of 64 and learning rate of 5e-6. We
stopped training whenever the validation accuracy did not improve for 20 epochs. For
EPIC-Kitchens-100-SPMV all experiments took less than 130 epochs to saturate. For
Confusing-HMDB-102 it took longer, less than 390 epochs, given the much smaller
size. Pseudo-labels are generated only once before training. We set the number of

neighbors K = 15 and use a threshold of T = 0.1 to obtain pseudo-labels.

4.5.1 Results

Impact of K and .  There are two hyperparameters involved in our methods: the
number of neighbors (K) and the pseudo-label threshold (t). Table shows the im-
pact of the different choices of K and t. Results improve with a larger number of
neighbors and a smaller T, which entail a larger set of pseudo-labels. This shows the

benefits of using more pseudo-labels to better alleviate semantic ambiguity.

Main results. Table compares our methods to multiple recent SPML baselines
introduced in Section|4.3] We observe that our methods outperform all baselines across
all metrics except mAP on EPIC-Kitchens-100-SPMV. As mentioned above, this met-
ric is not well suited for imbalanced datasets. We note that in most cases the P+S loss
outperforms the Mask loss. Given that the P+S loss treats pseudo-labels as positives,
this demonstrates that our method for obtaining pseudo-labels is able to find good
matches. We observe a clear boost especially in IOU and Fi-measure, which are well
suited metrics for our multi-label setting. This indicates that the SPML baselines suf-
fer from being penalized for correct (i.e., related) classes. This also possibly suggests
that SPML methods designed for partial-label settings struggle to work well when the

source of the multi-label noise originates from semantic ambiguity.
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Interestingly, the EM [6]] loss, despite working well on static images, shows the
worst IOU accuracy and Fj-measure. We hypothesize this is because the loss does
not treat unknown labels as negative. This results in having no negative signal, which
in turns gives overly confident predictions for most classes. Looking deeper into the
model’s output on EPIC-Kitchens-100-SPMYV, the EM loss predicts 51.5 positive labels
on average per video, whereas our mask method predicts on average 1.2 and P+S
method predicts on average 1.8, with a confidence threshold of 0.5. Considering that
our test videos have 2.4 positive labels on average, it is evident that the EM loss predicts
too many false positives. Our methods instead effectively push confidence up only for
the relevant labels, keeping confidence for irrelevant labels low.

Table (bottom) reports an ablation study on Confusing-HMDB-102 with an
ideal label search, i.e., the retrieved pseudo-labels are intentionally chosen as the cor-
rect classes. Results show that it is theoretically possible to improve performance with
perfect pseudo-labels, however we do not observe a dramatic improvement compared
to the labels obtained through our visual neighbor search. Tabled.3|(top) illustrates an-
other ablation experiment, where we obtain pseudo-labels from class co-occurrences
retrieved on our EPIC-Kitchens-100-SPMYV test set. In this case, pseudo-labels are
formed globally by looking at the co-occurrence of our multi-verb annotations across
the test set. Given a verb v; we count how many times it was annotated together with
any other verb v;. If v; and v; occur at least half of the time together v; will form the
pseudo-label set for instances labeled with v;. The large performance drop observed
when using these co-occurrence-based global pseudo-labels suggests that the semantic
ambiguity in our setting requires instance-level disambiguation rather than class-level
pseudo-labels. This is because verbs can have subtly different meaning which can
change according to the context. Clustering verbs using co-occurrences ignores this

signal, and thus hurts performance.

End-to-end experiments. = We additionally performed end-to-end training on the
Confusing-HMDB-102 dataset, using optical flow images. Optical flow was extracted
using the TV-L1 [103] algorithm. In this case the training set features and the pseudo
labels were updated every 5 epochs. Table.4|reports results obtained with this setting.
Performance with end-to-end training naturally improves compared to results reported
in Table where pre-extracted features were used throughout the training. We ob-

serve that our methods consistently outperform all baselines.
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Dataset Loss Top-set ML Top-1 ML IOU Acc. Fy mAP
AN 43.7+£05 51.0+x04 112+04 150+0.6 228%1.8
WAN 448+03 525+£06 152+50 246+66 26313
LS 437+£09 51807 96+04 129+0.6 244+15
. N-LS 434+£06 507+04 11.0+04 148+05 22.1+0.8
EPIC-Kitchens-100-SPMV
Focal 433+0.6 51503 57+x02 78+02 23906
EM 447+£04 529+x03 41+x00 78+00 251%1.0

Mask (ours) 46.6+0.2 552+04 27.8+04 369+04 259+0.8
P+S (ours) 46.9+£0.1 56.0x06 335+02 449%03 258+038

AN 320+1.6 385+20 189+1.6 248+1.6 206+3.8

WAN 36.8+0.7 40.7+0.6 4.1+£01 79+£01 320x14

LS 324+£23 388+1.8 193+23 249+23 19.7+38

N-LS 322+13 388+1.7 193+1.7 253+18 20.1+37
Confusing-HMDB-102

Focal 31,6 £1.9 38.0+20 13.0+0.8 17.6+0.7 148+38

EM 319+0.6 374+09 3200 62+0.1 18.6+3.1

Mask (ours) 41.8+1.1 433+09 308+25 363+27 403+22
P+S (ours) 419+£09 434+05 299+22 359+20 40.7+2.0

Table 4.2: Results with * standard deviation calculated over five runs for EPIC-Kitchens-
100-SPMV and three splits for Confusing-HMDB-102. For EPIC-Kitchens-100-SPMV
the mAP metric shows unstable results due to the very long-tailed distribution of the
verbs. In other words, many classes have only a few samples and mAP is a non-
weighted average of AP computed per class, encouraging correct predictions on tail

classes. Best and second-best results are bolded and underlined respectively.

Dataset Loss Top-set ML  Top-1 ML  IOU Acc. F, mAP

Mask  46.6+0.2 552+04 27.8+04 369+04 259+0.8
Mask? 37.8+1.3 48410 18.1+£04 237+04 21709
P+S 469+0.1 56.0+0.6 335+0.2 449+0.3 258+0.8
P+ST 23.0+04 280+05 124+04 18.0+0.6 20.8+1.3

EPIC-Kitchens-100-SPMV

Mask  41.8+1.1 433%+09 30.8+25 363+2.7 40322
Mask* 42.6+22 438+23 304+23 342+24 374+36
P+S 419+09 434%£05 299+22 359+2.0 40.7+2.0
P+S* 432+18 44321 314+£25 359+2.1 39.1+3.1

Confusing-HMDB-102

Table 4.3: Ablation experiments using class-level pseudo labeling () or ideal pseudo-
label search (x). We report results with £ standard deviation calculated over five runs for
EPIC-Kitchens-100-SPMV and three splits for Confusing-HMDB-102. Best and second-

best results are bolded and underlined.
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Loss | Top-set ML | Top-1 ML | IOU Acc. F; mAP
AN 46.7£ 1.5 | 495+ 1.7 | 11.5+£0.8 | 13.7£ 1.1 | 47.8+ 1.2
WAN | 382+24 | 40927 |13.7£09 | 23.0+ 1.3 | 37.4+ 2.2
LS 478+ 0.8 | 51.00.5 | 95£1.2 | 11.4£1.5|49.8+£0.8
N-LS | 48613 | 51.1£1.2 | 120£2.2 | 1424+ 2.8 | 50.0£ 2.1
EM 477+ 1.7 | 485+ 1.7 | 34£0.1 | 6.5+0.1 | 49.6+£2.8
Mask | 504+£0.1 | 53.2+£0.2 | 25.6£ 1.8 | 27.9+2.0 | 51.9+ 1.2
P+S 50.5+ 0.3 | 51.840.3 | 30.94+ 2.3 | 33.4+ 2.6 | 524+ 1.3
Mask* | 534+09 | 547+ 1.5 | 325+ 0.8 | 343+ 0.9 | 554+ 1.1
P+S* 572+ 06 | 57.3£0.8 | 41.7£2.1 | 42719 | 59.94+ 1.3

Table 4.4: Results obtained training the model end-to-end with optical flow images.
Results in percent (%) + standard deviation on the three splits of Confusing-HMDB-
102. Losses marked with %« assume the case when the pseudo label search is ideal,
and gets to use actual ground truth labels during training. Mask and P+S (without )
are trained with K = 10 and t = 0.2.

Qualitative results. Figure4.7|illustrates a few qualitative examples where we com-
pare the predictions obtained with our methods and the other SPML baselines. Verbs
shown here were selected by thresholding the model confidence (sigmoid) at 50%. A
“-” indicates no predictions, which happens when all classes have low confidence. We
note that WAN and EM tend to over-predict numerous verbs, whereas AN, LS and N-
LS tend to predict only one verb. Our methods instead correctly output relevant verbs

without over-predicting a large number of labels.

4.6 Conclusion

We proposed to treat action recognition as a single positive multi-label learning task,
as labels can often be ambiguous and have overlapping semantics. We annotated a part
of the large-scale EPIC-Kitchen-100 dataset to be used as a multi-label evaluation, and
furthermore, we created a synthetically generated ambiguously-labeled dataset called
Confusing-HMDB-102.

EPIC-Kitchens-100-SPMYV. This is a multi-verb annotated version of the original
EPIC-Kitchens-100 dataset for efficiently evaluating the proposed problem. We anno-



Chapter 4. Handling Ambiguity in Action Recognition 56

PWAN: mix, hold,
LS: hold
N-LS: hold

EM: hold, mix,

N-LS: scrub
EM: wash, scrub,

Figure 4.7: Qualitative examples from our methods and the other SPML baselines.
White indicates the ground truth, yellow denotes a partial match, while red and green
denote incorrect and successful total matches, respectively. We cap the model predic-
tions shown here to five. A dash “-” denotes the case where the are no predictions due

to the model having low confidence for all classes.

tated around 3,500 videos and each video was annotated by three annotators to obtain

clean labels. There are 2.4 labels per video on average.

Confusing-HMDB-102. This is a dataset with increased label confusion by synthet-
ically increasing the number of classes in HMDB-51 to make confusingly interchange-

able labels. This is a simple yet efficient method to simulate our problem setting.

Metrics. Five different popular metrics for multi-label classification tasks were used
for evaluating the methods: Top-Set ML, Top-1 ML, IOU accuracy, F1-Measure, and
mAP. Some metrics focus on top predictions while others treat all positive predictions

equally.

Performance.  Extracting pseudo labels from within the training set annotations
correctly models this type of ambiguity, showing a significant improvement in per-
formance measured using the five different multi-label metrics. Two different loss

functions were proposed that utilize the extracted pseudo-labels in different ways. The
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Mask BCE loss treats pseudo labels to be ambiguous, thus prohibiting the classes from
passing any kind of learning signal. The P+S BCE loss considers pseudo labels to be
accurate and passes positive learning signals. It is a trade-off to decide whether the

improved performance is worth the risk of instability of the learning.

Discussions.  Without our multi-label dataset and only using the original EPIC-
Kitchens annotations, we observed that many of the failure cases of the action model
actually predict valid categories. That signifies faulty evaluation in current action
recognition practices. Indeed, the top-1 accuracy on the original EPIC-Kitchens-100’s
validation set is: AN 64.7, WAN 65.2, LS 65.0, N-LS 64.6, Focal 64.8, EM 65.5, Mask
65.4, P+S 65.4. Using this metric, all baselines are close in performance. However us-
ing appropriate multi-label metrics, as in the chapter, we observe much wider gaps.
Based on the fact that our multi-label dataset has 2.4 labels per video on average, it
became clear that a lot of the labels overlap in meaning, however, they depend heavily
on the context and they cannot be simply grouped as one class.

Based on the baseline and initial ablation results, we found out that the standard
SPML losses or label correction approaches primarily designed for images do not work
well and there is a big room for improvement. It was a crucial step to understand how
they are designed. They either try to “correct” the label between commonly mistaken
classes, or they try to boost classes based on model predictions. What worked well was
to model the confusing label space by looking at other video annotations. Interestingly,
with our losses, it was not even necessary to obtain perfect modeling of this space, and
sometimes the perfect pseudo labels can even hurt the performance. It is potentially
possible to improve the quality of the pseudo labels as a future work, but new loss
functions or optimization frameworks need to be introduced along with that.

We found out that the top 10 predictions of the pre-trained model cover most of the
valid labels, and our annotations have no huge bias towards the model failures in the
end based on the Figure 4.6] It is highly recommended to keep the procedure efficient

like this for any future multi-verb annotation tasks.

Limitations.  The chapter lacks full end-to-end experiments and experiments with

different action models. We leave those as future work.



Chapter 5

Adversarial Augmentation Training for
Video Distribution Shifts

5.1 Introduction

Video action recognition has become a vital computer vision task with applications in
surveillance, robotics, and more. Video data exhibits greater diversity than image data,
and therefore action recognition architectures are not as robust to distribution shifts [69,
70, 1106]. In addition to image-level effects like viewpoint and appearance changes,
video introduces effects such as camera motion, focus shifts, and background object
movements. Moreover, an action class incorporates substantial intra-class variation
as illustrated in Figure For example, the class “playing basketball” may involve
dribbling, running, or shooting in different contexts. Furthermore, depending on the
data source, there are biased video processing artifacts. For example, videos collected
from YouTube have standardized YouTube processing (VP9 compression), making the
dark areas have extremely low quality. Often, the videos go through a frame rate
conversion algorithm, which can create frame interlacing artifacts. As a result, the
slight distribution shift in video data can dramatically reduce the action recognition
performance.

Data augmentation is one potential solution to account for this fragility. It is a
popular method to create synthetic variations of the existing training data that will en-
able classification models to generalize better to previously unseen test data. However,
it is not yet clear what kind of augmentation is necessary to generalize to test data
with different distribution shifts. There has been much work on automatically select-

ing augmentation policies given training and validation data [107, 108,109, 110, 111].

58
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Training Data (HMDB-51)

Figure 5.1: A common scenario with biased training data and testing with real-life data,
with an example class of “drink”. The training data is from the HMDB-51 dataset whose
video samples are usually taken from movies, and the test data is from the Kinetics-
400 dataset which is from YouTube videos. There are many reasons why the test data
looks so different: poor camera quality, wrong orientation, extreme camera shake, in-
consistent frame rate, frame rate conversion artifacts (interlacing), poor lighting, lack
of professional post-processing (e.g., color grading), different ways of performing the
action, poor framing, inconsistent aspect ratios, editing artifacts, various actions hap-
pening at the same time. Thus, it is common for the performance to drop significantly
when the trained model is applied in more general applications.

However, such approaches optimize augmentation of the training data, and it is not
clear whether the resulting generalization applies to test data with much distribution
shift.
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To address the video domain shift problem, we propose an adversarial augmenta-
tion scheme that generates “hard” video examples for the action recognition networks.
The pipeline is simple to implement, and results in a meaningful improvement in per-
formance on the proposed datasets with realistic distribution shifts compared to no
augmentation and random augmentation baselines. The benefits are demonstrated us-
ing three popular action recognition architectures. The training and validation datasets
are subsets of HMDB-51 or UCF-101, and the test data are a subset from equivalent
Kinetics-400 classes, to realistically evaluate distribution shifts over the same action
classes.

This approach and evaluation requires multiple datasets with common aligned ac-
tion classes. The chapter also presents another simple method to evaluate robustness
using a target dataset with different classes using cosine similarity of features as log-
its. The method requires no training (i.e., fine-tuning) on the target dataset, and thus it

correctly measures the transferability of the trained classifier on the target dataset.

5.2 Related Work

Data augmentation.  [112] summarizes image data augmentation techniques for
deep learning. AutoAugment [[107] is an augmentation policy search algorithm that
finds the best augmentation on a target dataset, based on the highest validation accu-
racy.

Due to AutoAugment’s expensive policy search, Population-Based Augmentation [108]],
FastAutoAugment [109], and FasterAutoAugment [[110] proposed more efficient search-
ing algorithms, by learning a schedule policy over a fixed-policy, using density match-
ing, and using differential augmentation with a generative adversarial network (GAN) [113]]
architecture that involves a policy generator and a discriminator, respectively.

Differentiable Automatic Data Augmentation [[111] proposed differential data aug-
mentation policy searching algorithm using Relaxed Bernoulli distribution [114]] which
is differentiable, similar to FasterAutoaugment, and further introduced an unbiased
gradient estimator that enables joint optimization of the augmentation policies and
network parameters, instead of using GAN.

RandAugment [115] showed that simple random augmentations with randomly
sampled transformations achieve similar performance efficiently.

However, the policies in most work are optimized on the training set, and we focus

on the scenario where test data can have severe distribution disparity which is unknown
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during the training time.

Adpversarial training.  Different than conventional training with data augmentation,
adversarial training (AT) is defined as a min-max problem whereby the trained model
uses observed training samples to minimize its prediction error, while an adversary
attempts to generate training samples that maximize it.

While it is well-established that AT is the most effective way to achieve adversarial
robustness [[116]], it has further been shown to yield other types of robustness, e.g.,
against natural corruptions [117], domain shift [[118, 119} [120]], and others. Note that
even though the classical definition of AT uses adversarial input noise [121}122]], more
adversarial image augmentations have been studied, e.g., rotations [123,124], contrast,
jitter [125].

AT should be approached with care, as generating adversarial training examples
that are too challenging for the trained model may actually harm downstream perfor-
mance [[126]].

In this chapter, we employ two measures to control this trade-off: (i) We cre-
ate maximally informative adversarial examples (confusing to the model, but near
the classification boundaries) via maximum-entropy regularization, as per the work
of [127, (128} [129]. (ii) We train with curriculum AT as per the work of [126, [130]],

which involves training with harder adversarial examples over time.

Domain adaptation. Domain adaptation is a transfer learning task where the source
and target datasets have a significant distribution shift while sharing the same task.
[131] explains types of domain adaptation tasks and approaches.

There are discrepancy-based techniques that learn transferable features from a
source domain to a target domain [132} [133]], reconstruction-based methods that utilize
autoencoders, which aims to extract a useful feature for the target domain [134} [135]],
and adversarial domain adaptation approaches involving a source/target discrimina-
tor that distinguishes where the data come from and a feature extractor that aims to
confuse the discriminator by trying to produce generic features regardless of the do-
main [[136} 137, (138, [139, (140, 141, [142, [143]. More recently, analyzing frequency
components of deep feature maps using attention to filter domain-general compo-
nents [144] is proposed.

Domain adaptation for video action recognition is first proposed by using a feature

alignment approach on online test videos [106]. This work is evaluated using com-
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putationally simulated corrupted videos, while we propose to use real examples that
involve more diverse types of discrepancy between the domains.

It is important to note that most domain adaptation techniques require examples
from the target dataset to be present, while our work focuses on evaluating using an

utterly unknown dataset.

5.3 Problem and Methodology

Action recognition predicts an action category label given a video sequence. This
chapter explores how well different variations of action recognition models, training,
and loss functions generalize by evaluating on a different data domain.

The main difference with transfer learning is that our approach does not tune model
parameters using the target evaluation dataset, whereas transfer learning usually in-
volves fine-tuning the model with the target dataset’s training set.

To improve generalizability, the training data is augmented. Hard-to-classify ad-
versarial examples are generated by applying gradient ascent on the augmentation pa-
rameters which are fully differentiable. We then train the classifier using AT loss,

calculated using both clean and adversarial examples.

5.3.1 Adversarial Augmentation Training

Adversarial augmentation training uses a two stage training loop, as described in Fig-

ure 5.2

Stage 1: Generate adversarial examples. “Hard” adversarial examples are found
by tuning the augmentation parameters using gradient ascent.

Let go(x) be an augmentation model with fully differentiable parameters 6, and
fo(x) be a video classification model with parameters ¢, that outputs class predictions
given an input video x. The goal of stage 1 is to find the augmentation parameters 6’
that maximize categorical cross-entropy loss. Note that by maximizing the loss, we aim
to find the augmentation strategy that is challenging for the classifier, and in Figure[5.2]
this is described as minimizing the negative cross-entropy loss.

At each training step, the augmentation parameters 0 are randomly initialized. Gra-

dient ascent is then done only on 6, freezing the classification parameters ¢ to learn
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Stage 1: Freeze the classification model and tune the augmentation model

X Frozen
2
—

Stage 2: Tune the classification model with the adversarial loss

predictions

Classification
model

fo

—Lcr(fo(90(x:)), vi)

predictions

model

| Ler(fo(x*5), i)

Xi
» Classification —_— Lcog(fs(xi),yi)

—Lr(fs(x*:))

Figure 5.2: The proposed adversarial augmentation training has two separate stages.
Firstly, the classification model is frozen while the differential augmentation model is
trained using the negative cross-entropy loss. This is equivalent to performing gradient
ascent to maximize normal cross-entropy loss. As a result, the augmentation model will
generate hard augmentations for the classification model. The second stage trains the
classification model using both clean and adversarial examples. The maximum entropy
regularization loss is integrated by subtracting the entropy of the adversarial examples,

encouraging the predictions to be evenly balanced.

adversarial augmentations, with the cross-entropy loss Lcg(fy(ge(Xi)),yi). This opti-

mizes augmentation parameters 0’ for generating adversarial examples.

Stage 2: Optimize the classification model.  Next, the classification parameters
¢ are optimized while freezing the augmentation parameters 6. For simplicity, X* =
ge(x;) denotes the generated adversarial example of x;. The vanilla AT loss is defined

as:

Lar(fo(Xi), fo(X7),¥i) =0Leg(fo(Xi), i)
+ (1 — o) Lee(fo(X™1), i)

(5.1)

which is a weighted average of the cross-entropy loss using the clean sample and the

augmented sample.
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Max-Entropy Regularization. = The cross-entropy loss encourages predictions to
be over-confident by pushing the examples further from the classification boundaries.
However, adversarial examples are supposed to be confusing. We regularize the cross-
entropy-based adversarial loss in Eq. (5.1])) by maximizing the entropy, encouraging the

overall predictions to be evenly balanced for adversarial examples.

LarME(fo(Xi), fo(X]),yi) =0LcE(fo(Xi),Yi)

+ (1 =) Leg(fo(X"1), i) (5.2)
—YLe(fo(x"))
where entropy loss Lg is defined as
) 40
Lg(fo Z o (x)log(f,” (x7)) (5.3)

C is the number of classes, and fqgc) (x7) is the prediction score of class ¢ for the adver-

sarial example X"

Curriculum Adversarial Training.  Applying curriculum training by starting from
training with “easy” samples and gradually generating “harder” samples makes the
model more robust [126]]. Here, the classification models are trained initially from
clean data without augmentation, and gradually harder adversarial examples are added

by scheduling the learning rate of the augmentation model.

5.3.2 Cross-Dataset Evaluation

We train on one dataset and test on another dataset, where there are distribution shifts

between the train and the test data. We propose two different evaluation approaches.

Matched Class Evaluation (Expt. 1). The first approach creates two datasets that
share the same classes, but which have a significant disparity in the train and test data
distribution. To choose the common classes, visual features are extracted on two exist-
ing datasets using the 13D [22] model pre-trained on Kinetics-400 [47] and semantic
cues are extracted using the sen2vec [145] model pre-trained on Wikipedia. The vi-

sual and semantic similarity features are combined and then used in the TruZe [146]
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procedure (i.e., include exact matches, matches that can be either superset or subset,
and matches that predict the same visual and semantic matches) to obtain a set of ex-
tremely similar classes from the two source action recognition datasets. The matched
classes from the two datasets are verified manually and a subset is selected that has a
substantial overlap in visual and semantic cues. One dataset is used for training and
validation, and the other dataset is used for testing. We describe the curated datasets
in Section 5.4l Table[3.3]shows some of the matched classes. This is the most realistic
method to evaluate on a distribution shift, but it requires some manual procedures as

well as finding datasets that share largely similar classes.

Cosine Similarity Evaluation (Expt. 2). The second method uses two datasets that
have different classes without modifying them or fine-tuning the model on the target
dataset for transfer learning. It is a simpler method compared to the first one and does
not require manual class matching.

We first train the classification model using the source dataset. Since the number
and types of classes of the training (source) and evaluation (target) datasets are differ-
ent, we detach the last classification layer of the source dataset classification model to
use it as a feature extractor. We then calculate class prototypes of all the classes in the
target dataset by simply averaging the features of each class in the training set, inspired
by [147]. The prediction score of a sample from the target dataset’s test set is estimated
using the cosine similarity of their feature vector and the class prototypes, followed by
softmax. In other words, the cosine similarity is used as logits, which are formed by
producing high activations on classes that are closely aligned to the training set of the
target dataset. Using these estimated prediction probabilities, we report accuracy. We
will show that adversarial augmentation of the source dataset also produces improved
classification of the target dataset, by producing a more robust feature extractor for use
with this similarity measure. Note that the source dataset is never used for evaluation,
and only be used for training the model, and the target dataset’s training set does not
contribute to fine-tuning the model. The role of all four splits in two different datasets
can be found in the Table

Formally, a class prototype ¢; € RM is an M-dimensional representation. The pro-
totype for each class k in the target dataset is the mean vector of the embedded features

belonging to its class in the training set. Let Sy be the set of videos in the training set
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Dataset Type | # Classes | Split | Usage

train | Training
Source N o
test | Validation

train | Obtaining K class prototypes
Target K

test | Testing with cosine similarity as logits

Table 5.1: Purpose of all dataset splits for the cosine similarity evaluation method (Expt.
2). Given the four splits of the data, the source dataset is used to train (with or without
AT) and validate the model. The target dataset is used to evaluate the model without

further fine-tuning.

in the target dataset from class k. ¢ is computed by:

1

Cr = —
1S (xi,

Y he(x) (5.4)
¥i)ESk

where /() is an embedding function, which is the feature extraction model that shares
parameters partially with f, excluding its classification layer.

For a given test video from the target dataset x; € S}, the probability of a given
class label k is estimated using the cosine similarity of the embedding to the target
dataset’s class prototype ¢, followed by softmax. Given the cosine similarity function

x-c

d(x,c) = TiTer We get:

exp(—d(ho(Xi) c))
Y exp(—d(ho(Xi), cv))

P(y=k|x; € SI) = (5.5)

where y denotes the class label.

The parameter ® is not tuned during this operation. That is, the training data from
the target dataset does not contribute to fine-tuning the model. The motivation of this
approach is to measure the transferability of the model from a source dataset to a
target dataset without actually tuning the model parameters, showing the robustness of

the model to sample distribution shift.

5.4 Experiments

HMDB/Kinetics and UCF/Kinetics Datasets (Expt. 1). Training datasets are
created from subsets of HMDB-51 or UCF-101 and the subset of the Kinetics-400 test

set is used for testing. The subsets share the same classes between the training and
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test sets. The motivation for this approach to creating the datasets is to simulate a real-
world environment where the test data comes from many unknown sources, with many
variations in actions, capture conditions, aspect ratio, and so on. The Kinetics-400
dataset has many more samples in the fine-grained classes, so it was used for testing.

TruZe [146] is used to identify shared classes from the HMDB-51 and Kinetics-
400, and UCF-101 and Kinetics-400 datasets, based on the visual and semantic similar-
ity. More details on this procedure can be found in Section[5.3.2] In TruZe, normally,
classes from UCF or HMDB that have overlapping context with the corresponding Ki-
netics class are removed, so that using the Kinetics pre-trained models would not bias
the zero-shot settings. However, in our robustness problem, the train and test datasets
are created with the opposite goal, where only overlapping classes are selected. For
instance, the class “climb” in HMDB-51 is treated as the same class as “rock climb-
ing”, “ice climbing”, “climbing a rope”, and ‘“climbing tree” in Kinetics-400. The
final datasets are named HMDB-28/Kinetics-28 and UCF-65/Kinetics-65, where the
training sets are subsets of the HMDB and UCF data, respectively, and test subsets
come from Kinetics. The 28 and 65 refer to the number of shared classes. Examples
of the resulting splits can be found in Table The three official published splits of
HMDB-51 and UCF-101 are used, but only the shared classes are selected. The results
in Table [5.4{ are the average performance over the three splits.

HMDB < UCF Evaluation (Expt. 2). For the experiments using the cosine simi-
larity function, the HMDB-28 trained models are tested on UCF-101, and the UCF-65
trained models are tested on HMDB-51, using the cosine similarity measure with class
prototypes as predictions. The results in Table [5.4] are the average performance over
the nine splits, three runs from the source dataset and each run evaluates with three
splits from the target dataset.

Table [5.2] summarizes all datasets used for the experiments (Expt. 1 and Expt. 2).

Augmentation Methods. Results are compared for four different training approaches:
training without augmentation, with random augmentation, with adversarial augmenta-
tion, and with curriculum AT [126] as described in Section Experiments used the
popular efficient 2D TSM model [10] with a ResNetS0 backbone, Video Swin Trans-
former [2] Tiny, and Uniformer-S [12] model. ImageNet pre-trained models were used
instead of Kinetics pre-trained, so that the models never get to see the Kinetics data

distribution.
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‘ Expt ‘ Name Original Dataset | Usage
la UCF-65 UCF-101 Training, validation
Kinetics-65 | Kinetics-400 Testing UCF-65 trained models
HMDB-28 | HMDB-51 Training, validation
b Kinetics-28 | Kinetics-400 Testing HMDB-28 trained models
’ UCF-65 UCF-101 Training, validation
HMDB-51 | (original) Testing UCF-65 trained models w/ cosine similarity
b HMDB-28 | HMDB-51 Training, validation
UCF-101 (original) Testing HMDB-28 trained models w/ cosine similarity
Table 5.2: List of datasets used for our experiments. The HMDB-51, UCF-101, and

Kinetics-400 are the original datasets. The UCF-65, Kinetics-65, HMDB-28, and

Kinetics-28 are the proposed subsets.

HMDB-51 Classes

Kinetics-400 Classes

brush hair
cartwheel
catch, throw
clap

climb

dive

dribble
drink

eat

golf

curling hair, dying hair, brushing hair

cartwheeling, somersaulting

shooting goal, juggling, catching or throwing frisbee, catching or throwing baseball, catching or throwing softball, throwing axe, throwing ball, throwing discus
clapping, applauding

rock climbing, ice climbing, climbing tree, climbing a rope

diving cliff, bungee jumping

dribbling basketball

drinking beer, drinking shots, drinking

eating burger, eating cake, eating carrots, eating chips, eating doughnuts, eating hotdog, eating ice cream, eating spaghetti, eating watermelon

golf driving, golf chipping, golf putting

UCF-101 Classes

Kinetics-400 Classes

Basketball
BasketballDunk
BodyWeightSquats
BreastStroke
CleanAndJerk
CliffDiving
Haircut
HorseRiding
PlayingPiano
Skiing

shooting basketball, dribbling basketball, playing basketball
dunking basketball

lunge, squat, dead lifting

swimming breast stroke, swimming back stroke

clean and jerk, snatch weight lifting

diving cliff, springboard diving

shaving head, braiding hair, getting a haircut

riding or walking with horse, riding mule

playing piano, playing organ

skiing (not slalom or crosscountry), skiing crosscountry, skiing slalom

Table 5.3: The HMDB-28/Kinetics-28 (above) and UCF-65/Kinetics-65 (below) datasets
which are subsets from the original HMDB-51 UCF-101, Kinetics-400 datasets. Visually

and semantically similar classes were combined which allows testing with real-life data

from YouTube that has a significant distribution shift from the training data. The HMDB

or UCF data are used for training and validation, and the Kinetics data are used for

testing.

Augmentation used translation to a maximum of 28 pixels, 10° rotation, shear

transform of 0.1, and scale from 0.9 to 1.5. For curriculum training, no augmentation

was used for 20 epochs, then AT with a zero learning rate of the augmentation model

was used for 20 more epochs. Then, AT with a triangular learning rate scheduling
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from 0.1 to 1.0 on the augmentation model was used for the rest of the training, except
on the Uniformer model. For Uniformer, the above was done for only 20 epochs, and
then trained with random augmentation for 20 more epochs and fine-tuning with no

augmentation for the rest to mitigate under-fitting issues.

Implementation Details.  Videos were resized to 224 x 224 and sampled to 8
frames sparsely similar to [3]]. The classifier models were trained for 200 epochs using
an SGD optimizer with an initial learning rate of 0.0001, decaying the learning rate
using cosine annealing scheduling. For adversarial training (AT), the augmentation
model used a learning rate of 0.1. For adversarial plus curriculum training, the LAT.ME
loss was used with o = 0.5 and Y= 0.5. Two NVIDIA RTX 3090 GPUs were used
with batch size 16 to train the TSM models, an NVIDIA A100 GPU with batch size 16

and 32 for training the Uniformer and Swin Transformer models, respectively.

5.5 Results

5.5.1 Shared Class Experiments 1a, 1b

Two confusion matrices are created collating the performance when training on HMDB-
28 and testing on either HMDB-28 or Kinetics-28 (test sets). The former is sub-
tracted from the latter to record how much difference there is in the performance,
which is shown in Figure [5.3(a). (The figure also shows the same results when using
UCF-65 and Kinetics-65.) In this figure, no augmentation strategy is used. The fig-
ure shows that there is a dramatic performance drop when the models are tested on
a different dataset (Kinetics) to training (HMDB or UCF). Some categories such as
“situp”, “shoot_bow”, and “drink™ are damaged more severely. As seen in Figure
HMDB/UCEF videos have objects and actors that are clearly visible and stable in the
frame, while Kinetics videos tend to have lots of camera motion with different sizes
of the objects. The overall accuracy drop from UCF-65 to Kinetics-65 is even more
significant. These results show that the raw trained model is not robust to distribution
shifts between datasets, which is not ideal for deployment in real applications.

When the adversarial training approaches presented in Section are applied,
target dataset performance improves. Table summarizes the main cross-dataset
evaluation results for the four augmentation strategies presented in Section The

different adversarial augmentation strategies gave improved accuracy for the target
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Figure 5.3: Confusion matrix difference between evaluating on the same dataset
(a:HMDB at top or b:UCF at bottom) and a different one (Kinetics), given a TSM model
with no augmentation strategy. The negative (blue) values on the diagonal line indicate
the class accuracy drop when evaluated on Kinetics. Almost every class has a drastic
drop. Overall, there is a 25.7% and 38.37% accuracy drop for the HMDB and UCF
training datasets, respectively.

datasets (see Kinetics-28 and 65 results columns).

Also, unlike what is reported in [70], the convolutional architecture performed bet-
ter with the distribution shift compared to transformer models in most of the cases
except for the Swin Transformer trained on UCF-65 and tested on HMDB-51. We
hypothesize that this is because the Kinetics test dataset shows natural and realistic

distribution shifts. In addition, we did not use the Kinetics pre-trained models, and the
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Test Accuracy
Model Train Dataset | Train Augmentation Kinetics-65 HMDB-51
Matched Class Expt 1a | Cosine Expt 2a
None 39.13 +£0.56 37.61 +1.88
Random 40.90 +0.32 38.19 +£1.39
TSM UCF-65 )
Adversarial 4242 +0.63 38.99 £ 1.26
Curriculum 42.51 = 0.62 39.14 £ 1.21
None 37.08+ 1.43 3891 +1.63
Random 40.80 + 1.90 40.61 £1.40
Swin UCF-65
Adversarial 42.27 £ 0.24 41.48 +1.58
Curriculum 41.20+£0.72 41.58 = 1.63
None 18.78 £0.22 21.39 +£1.32
Random 22.42 +0.98 24.92 +1.66
Uniformer | UCF-65
Adversarial 22.95 +0.68 26.16 = 2.10
Curriculum 23.61 = 0.27 2493 £ 1.60
Test Accuracy
Model Train Dataset | Train Augmentation Kinetics-28 UCF-101
Matched Class Expt 1b | Cosine Expt 2b
None 29.75 +1.08 60.51 £0.79
Random 30.13 £0.42 61.21 £0.57
TSM HMDB-28
Adversarial 32.44 +0.48 62.60 +0.59
Curriculum 32.82+1.41 63.18 £ 0.71
None 25.26+ 0.80 59.88 £ 0.55
Random 26.63 = 0.97 60.99 £ 1.30
Swin HMDB-28
Adversarial 27.31 £0.57 62.57 £0.72
Curriculum 27.60 = 0.62 62.95 = 0.82
None 14.53 £ 0.51 28.23 +0.94
Random 14.33 £1.03 28.67 +1.36
Uniformer | HMDB-28
Adversarial 15.13 £0.79 29.88 £2.62
Curriculum 15.25 £ 0.75 30.83 £ 1.04

Table 5.4: Results from three models (TSM ResNet50, Video Swin Transformer Tiny,
and Uniformer-S), two training datasets (UCF-65 and HMDB-28), four augmenta-
tion strategies (no augmentation, random, adversarial, and curriculum), and two test
datasets (Kinetics, and HMDB/UCF). In all cases, adversarial augmentation or curricu-

lum adversarial augmentation training outperformed all baselines.

transformer architectures require large-scale data to reach the maximum potential.
In all cases, the adversarial augmentation or curriculum methods outperform all

baselines, given a fixed network architecture, for all training and test datasets. Al-



Chapter 5. Adversarial Augmentation Training for Video Distribution Shifts 72

though the “random augmentation” and ‘““adversarial augmentation” allows an identical
range of transforms, generating adversarial examples through gradient ascent produces
“harder than random” augmentation which improved the overall performance. Further-
more, adding the simple curriculum mostly improved over the adversarial benchmark.

To demonstrate the improvement in transfer performance by the use of the cur-
riculum adversarial strategy, we computed the difference of the confusion matrices for
None and Curriculum augmentation. Figure [5.4] shows the results, where the reddish
boxes on the diagonal indicate improved performance. It is clear that the proposed
adversarial augmentation makes the model more robust on the classes with the larger
distribution shifts, as presented in Figure [5.3] This supports our claim that the pro-
posed adversarial augmentation makes the model more robust on classes with a huge

distribution shift.

5.5.2 Cosine Similarity Evaluation 2a, 2b

The cosine-similarity-based accuracy results on HMDB-51 and UCF-101 are shown in
the Cosine Expt columns of Table [5.4] The results follow a very similar trend to the
“realistic” Kinetics Expt 1. The advantage of using this accuracy measure as compared
to testing on Kinetics with overlapping classes is that it requires no thorough analysis
of the source and target datasets to find overlapping classes, making it simple to set up

the cross-dataset experiments even using new datasets.

5.5.3 Adversarial Augmentation Examples

Some examples of adversarial augmentations in comparison to random augmentations
are depicted in Figure [5.5] One might think that the most extreme and unrealistic
augmentations will be challenging to the classifier. However, adversarial augmentation

can sometimes render more realistic yet challenging examples.

5.6 Conclusion

One of the biggest reasons why it is hard to deploy action recognition models in real
applications is because of the sheer amount of variation in real data that is unseen dur-
ing training. We suggested new ways to evaluate action recognition performance over

distribution shifts, to test the actual robustness of the model. Adversarial training and
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Figure 5.4: Confusion matrix difference between no augmentation strategy and the pro-
posed curriculum adversarial augmentation training with the TSM model and evaluation
on Kinetics. The positive (red) values on the diagonal line indicate the added class-wise
accuracy by using the proposed approach. The classes are sorted by the drop in per-

formance using the proposed cross-dataset evaluation, as seen in FigurelBE}
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Figure 5.5: Examples of the vanilla and proposed augmentation examples in the HMDB-

51 dataset while training the Video Swin Transformer model.

curriculum adversarial training benchmarks showed the robustness of three popular ac-

tion recognition models. To summarize:

Cross-Dataset Evaluation Matching Classes in Two Datasets. Two new datasets
were created by taking overlapping class subsets of HMDB-51 and Kinetics-400, and
UCF-101 and Kinetics-400. HMDB or UCF data were used for training, and the Ki-
netics data was used for testing. We matched the overlapping classes by analyzing the
visual and semantic similarity of the classes. This method required no training on the
target Kinetics dataset. This method showed that a slight distribution shift in video

data dramatically lowers the performance.

Cross-Dataset Evaluation using Cosine Similarity as Logits.  Another way to
evaluate a trained model on another dataset is to use cosine similarity scores between
class prototypes and test video features as predictions. This method also does not re-
quire training on the target dataset, nor matching the classes manually, thus is a very
effective method to evaluate model performance with data disparity. The experiments
showed that results using this method align very closely with the matched-class results,

suggesting that it is a very useful evaluation method. However, it is still advised to use
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a dataset that contains similar actions to the original training dataset.

Adversarial Augmentation Training. = We proposed a novel augmentation strat-
egy using adversarial examples. We first tuned the differential augmentation model
by applying gradient ascent, creating hard examples for the classifier model. We then
trained the classifier model with both clean and adversarial examples. We also ap-
ply “curriculum training” to this procedure, creating harder examples over time. This
method improves the robustness of the action recognition models to huge distribution
shifts.

Discussion. Many augmentation studies about corruption analysis, as discussed in
Section did not propose a solution to the problem of improving generalization
with the presence of severe distribution shifts during testing. This is because they all
used algorithms that add known corruptions to the testing data which is an inappro-
priate methodology when the same corruptions have been applied to the test data. Im-
age/video corruption augmentations are very important especially for research, how-
ever, are less practical because in most applications it is desired to use known data
augmentation algorithms for training. Based on this idea, we proposed a new data aug-
mentation strategy using real test data. The challenge was to analyze the results. As
we were using real test data, it was not clear how different training strategies affected
the performance. It was crucial to view the training and test examples to understand
how they are different, and how much the performance on each class changed. Ad-
versarial augmentation training can improve performance, but it has to be used with
care, as discussed in the previous section. It is advised to use curriculum methods, or
apply more advanced adversarial scheduling methods (which has to be investigated as

a future work).

Limitations. = The matching class evaluation method requires manual procedures,
limiting the choice of datasets. The cosine similarity-based method does not require
this, however, it still needs two datasets that share relatively similar actions. In addi-
tion, the adversarial augmentation training pipeline uses the same transformation on all

the images in a video, which could be improved by using varying transforms over time.

Future Work. = More adversarial training methods, more transformations (corrup-

tions), and more augmentation strategies could be compared with the current experi-
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ments. We leave those as future work.



Chapter 6

Conclusion

6.1 Summary

In the first work, we presented two novel video channel sampling strategies: TC Re-
ordering and GrayST. The former re-orders RGB channels to increase temporal in-
formation, and the latter uses grayscale images to use more frames resulting in an
increased temporal receptive field. In spite of the simplicity of our approaches, we ob-
serve a significant boost in performance on multiple challenging datasets. Importantly,
these sampling strategies allow us to significantly increase the performance of existing
lightweight video networks without increasing the computational cost or requiring any
modifications to the underlying network architectures. Our hope is that this will pave
the way for alternative sampling strategies. Future work includes developing a tempo-
ral aggregation module that is compatible with our sampling strategies for reasoning
over much longer time scales.

In the next chapter, we addressed the problem of action label ambiguity at training
time in video action recognition. Here, videos can contain multiple equivalent labels
due to the semantic ambiguity of verbs. This is a distinct problem compared to most
partial-label settings, where multiple actions are present but not all are annotated. We
showed that state-of-the-art SPML approaches struggle in the presence of this seman-
tic ambiguity. To address this, we proposed two pseudo-labeled-based losses: Mask
BCE, which treats pseudo-labels neutrally and Pseudo+Single-label BCE, which trusts
pseudo-labels and uses them as positive labels. Through results on one dataset with
synthetically generated ambiguity and another consisting of a new set of annotations
for EPIC-Kitchens, we show that our methods outperform current SPML methods.

One interesting direction for future research is addressing the additional ambiguity

77
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resulting from temporally overlapping actions that are often present in dense video
datasets.

For our final work, we addressed the problem of model generalization to realistic
test distribution shift. Two new datasets that are comprised of three existing datasets
were created that shared the same subset of label classes. Although the same classes
were used, the variety of videos in the original dataset sources meant that there was
a huge distribution shift from the source to the target datasets. When using the tar-
get datasets, action recognition performance dropped significantly. This led to trying
adversarial augmentation, with and without curriculum scheduling, as an approach
to generating hard adversarially augmented videos. This approach gave a small but
meaningful improvement in performance, even with the large distribution shift in the
test data. The second cross-dataset evaluation approach, using the cosine similarity as
logits, also showed a similar trend as the matching dataset experiments, providing a

simpler alternative method without having to curate datasets with matching classes.

6.2 Successful Results

Re-ordering video representation. It is interesting to see that even changing the

input channel ordering of the same video can drastically improve performance.

Consistent representation.  TC Reordering has duplicated channels at the end of
the frames. This inconsistency sometimes hurts the performance depending on the
task. On the other hand, TC+2 and GrayST representations are consistent throughout
the frames. This improved stability of the performance in more general network archi-

tectures and datasets.

Choice of datasets.  Each dataset has different benefits and problems. Understand-
ing the data and problem of the dataset is essential to apply any methods. Chapter
shows that our sampling methods work particularly well on temporal datasets. In Chap-
ter 4} existing datasets lack multi-label annotations, and annotating further in a multi-
label fashion played a key role in success. In Chapter [5] we created dataset splits to
evaluate with a noticeable distribution shift, which proved our claim that distribution

disparity hurts performance and adversarial augmentation training can compensate it.

Pseudo-labeling.  As can be seen in Chapter 4], most of the video datasets have some
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form of ambiguity. Pseudo labeling or label correction methods are highly suggested
to look into when dealing with action recognition datasets or other verb-based research

questions.

Augmentation. Better data augmentation strategies can improve action recognition
model performances by a meaningful margin. An alternative video data augmentation

strategy using adversarial loss is suggested in Chapter [3]

6.3 What Did Not Work

Spatial datasets.  As discussed in Chapter [3| it is sufficient to use image-based
networks on datasets that do not require temporal reasoning. The proposed methods
increase the temporal understanding capabilities of the models, but the datasets simply
do not require motion understanding and the action can be inferred from simply look-
ing at objects and backgrounds. For example, in HMDB, UCEF, and Kinetics, there is
a class about playing basketball. This can be easily inferred from a single image that

contains a basketball court and players.

Transfer learning between largely different datasets. = We often observed that
choosing the right pre-trained network is a very important step to action recognition.
Using a large-scale dataset like Kinetics does not guarantee to give better performance
than Imagenet pre-trained models in many cases. This shows how much disparity video
tasks have between the datasets, although they fall into the same video classification
category. We observed that HMDB, UCEF, and Kinetics datasets are very similar, so us-
ing Kinetics pre-trained models improves performance drastically. However, for other
datasets like Something-Something and EPIC-Kitchens, it is better to use Imagenet

pre-trained models because the required task is too different from that in Kinetics.

Using image-based methods.  Directly applying image-based methods to video
problems can fail. For example, most of the label correction techniques assume there
exist two categories that annotators often get confused about and interchange them.
However, in video action recognition, we observed that many verbs overlap in meaning
depending on the context of the video and 2.4 verb labels were valid per video on

average.
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6.4 Future Work

We explored three main problems that make it difficult to deploy action recognition
models to real applications. The first problem was that the recent action recognition
models require significant costs to run, and thus we proposed new sampling strategies
for efficient 2D models. However, it is potentially feasible to design strategies that are

more generic to more types of models. We summarize the options below.

* Smart channel sampling.  We presented a simple sampling strategy that en-
hances temporal information in a frame. However, this still samples a few frames
of the video among many, in a sparse-sampling strategy that samples frames
with a consistent frame rate. Through thorough analysis of model activations, it
should be possible to design a system that samples channels and aggregate them
with the goal of maximizing the temporal cue of the intermediate features. There
exists work that investigates smart frame sampling [77], but with the combina-
tion of our channel sampling technique, it has the potential to improve action

recognition performance by a great margin.

* Channel sampling for 3D or Transformer networks. The goal of the pro-
posed channel sampling techniques is to improve 2D-based action networks.
Usually, transformer-based networks have much better temporal reasoning ca-
pabilities even without re-arranging the channels. That being said, there is no
doubt that inputting the more useful frames for classification will enhance the
system no matter what the architecture does. Perhaps the smart channel sam-

pling strategy suggested above can be used in more general types of models.

* New video representation. There can be other types of efficient representa-
tion than channel sampling. For instance, the original RGB representation itself
is not the most efficient way to represent images. A more intuitive representation
includes HSL (Hue, Saturation, Luminance). There may be another way to take
advantage of image components in other color representations and re-ordering

them.

In Chapter 4] we showed that the verb labels can often be used interchangeably,
and as a consequence cause issues in training and testing. To make the problem sim-

pler, we focused only on verb labels. In addition, we found that even other datasets
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(e.g., Something-Something) suffer from this ambiguity issue even though the labels

are more than just verbs. We summarize the future work below.

* Verb ambiguity problem with noun labels. In our problem setup, we fo-
cused on verb-only labels because we found that ambiguity comes in verbs most
of the time. However, depending on the chosen verb, the valid noun label can
change. For example, there is a video of the participant taking a basket so that
the water is poured into the sink. That can be labeled as take “basket”, turn
“basket”, empty “water”, pour “water”, throw-away “water”, and so on. Thus,
one cannot simply add a noun classifier in the model that predicts multiple verbs
and it is necessary to verify the validity of both. A recent advance in language
models can significantly benefit in this problem. Furthermore, given a single
positive noun label, it should help improve verb predictions and vice versa, so it

is expected to see better verb classification performance.

* Ambiguity in different datasets. In Chapter 4| we mostly studied the prob-
lem in EPIC-Kitchens dataset. However, other datasets like Something-Something
have similar label ambiguity problems, but their distribution may be different due

to being a scripted action dataset.

Finally, in Chapter [5| we discussed the disparity between training and real exam-
ples causing a significant drop in performance. Our proposed adversarial augmentation
strategy is very simple to implement, however, there is room for improvement. We pro-

pose the topics below as future work.

* Video-based augmentation. = Our work on adversarial augmentation still ap-
plies the same augmentations throughout the entire video frames. It is desirable
to study a method that augments each frame differently, but not completely in-
dependently to each other, so that the overall augmentation has a realistic flow

over time.

* Adversarial augmentation pipeline with memory. The current adversarial
augmentation generates “harder than random” augmentations by initializing the
augmentation model parameters randomly and taking a gradient ascent step to
tune parameters once. One might be able to take advantage of tracking the aug-

mentation quality of all the samples in the training dataset, and generate views
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that explore/exploit based on the history (e.g., one can generate different kinds
of augmentation each epoch for one video, or find an optimal augmentation for

one and use it again).
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