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Abstract

This thesis traces an innovative journey in the domain of real-world action recognition,

in particular focusing on memory and data efficient systems. It begins by introducing a

novel approach for smart frame selection, which significantly reduces computational

costs in video classification. It further optimizes the action recognition process by

addressing the challenges of training time and memory consumption in video trans-

formers, laying a strong foundation for memory efficient action recognition. The thesis

then delves into zero-shot learning, focusing on the flaws of the currently existing

protocol and establishing a new split for true zero-shot action recognition, ensuring

zero overlap between unseen test classes and training or pre-training classes. Build-

ing on this, a unique cluster-based representation, optimized using reinforcement

learning, is proposed for zero-shot action recognition. Crucially, we show that a joint

visual-semantic representation learning is essential for improved performance. We

also experiment with feature generation approaches for zero-shot action recognition

by introducing a synthetic sample selection methodology extending the utility of zero-

shot learning to both images and videos and selecting high-quality samples for syn-

thetic data augmentation. This form of data valuation is then incorporated for our

novel video data augmentation approach where we generate video composites using

foreground and background mixing of videos. The data valuation helps us choose

good composites at a reduced overall cost. Finally, we propose the creation of a

meaningful semantic space for action labels. We create a textual description dataset

for each action class and propose a novel feature generating approach to maximise

the benefits of this semantic space. The research contributes significantly to the

field, potentially paving the way for more efficient, resource-friendly, and robust video

processing and understanding techniques.
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4.6 Stacked bar chart representing the cumulative processing times of Models
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5.1 An illustration of the overlap in classes of the pretraining dataset (grey),

training split (yellow) and zero-shot test split (green). Current evaluation

protocol (a) picks classes at random with 51 training classes and 50 test

classes. There is always some overlap and also chances of an extremely

high overlap. We propose a stricter evaluation protocol (b) where there is
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5.3 Graphical representation of the difference in performances of different
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to different methods. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.4 The difference of accuracy for different models using IDT and I3D using

manual annotations as the semantic embedding. The larger the bar, the

more significant the difference. We can see a clear difference when using
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the test set. The y-axis corresponds to the difference in performance in
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6.1 Left: Learning curve for the seen classes. Right: Learning curve for the

unseen classes. The clustering-based representation avoids overfitting,

which in the case of seen classes means that the gap between validation

and training accuracy is smaller than in the vanilla representation. This

regularization effect improves the validation accuracy in unseen classes. 80
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6.2 Overview of CLASTER. We map the semantic embedding a(yi) to the

space of visual features xi, and concatenate both to obtain a visual-semantic

representation. We cluster these visual-semantic representations with K-

means to obtain initial cluster centroids. Each video is represented as

the sum of the visual-semantic representation and the centroid clusters,

weighted by their distance (see Sec. 6.2.3 and Fig. 6.3). This is used as

input for classification (Sec 6.2.4 and Eq. 6.3). Based on the classification

result, we send a reward to optimize the cluster centroids using REIN-
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unseen class. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
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overview of the full method). The visual feature is mapped to match the
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out-of-distribution instances of the unseen test classes. The comparison
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to the given unseen class and is for illustration purposes. . . . . . . . . . 86
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The figure shows t-SNE [115] of video instances, where each color corres-
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class, i.e. same color, are together and there are less outliers for each

class compared to (a). . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
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6.6 Analysis of how RL optimization changes the cluster to which an instance

belongs. The frequencies are represented as percentages of instances

in each cluster. We can see that the clusters are a lot "cleaner" after the

optimization by RL. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

6.7 Left: Learning curve for the seen classes. Right: Accuracy curve for the

unseen classes. The clustering-based representation avoids overfitting,

which in the case of seen classes means that the gap between validation

and training accuracy is smaller than in the vanilla representation. This

regularization effect improves the accuracy in unseen classes. . . . . . . 95
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7.1 Comparison of accuracy across state-of-the-art zero-shot approaches (CLASTER

[64], E2E [15], OD [116], and the proposed SDR using different semantic

embeddings (the proposed Stories, word2vec [120] (W2V) and elabor-

ative definitions [23] (ER), on the UCF101 [157] dataset. Using the pro-
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performance by a large margin, showing that it is model-agnostic. . . . . 103

7.2 Comparing nearest neighbors using Stories. We see an example where

ER fails and Stories provides more context and helps in obtaining better

neighbors. This is one example of where ER fails, there are multiple such

examples. Dataset is UCF101. . . . . . . . . . . . . . . . . . . . . . . . 105

7.3 Visualization of the features generated from the Stories embedding vs

ER, using t-SNE [115]. . . . . . . . . . . . . . . . . . . . . . . . . . . . 107



FIGURES AND TABLES xviii

7.4 Overview of SDR. SDR generates video features that resemble real ones.
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8.3 Ablation comparison of different combinations of RL algorithms with se-

lector choices (GRU or Transformer). ‘G’ = GRU, ‘Tr’ = Transformer, ‘R’ =
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5.2 Results with different splits for Zero-Shot Learning (ZSL). Column ‘Ran-
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Chapter 1

Introduction

Action recognition in videos, the discipline that is dedicated to identifying and classi-

fying specific actions within a sequence of video frames, is a significant topic within

the broader field of computer vision. This topic has gained considerable attention

due to its wide-ranging real-world applications, which span from surveillance systems

and human-computer interaction interfaces to autonomous vehicles and robotic sys-

tems [153, 20]. In each of these domains, the capacity to efficiently and accurately

recognize actions can drastically enhance system performance, thereby contributing

to safer, more interactive, and increasingly automated environments. As such, the

development of robust action recognition techniques holds substantial societal and

technological implications.

Traditional approaches to action recognition have relied heavily on handcrafted fea-

tures and shallow learning methods. While these methods have demonstrated some

level of effectiveness in certain contexts, they are inherently limited in their adaptability

to diverse real-world scenarios, due to their rigid reliance on predetermined features

and assumptions [173]. The advent of deep learning has brought about a transform-

ative shift in the landscape of action recognition. Deep learning-based systems have

demonstrated their superiority over traditional methods, offering more flexible and

adaptable solutions through their capacity for automated feature extraction and end-

to-end learning [153]. This has facilitated the recognition of complex and nuanced

actions across a range of diverse and challenging video data.

However, this performance has come at a cost. Training these models require a lot

of memory. Hence, we first look at memory efficient training strategies to reduce

memory costs involved with conventional training strategies. In action recognition

models frames are sampled uniformly, without looking at their importance or value

to the overall dataset. The typical trend is to then see models accessing more frames

perform much better than models with fewer frames. However, not everyone has the

1
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resources to access a lot of frames and one way of mitigating this problem is to

first use a lightweight model to access all frames and rank them. Then use the most

important frames to train the heavier models. We see with this type of training, that

using more frames does not necessarily contribute to increased accuracy and we also

see that we can actually improve performance by dropping redundant or unimportant

frames. We show this type of training strategy can be used as a plug-in for many 2D

and 3D networks to boost their accuracy whilst reducing their cost.

Recently, transformers [36] have revolutionized computer vision by offering an altern-

ative to traditional CNNs, leading to the development of many new state-of-the-art

architectures [36, 39]. Moreover, the flexibility of transformers have inspired research-

ers to adapt these models to more complex problems, including video understanding

and action recognition [5, 113]. With the introduction of transformer based models,

the memory based problem further aggravated. Transformer based models obtained

much better accuracies than previous models but needed much more memory and

time to train them. One efficient way of training transformers was proposed in ViViT

[5], wherein the spatial and temporal transformers were separated and this form of

training was called factorized encoder. While better than other variants of transformer

training, this was still inefficient in comparison to older models. A problem with this

was that initializing the spatial transformer was easy with the use of image based

models but initializing the temporal transformer was not so straightforward.

We propose a training recipe to make training of this breed of transformer architec-

tures more efficient. Our method has two stages. First we pretrain a cheaper version

of the model using fewer frames. Then we fine tune with more frames, freezing the

spatial encoder and adding an adapter between the frozen spatial representations

and temporal transformer. This includes pretraining the temporal transformer, often

overlooked in current models.

Along with requiring large memory, the success of deep learning models in action

recognition is largely attributable to the existence of extensive labeled datasets. In

computer vision, neural networks have existed for decades, but one of the enabling

factors for the current revolution was the development of the large ImageNet [31].

In the video domain, manually collecting and annotating data can be a prohibitively

expensive process. In video action recognition, for example, collecting data requires

an immense amount of manual labor, as it involves finding suitable videos, trimming

them and classifying them. Nonetheless, the process of annotating this data, par-
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ticularly for videos, is both challenging and resource-intensive. This has led to the

emergence of an area of study known as zero-shot learning (ZSL), a unique learning

paradigm wherein the model is trained on a collection of seen classes and evaluated

on a separate set of unseen classes.

In the context of videos, ZSL involves augmenting each class label with semantic

embeddings. These embeddings, which can either be manually annotated or auto-

matically generated by language models, provide rich descriptors for each class.

During testing, these embeddings are utilized to match the prediction from the seen

classes to the most similar unseen class, thereby allowing the model to infer the likely

unseen class for a given video. By devising techniques that can learn from smaller

datasets, we can expand the applicability of action recognition systems to a wider

range of domains and practical use cases. Therefore, data-efficient methods play a

vital role in enabling action recognition in scenarios where data availability is limited.

However, work in video zero-shot learning often uses a pre-trained model to represent

videos. While pre-trained models help obtaining good visual representations, overlap

with test classes can invalidate the premise of zero-shot learning, making it difficult

to compare approaches fairly. We propose a dataset split to overcome this problem.

To do this we do an extensive study of visually and semantically similar classes with

Kinetics400 [20] and remove all classes from the testing set with overlaps. We also

show how the accuracies of models are inflated using the traditional splits.

There are a number of ways to deal with data efficient settings, simple ones in-

clude synthetic data generation, data augmentation etc. We could also benefit by

incorporating multi-modal training strategies and large unlabelled datasets (using

self-supervised learning for example). Traditionally zero-shot learning approaches

focused on improving visual representations or semantic representations individually

[15, 116, 23]. We propose a representation learning strategy that learns them jointly.

Our representation strategy involves joint-clustering of visual-semantic representa-

tions which regularizes the learning process and then optimizing these clusters using

reinforcement learning (RL). We do this as we do not have any ground truth to tell us

how good the clusters are and instead use RL to optimize them based on validation

accuracy.

Existing methods assume distances in visual and semantic space are meaningful.

Visual similarity arises naturally with presence of similar objects but semantic sim-

ilarity of labels is harder, though some do overlap. Previous efforts used manual

attributes, embedding functions like word2vec, and action definitions to improve se-
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mantic space and transfer between seen and unseen classes. We build meaningful

action label space using descriptions of steps to achieve each action. Steps contain

objects, tools, scenes, verbs etc - the "common sense" associations for the action.

E.g. he action penalty shot steps have ball, grass, kick etc. Compared to word2vec

embeddings, this simple approach improves semantic space and facilitates transfer

between seen and unseen classes, boosting performance. The embedding is general

and improves all state-of-the-art methods.

As already mentioned, augmentation is a very common solution to deal with these

kinds of problems. One such solution is the use of Generative Adversarial Networks

(GAN) [215, 185, 187] to generate synthetic visual features. GANs have aided zero-

shot learning but don’t explicitly learn interpretable representations. They also suffer

from mode collapse, class imbalance, expense for high-dimensional data, and gener-

ating samples without studying if they actually improve the classifier. To address the

limitations of GANs for synthetic feature selection, we propose a novel reinforcement

learning approach that automatically selects generated features to improve model

performance. Specifically, we use a transformer model for synthetic sample selection,

with validation classification accuracy as the reward for RL training. However, this

does not address the cost of actually generating all synthetic features first.

We could also augment the data using the data itself. However, video augmentation is

a very complex process. The complexity of coherent motion, backgrounds, and vari-

ability in videos poses difficulties for augmentation techniques to scale up effectively

while generating useful and realistic samples that preserve training labels. We pro-

pose to synthesize realistic and diverse augmented training videos to improve model

generalization. The core idea is to learn to composite two action videos in a physically

plausible manner while preserving the original action labels. The compositing network

takes two randomly sampled action videos as input and predicts blending weights to

composite foreground into background in a spatially-varying manner. We also go one

step better than before, by learning to choose what samples to composite before

actually compositing them.

This thesis presents an in-depth examination of efficiency in the realm of action re-

cognition, with efficiency being interpreted from both a data and memory perspective.

For our work, we broadly classify action recognition to: supervised, semi-supervised,

few/zero-shot as can be seen in Figure 1.1. On the data front, the work caters to
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Figure 1.1: Our broad classification of the types of action recognition based on the
amount of labelled data available.

scenarios where labeled data is scarce, thereby focusing on paradigms such as zero-

shot, few-shot, and semi-supervised action recognition. In terms of memory efficiency,

the objective is to refine and optimize deep learning models to deliver high accuracy

while also significantly reducing memory usage and computational speed.

To ensure the widespread adoption and progress of data-efficient and memory-efficient

action recognition techniques, it is essential to democratize access to these advance-

ments. Deep learning models and training regimes that democratize access empower

universities and smaller companies to participate in the development and implement-

ation of action recognition systems.

By providing equal access to knowledge and resources, we foster diversity, creativity,

and collaboration among a broader community of researchers and developers. This

democratization leads to new perspectives, innovative ideas, and interdisciplinary

collaborations, ultimately pushing the boundaries of what is possible in data-efficient

and memory-efficient action recognition. With this in mind we formulate a thesis

statement.
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1.1 Thesis Statement

This thesis explores two key principles that effectively contributed to our goal of

efficient action recognition. First, we find that peak performance requires only a subset

of data rather than the full dataset. This is consistent across various settings: fully

supervised, semi-supervised and zero-shot learning. More importantly, identifying

these relevant subsets is something that can be learned. Second, richer features

either through joint multi-modal learning or enriched from sophisticated language

descriptions is crucial for zero-shot learning. This helps across datasets and models.

1.2 Summary of Contributions

In summary we propose a number of methodologies to tackle both data-efficient and

memory-efficient action recognition. Our contributions are listed below:

• SMART Frame Selection [62]: a frame selection strategy that enhances action

recognition accuracy and reduces computational costs in trimmed videos by

considering frames jointly rather than individually using an attention and relation

network to score frames. (AAAI-2021)

• Optimizing ViViT Training [59]: this presents two strategies to reduce the train-

ing time and memory requirements of the ViViT Factorised Encoder for ac-

tion recognition: using a compact adapter model for fine-tuning image repres-

entations and initializing the temporal transformer with an 8-frame pre-trained

model, achieving reduced training costs, memory usage, and potentially im-

proved performance while enabling use of larger models and more frames. (In

Review)

• TruZe [65]: True Zero-Shot (TruZe) Split for action recognition, eliminating class

overlap between training and testing datasets, creating a more challenging

benchmark that demonstrates lower unseen performance and changes the

evaluation standard for zero- and few-shot action recognition. (GCPR 2021)

• CLASTER [64]: a novel cluster-based representation optimized by reinforce-

ment learning, that enhances Zero-Shot action recognition by preventing over-

fitting to seen classes and improving generalization to unseen ones, outper-

forming state-of-the-art methods across standard Zero-Shot video datasets.

(ECCV 2022)
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• Stories [63]: The paper proposes a novel approach for zero-shot action recog-

nition, leveraging language modeling and a WikiHow-based corpus to build a

meaningful semantic space for action labels, involving the creation of action

"stories" for a deeper understanding, accompanied by a new feature generation

and ranking loss method. (In Review)

• Synthetic Sample Selector [58]: presents a novel, model- and data-agnostic

approach using reinforcement learning for selecting synthetic features in Gener-

alized Zero-Shot Learning (GZSL), enhancing recognition by reducing redund-

ancy and improving performance across multiple benchmarks. (CVPR-W 2023)

• Learn2Augment [61]: this proposes a learned video augmentation strategy that

selects high-quality foreground and background video pairs for compositing, en-

hancing video action recognition by reducing computational cost and improving

accuracy across different training settings, achieving state-of-the-art results in

limited data situations. (ECCV 2022)

1.3 Thesis Structure

The structure of the subsequent chapters in this work is each dedicated to a distinct

paper. Each of these chapters delves deeply into a number of important aspects

associated with the paper it focuses on.

Firstly, the motivation behind the idea presented in the paper is explored. This section

elucidates the reasoning that drove the conception of the idea, the problems it aims

to solve, and the perceived benefits or advancements it contributes to the field.

Next, the chapter outlines the specific notations associated with the paper. This could

include any mathematical notations, technical terms, acronyms, or other symbolic

representations that are pivotal to understanding and interpreting the paper. This

section aims to ensure the reader is fully equipped to comprehend the technical

specifics of the paper’s methodologies or findings.

The chapter then moves on to discuss the experimental setup, detailing the research

design, methodologies, materials, data collection processes, and any other critical

factors that were involved in executing the paper’s experiments. It allows the reader

to understand how the research was conducted and the foundation upon which the

results are based.



1.3. Thesis Structure 8

Subsequently, the chapter presents the results of the paper’s experiments. This sec-

tion elaborates on the outcomes of the research, the key details in running the ex-

periments etc. It may also discuss the statistical significance of the results, their

implications, and how they align with or contradict existing research.

Each chapter concludes with a thoughtful synthesis of the paper discussed, tying

together the motivation, related work, notations, experimental setup, and results. This

section offers final thoughts on the importance of the paper’s contribution to its field,

possible areas for further research, and the potential applications of its findings.



Chapter 2

Related Work

This chapter reviews prior work related to efficient approaches for action recognition.

With a focus on memory-efficient and data-efficient techniques for video analysis, this

chapter provides an overview of relevant literature on optimizing action recognition

models and algorithms.

The literature on compressing action recognition networks, distilling knowledge from

large models into smaller ones, and leveraging unlabeled or limited labeled data

through semi-supervised, few-shot, and zero-shot learning is summarized. Pushing

boundaries in efficient video understanding is the aim, so building on top of these

works provides important contextualization.

We only briefly introduce the topics in this section. More technical details can be

found in the chapters of each individual paper. This chapter serves as an overview to

navigate the landscape of efficient action recognition techniques and applications.

We further break this down to two sections and a number of subsections. We divide

the related work to memory efficient action recognition and data efficient action re-

cognition.

2.1 Memory Efficient Action Recognition

In this section we discuss briefly various works relevant to our proposed works in

the realm of memory-efficient action recognition. We discuss topics such as frame

selection, attention and relation networks, transformers in videos and efficient trans-

formers.

9
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2.1.1 Early Approaches to Action Recognition

Before the advent of deep learning, action recognition in videos relied on traditional

computer vision and machine learning techniques. These approaches typically in-

volved the extraction of handcrafted features from video frames, followed by the ap-

plication of classifiers or temporal models.

Commonly used features included Histogram of Oriented Gradients (HOG) [166],

Histogram of Optical Flow (HOF) [95], and Spatiotemporal Interest Points (STIP) [96].

These features aimed to capture information about motion, shape, and appearance

within video sequences.

Classification methods such as Support Vector Machines (SVM) [146], Hidden Markov

Models (HMM) [14], and Bag-of-Words (BoW) [161] were frequently employed to

recognize actions based on these features. Other approaches include proposing a

generic framework for incorporating latent variables into object and action classifica-

tion, accounting for localization and alignment, and improving classification through

iterative expansion of the latent parameter space [13].

Additionally, in the realm of action recognition, Wang et al. introduced a spatiotem-

poral context modeling method [172], which effectively captured temporal depend-

encies and contextual information for improved action recognition in videos.While

these pre-deep learning methods showed promise, they often struggled with handling

complex and large-scale datasets, as well as achieving robust performance across

diverse action categories. With the advent of deep learning, particularly Convolutional

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), action recognition

has made significant strides in both accuracy and scalability, revolutionizing the field.

2.1.2 Frame Selection

The field of identifying key frames for action recognition is a relatively nascent one,

with substantial exploration and advancements yet to be made. Selecting key frames

from video can enable more efficient action recognition compared to using all frames.

Strategic frame sampling aims to pick frames that provide maximal information about

the action while reducing redundant frames.
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Earlier approaches select key frames by either capturing local motion features and

their spatiotemporal arrangements [218], pyramidal motion feature extraction with

temporal correlogram representation [111], or using a spatially-localizable poselet-

like representation with HoG and BoW components learned from weak annotations

[138] among other approaches.

Over time, numerous methodologies have been developed that rely on training a

reinforcement learning (RL) agent. This approach revolves around the principle of ex-

amining individual frames sequentially, with the ultimate objective being to predict the

number of frames that can be feasibly bypassed without compromising the integrity

of the action recognition process.

AdaFrame[183] leverages RL, in combination with an LSTM that is augmented with

memory that helps providing context information for selecting frames to use. Given

a frame, it generates a prediction of the action class and it decides which frame to

observe next and computes the expected reward of seeing more frames.

FastForward[40] is an end-to-end reinforcement learning approach. It consists of two

sub networks: an adaptive stop network and fast forward network. The adaptive stop

network can either let the frame sampling continue or stop. The fast forward network

has a set of several actions (going backwards or going forward with varying seconds).

The RL agent learns to skim through the video.

FrameGlimpse[199] follows the intuition that detecting an action is dependent on ob-

servation and refinement. FrameGlimpse relies on a recurrent neural network based

agent that observes and decides where to look next. Given the current frame, the

agent also decides whether to emit a prediction based on a confidence score. If the

agent is not confident enough then it decides to look ahead.

Multi-agent Reinforcement Learning (MARL)[181] formulates the frame sampling pro-

cedure as multiple parallel Markov decision processes which pick frames by gradually

adjusting an initial sampling. They have a context-aware observation network which

models context information among nearby agents along with the historical states

of a specific agent. They also have a policy network which generates a probability

distribution over an existing predefined action space.
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SCSampler[89] is a lightweight clip-sampler that can efficiently obtain the most salient

temporal clips. They sample features directly from compressed videos and also from

the audio obtained from the video. Attention aware sampling (AAS) [35] uses an agent

which discards irrelevant frames using attention. They consider the frame selection

procedure as a Markov decision process and train an agent without extra labels by

utilising deep reinforcement learning.

While all these approaches showed great results, they have mostly focused on the

scenario of untrimmed videos. SCSampler does however report results on Kinetics[20],

however, it requires audio as an extra modality. Untrimmed videos contain significant

parts of unnecessary data and discarding them is easier than discarding frames from

trimmed videos.

In contrast to previous work, we propose a method that instead of selecting frames

by considering one at a time, considers them jointly.

2.1.3 Attention and Relational Models

The concept of attention was introduced by [169] for the objective of machine trans-

lation. This concept of attention is based on the concept that the neural network

will learn how relevant different samples are regarding the desired output state in

a sequence, or image regions. These values of importance are specified as weights

of attention and are generally calculated at the same time as other model parameters

trained for a specific goal. This concept of attention works in a similar fashion for

videos as we can capture frame to frame relationships effectively.

Attention has been used in first person action recognition by having a joint learning of

gaze and actions [102], by using object-centric attention [158] or via event modulated

attention [151]. The use of attention to weigh spatial regions representative of a task

was done by generating spatial attention masks implicitly by training the network with

video labels [150, 212, 54]. Temporal attention was used for action recognition by

detecting change in gaze [134, 151].

LRCN [34] introduced a simple LSTMs for frame-aggregation across time for ac-

tion recognition. Non-local Networks [178] introduce a residual self attention block

in convolutional networks to aggregate information across all temporal and/or spatial

locations.
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Inspired by the relation-net[162], relation attention was proposed to deal with the

task of facial emotion recognition [118]. They believed that having a global level

representation of features in addition to the local level representation helps obtain

better results. We improve upon this approach by adding relation-temporal attention

to add a global representation to our temporal attention.

2.1.4 Transformers for Videos

Transformer architectures, initially devised for NLP tasks [169], have more recently

been adapted for video understanding and action recognition tasks. This adaption

has given rise to a host of state-of-the-art models such as TimeSformer [10], ViViT [5],

VideoSwin [113], and Uniformer [99]. These transformer-based models, harnessing

self-attention mechanisms, prove highly efficient in capturing intricate spatiotemporal

patterns in action recognition tasks.

A pioneer in transformer-based models for video understanding, TimeSformer [10]

adapts the transformer architecture to video by viewing it as a sequence of flattened

image patches. ViViT [5] combines spatial and temporal transformers to effectively

apprehend spatiotemporal information in video sequences. VideoSwin [113], a hier-

archical transformer, applies local windowing for efficiency, enabling the model to

manage extended video sequences. VideoBERT [159] is another transformer model

that learns joint video and language representations in a self-supervised manner,

which can be fine-tuned for various video understanding tasks, including action re-

cognition.

Uniformer [99], a recent development, integrates 3D convolution and spatiotemporal

self-attention, achieving a balance between computation and accuracy while address-

ing spatiotemporal redundancy and dependency. The multi-view transformer model,

MTV [193], uses distinct encoders for each video "view", enhancing accuracy as the

number of views increases.

The Multiscale Vision Transformers (MViT)[39] model optimizes computation and memory

usage by operating at varying resolutions. It focuses on high-level features at lower

resolutions and low-level details at higher ones, effectively leveraging both spatial and

temporal information in visual tasks. TubeViT[135] introduces a method of sparsely

sampling different-sized 3D segments from videos, enabling efficient joint image and

video learning and allowing the adaptation of larger models to videos with fewer

computational resources.
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These models typically have FLOPs in the range of TFLOPs and require training

times that span days even on the most potent GPUs/TPUs available. This makes them

infeasible for use in settings with fewer resources such as academia. As a result, it is

crucial to devise ways to train these models with limited resources while preserving

their performance. To this end, our focus lies on the factorised encoder version of

ViViT. The late-fusion approach followed serves as a foundation for state-of-the-art

approaches in various tasks [193, 22, 175, 190, 194, 70]. We firmly believe that the

initialization scheme proposed can be used for future methods working on similar

architectures.

2.1.5 Efficient Transformers in Videos

Efficiency within the realm of computational models is a multifaceted concept [29].

There are several cost indicators associated with efficiency, including GFLOPs, infer-

ence time, training time, and memory usage. It is noteworthy that models that optimize

efficiency in one aspect do not necessarily excel in other dimensions [29].

The TokenLearner model [143] exemplifies this notion. This model proposes a method

that adaptively learns tokens, thereby enabling efficient performance in image and

video understanding tasks. This method also facilitates effective modeling of pair-

wise attention over longer temporal horizons or extensive spatial content. The Token-

Learner succeeds in reducing the GFLOPs required by ViViT by approximately half.

However, it does not bring about any significant changes in the training or inference

times of ViViT.

The Perceiver [80] is another Transformer-based model that embraces a compre-

hensive approach to handling multiple modalities. It does so by incorporating an at-

tention bottleneck and connecting position and modality-specific features with inputs.

This strategic integration enables flexible and efficient processing of high-dimensional

data.

The Spatial Temporal Token Selection (STTS) framework [174] introduces a dynamic

token selection mechanism for spatial and temporal dimensions. The framework ranks

token importance using a lightweight scorer network and selects top-scoring tokens

for downstream evaluation in an end-to-end training process. While the STTS does

reduce the GFLOPs, it does not bring about any significant changes in the training or

inference times.



2.1. Memory Efficient Action Recognition 15

Another similar approach is the TokShift [208], a zero-parameter, zero-FLOPs op-

erator that models temporal relations in transformer encoders by temporally shifting

partial token features across adjacent frames. Despite this efficiency, it still requires

the same training time as the original model. The integration of TokShift into a plain

2D vision transformer results in a computationally efficient, convolution-free video

transformer for video understanding.

The ST-Adapter [131], with similarities to our own work, makes use of built-in spatio-

temporal reasoning in a compact design. It allows pre-trained image models to reason

about dynamic video content with a small per-task parameter cost, surpassing ex-

isting methods in both parameter-efficiency and performance. However, it does not

make any alterations to FLOPs or inference time.

Contrasting to the ST-Adapter, our approach employs a spatial only adapter which we

demonstrate is sufficient to reproduce the performance of the baseline model while

cutting the training time nearly in half. In particular, our proposed method significantly

improves training time and training memory usage, addressing a key challenge faced

by researchers and practitioners in training video models. However, it is important to

note that our method does not alter the inference time in comparison to a standard

ViViT model.

We consider overall train time for the same hyperparameters and use the same

hardware for a direct comparison. We consider efficiency in this paper as the time

saved in the overall training of the model.

2.2 Data-Efficient Learning

In this section we look at data-efficient learning and other concepts related to what

we propose. Hence concepts such as deep approaches to centroid learning and data

augmentation in videos are listed here. We start with an introduction to zero-shot

learning in images and continue to videos and so on.
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2.2.1 Zero-Shot Learning in Images

Zero-shot learning (ZSL) is a challenging problem in computer vision, where the task

is to recognize object categories without any training examples for them. Various

approaches have been proposed to solve this problem in images. One of the early

works [93] in this field used attributes, such as color and shape, to describe the object

categories and mapped them to a visual space. They then used a nearest-neighbor

classifier to recognize unseen object categories. However, this approach suffers from

the semantic gap problem, where the attributes do not always correlate well with the

visual features.

To address this problem, more recent works have explored the use of deep learning

techniques to learn a joint embedding space for the visual and semantic features.

One such approach is proposed by Frome et al. (2013) [47], where they used a deep

neural network to learn a joint embedding space for the visual and textual features of

the objects. They then used a nearest-neighbor classifier to recognize unseen object

categories. Another approach is proposed by Socher et al. (2013) [156], where they

used a recursive neural network to learn a compositional representation of the textual

descriptions of the object categories.

More recently, there has been a trend towards using generative models to solve

the ZSL problem. One such approach is proposed by Xian et al. [185], where they

used a generative adversarial network (GAN) to generate visual features for unseen

object categories. They then used a joint embedding space to match the gener-

ated features with the semantic features and recognize unseen object categories.

Another approach is proposed by Schonfeld et al. (2019) [145], where they used

a GAN to generate visual features conditioned on the textual descriptions of the

object categories. ZeroGen [196] uses pre-trained language models to synthesize

a dataset for a zero-shot task and then trains a small task model on it. NereNet [108]

generates unseen samples by combining noise from similar seen classes with unseen

class attributes using GAN. CMC-GAN [195], performs data hallucination of unseen

classes by performing semantics-guided intra-category knowledge transfer across

image categories.
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2.2.2 Zero-Shot Learning in Videos

The initial study by Rohrbach et al [141] utilized script data from cooking activities to

facilitate the transfer of knowledge to unseen categories. Gan et al [50] considered

each action class as a domain and tackled the problem of identifying semantic rep-

resentations as a multisource domain generalization task. To extract semantic em-

beddings of class labels, popular approaches employ label embeddings such as

word2vec [120], which solely requires class names. Several methods have used a

shared embedding space between video features and class labels [192, 191], error-

correcting codes [137], pairwise relationships between classes [48], interclass rela-

tionships [49], out-of-distribution detectors [116], synthetic features [121, 122] and

graph neural networks [52].

ReST [104] jointly encodes video data and textual labels for zero-shot action re-

cognition. In ReST, transformers are utilized to conduct modality-specific attention.

On the other hand, JigSawNet [136] models visual and textual features jointly but

disassembles videos into atomic actions in an unsupervised manner and establishes

group-to-group relationships between visual and semantic representations instead of

the one-to-one relationships that CLASTER and ReST establish.

2.2.3 Semantic Embeddings

To obtain semantic embeddings of action class labels, earlier works use word2vec

[120] directly on the class labels. However, the word2vec approach averages the

embedding for class labels with multiple words, giving equal weight to each word.

However, this causes class names to lose context. For example, the class “pommel

horse" is a gymnastic class, but using word2vec makes the embedding closer to

“horse riding" or “horse racing" in the word2vec space. A recent solution is to use

elaborate descriptions [23] based on the principle of Elaborative Rehearsals (ER),

which replace each class name with a class definition. An object description was also

used to describe the objects used in the particular action. This resulted in a significant

boost in performance.
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2.2.4 Evaluation Protocol Strategies for Zero-Shot Learning

In prior research endeavors within this domain, considerable attention has been paid

to the effects of pre-training on classes that overlap with those utilized in the test

set, particularly in the realm of image analysis [186]. This investigative work primarily

involved the computation of the degree of overlap between testing datasets and Im-

ageNet [31], the latter of which is a commonly used resource for pre-training models.

The classes that presented a high degree of overlap with ImageNet are typically the

ones used for training, while the classes that demonstrated little to no overlap are used

for testing. Figure 5.1 offers a clear visual representation of the evaluation protocol

proposed for managing this overlap issue.

This approach diverges significantly from traditional evaluation protocols, which typ-

ically involve the random selection of classes from the entire pool of classes, without

any consideration for the level of overlap between these selected classes and those

used in the pre-training dataset. In contrast, our approach involves a rigorous filtration

process to exclude all classes that demonstrate a high threshold of either visual or

semantic similarity (as elaborated upon in Sec. 5.4).

Roitberg et al. [142] proposed another approach to tackling this issue, but in the video

space. They suggested scrutinizing the overlapping classes in video datasets and

implementing a corrective method that would automatically exclude categories that

are similar. This process involves the application of pairwise similarity analysis to

labels within the same dataset.

While they demonstrated that using pre-trained models could lead to improved ac-

curacy due to class overlap, their evaluation was limited to a single dataset and

focused solely on the semantic similarity of labels. We believe that incorporating

visual similarity into the analysis could reveal additional overlapping classes, such

as "typing" in UCF101 and "using computer" in Kinetics. Therefore, in our proposed

split, we include both semantic and visual similarity as key criteria for class selection.

Busto et al. [16] made a contribution to this discussion by offering a mapping of shared

classes between UCF101 and Kinetics, as part of a domain adaptation problem. This

involved manually identifying semantic matches based on class names. However,

their approach did not consider visual and semantic similarity in their analysis, which
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is evidenced by the inclusion of classes such as "typing" and "writing on board" in

UCF101, classes that were not identified as similar to any Kinetics class. Moreover,

they classified "floor gymnastics" as an unknown class in UCF101, even though

Kinetics includes a very similar class, "gymnastics tumbling".

Based on our analysis of visual and semantic similarities, we found that the "typing"

class in UCF101 has a significant overlap with the "using computers" class in Kinetics,

a connection not identified by Busto et al. Consequently, our proposed set of classes

differs slightly from theirs.

In recent research, end-to-end training has been proposed as a promising approach

to ZSL in video classification [15]. To maintain the premise of ZSL, the authors suggest

training a model on Kinetics after removing the set of overlapping classes (identified

using semantic matching), and using this as a pre-trained model.

While this method certainly holds promise, it is also highly computationally intensive,

and as such may not be feasible for all use cases. We also demonstrate that using

a better backbone (as discussed in Sec 5.5.4) leads to improved accuracy, which

further reinforces the computational demands of end-to-end training. Consequently,

we propose that using our proposed class split, while allowing for the use of any

backbone, could offer a more practical and efficient approach.

2.2.5 Deep Approaches to Centroid Learning for Classification

Centroid-based methods are a powerful approach for feature learning in classific-

ation tasks. By clustering the feature space and aggregating residuals to centroid

vectors, methods like VLAD (Vector of Locally Aggregated Descriptors) [3] can cre-

ate highly discriminative representations. VLAD encodes visual words by summing

residuals between descriptors and vocabulary cluster centers. NetVLAD extended

VLAD with learnable clusters and end-to-end training within CNNs. ActionVLAD [55]

further adapted VLAD for video analysis, aggregating frame-level features across

time to yield video descriptors. By accumulating frame features into video-level visual

words through deep centroid alignment, ActionVLAD achieved state-of-the-art results

in action recognition. The success of VLAD, NetVLAD, and ActionVLAD demonstrates

how deep centroid learning enables robust video classification, providing global video

representations without relying solely on local spatio-temporal features.



2.2. Data-Efficient Learning 20

2.2.6 Reinforcement Learning for Data Valuation

The quantification of data value for a specific machine learning task, known as data

valuation, has numerous applications such as domain adaptation, corrupted sample

detection, and robust learning. Various techniques have been proposed to estimate

data values based on different criteria, including influence functions, Shapley values,

leave-one-out errors, and data deletion. However, these methods are computationally

expensive, necessitate model perturbations or retraining, and do not consider the

interactions among data points. Recently, an adaptive approach to data valuation

using reinforcement learning [200], in which data values are jointly learned with the

predictor model using a data value estimator that is trained using a reinforcement

signal reflecting task performance.

Synthetic sample selection [197] for medical image segmentation is an under-investigated

research area that focuses on the quality control of synthetic images for data aug-

mentation purposes. Synthetic images are not always realistic and may contain mis-

leading features that distort data distribution when mixed with real images. As a result,

the effectiveness of synthetic images in medical image recognition systems cannot be

ensured when they are randomly added without quality assurance. A reinforcement

learning-based synthetic sample selection approach is proposed in which synthetic

images containing reliable and informative features are chosen.

However, none of the above approaches consider the extreme case of zero-shot

learning. In the case of zero-shot learning, synthetic features are often biased towards

seen classes, and the generated synthetic features do not represent the true distri-

bution. Training a model to generate realistic-looking features will produce features

similar to the training distribution without any guarantee on the effect on zero-shot

evaluation. Therefore, we propose a data valuation method for synthetic features

based on classification performance rather than their realism.

2.2.7 Reinforcement Learning for Zero-Shot Learning

Reinforcement learning for zero-shot learning has only recently begun garnering at-

tention as a promising research direction. In the domain of zero-shot image classifica-

tion, pioneering work by Liu et al. [106] combined ontology information and reinforce-

ment learning to adaptively determine the discriminative degree of hierarchical clas-

sification rules. Through this ontology-augmented reinforcement learning approach,

they demonstrated initial success in tackling zero-shot recognition for images. Beyond
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images, zero-shot text classification has also seen recent studies leveraging reinforce-

ment learning for improved performance when no labeled examples are available for

new classes. Ye et al. [198] developed a self-training method that employs reinforce-

ment learning to learn an effective data selection strategy, thereby enabling more

reliable selection of useful unlabeled instances. Additional efforts have harnessed

reinforcement learning for zero-shot learning in diverse problem settings, including

task generalization [129], active learning [41], and video object segmentation [60].

2.2.8 Data Augmentation for Video Action Recognition

Standard data augmentation techniques in action recognition include horizontal flip

and cropping, where new videos are created by selecting a box at each frame, and

then resizing the resulting video to have the same size as the original one. While this

strategy helps, generated videos do not add much diversity to the training set.

Recent efforts such as ActorCut [223] and VideoMix [204] increase the diversity of

new video samples by cutting and pasting the foreground of one video onto another.

This general technique of combining two data samples has proven to be quite ef-

fective, even in the image domain [203]. However, the resulting videos are not very

realistic, and are used for training regardless of their quality. Zhang et al. [215] go one

step further and synthesize new samples using GANs, and use “self-paced selection”

to train, starting with easy samples and progressively choosing harder samples.

Instead, we propose to create realistic data samples by segmenting, inpainting and

blending the foreground of one video onto the background of another. Crucially, we

learn to discard novel video samples that are not expected to be useful for classifica-

tion, overall producing a more accurate data augmentation strategy.

2.2.9 Learning to Augment Data

The idea of learning to augment data has been used in other computer vision prob-

lems. In the image classification domain, this strategy has been done using the final

classification loss as the training criterion [98], augmenting in feature space [32],

and learning data augmentation policies [26]. As in this paper, in the image domain

it has been noted that the search space for data samples can be large and thus

expensive [27].
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Other computer vision domains like low level vision, also struggle with data depend-

ency, as creating ground truth is particularly hard. In optical flow, AutoFlow [160]

recently introduced the strategy of learning to generate good training data for a target

dataset.

2.2.10 Semi-supervised Video Action Recognition

Semi-supervised learning (SSL) also aims to reduce data dependence by learning

from large sets of unlabeled samples and a small set of labeled ones. SSL in images

has been widely explored. For example, some strategies include giving pseudo-labels

[4, 97] to samples where the classifier has high confidence, and adding these to

the labeled training data. Other common approaches use consistency regularization

[91, 92, 165]. Approaches that combine consistency regularization and entropy min-

imization [68] have shown to be very effective in tackling the SSL task in images such

as MixMatch [12] and RemixMatch [11].

SSL in videos however, has not been explored as much. One of the early works used

extreme learning machines [79] to perform SSL on videos. Recently, VideoSSL [84]

and Temporal Contrastive Learning (TCL) [154] leverage SSL in videos. VideoSSL

[84] uses pseudo-labels and object cues from unlabeled samples to guide the learning

process. TCL [154] use a two-pathway contrastive learning model using unlabeled

videos at two different speeds with the intuition that changing video speeds do not

change the action being performed.



Chapter 3

Efficient Action Recognition by Key

Frames Selection

3.1 Introduction

Video processing is computationally expensive. At the same time, the amount of

video content being generated is increasing fast and constitutes a large part of the

computation of many big social media platforms. Traditionally, most efforts in action

recognition have focused on improving accuracy by creating larger architectures.

These architectures take as input either a frame or a set of frames (also called a

clip) and produce a prediction. These predictions are then aggregated over time. The

frames or clips are either sampled densely [153, 202] or randomly [176].

Videos, however, provide an opportunity for reducing computational cost in multiple

ways. First, videos contain highly temporally redundant data, making it easier to skip

parts without losing much information [40]. Second, some parts of a video can be

more discriminative than others, due to their content, or other phenomena like blur,

occlusions, etc. Supporting this intuition, experimentally that using an oracle to make

an optimal selection of frames (or clips), produces more accurate classification results

than using the entire video [77]. This is shown in Figure 3.1. Additionally, many action

classes in standard datasets do not require motion or temporal information to be

identified [149]. For a human observer, a few still frames are often discriminative

enough. This suggests that large parts of a video can be discarded.

Several recent works [89, 183, 221] have successfully leveraged these principles

to reduce computational cost at test time. These methods have used a common

strategy: they use an inexpensive way to decide which regions of the video are

important and discriminative, and only process those with an expensive method. This

general problem has been referred to as frame or clip selection.

23
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Figure 3.1: Examining the impact of good frame selection using an oracle as shown
by Huang et al. [77].

While very successful, most frame and clip selection methods have focused on a

particular domain of action recognition, namely long, and frequently sparse videos

with a typical length of a minute or more, e.g. ActivityNet [17], Sports1M [85], FCVID

[83], Youtube 8M [1]. This is indeed the domain where discarding portions of a video is

easier and has potentially the largest effect. In contrast, the problem of frame selection

in short videos of a few seconds remains much less explored, probably due to its

difficulty.

In this chapter we propose a method to do frame selection in the core, standard

activity classification setting of trimmed video clips. Part of the challenge in this setting

is that “good" frames are often temporally close together within a video. Since most

existing frame selection methods consider the value of choosing a frame one at a

time, the selected frames tend to only represent part of the action. In other words, the

diversity of frames, and their ability to tell a story are disregarded. We also show that

using language features along with visual features helps improve the performance.

The goal of this chapter is to learn to select the best set of frames to improve accuracy

of the model whilst reducing the memory required to train such a model.

To handle these challenges, we propose a model that, in addition to considering the

discriminative value of a single frame, also considers its relation to others in a video.

We do this by using an attention and a relational network [118, 162], that examines

the value of frames jointly. We learn our Sampling through Multi-frame Attention and

Relations in Time, which we dub the SMARTselection network.

We test our SMART frame selection network on several trimmed action recognition

datasets, including Something-something, UCF101 and subsets of Kinetics. We ob-

serve that in all of them the proposed method outperforms the baselines, including

using the full video, while reducing the computational cost by a factor of 4 to 10,
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depending on the dataset. We also test the proposed method on the untrimmed

setting in ActivityNet and FCVID, where we get higher accuracies than all previous

work on frame selection. Further, we extend our frame selection approach to select

frames that are then passed at test time to deep action recognition models and show

that we obtain state-of-the-art results on UCF101 and HMDB51 which are trimmed

video datasets, showing that frame selection can be an important step to improve

accuracy in trimmed action recognition.

3.2 SMART Frame Selection

The proposed approach is designed to use a small portion of the overall computa-

tional cost in selecting the best frames. These frames will then be classified using a

more computationally expensive model. Therefore, we use a very lightweight repres-

entation of the frames as input to the SMART frame selection model.

The model consists of two streams. The first considers the information of the frames

one at a time, and outputs a score δi for each frame i, which represents how useful

the frame is for classification. The second stream considers the entire video at a

time. It takes as input pairs of frames, and uses an attention and relational network

to also obtain a score γi of how useful these pairs of frames are. Both scores are

then multiplied, to obtain a final score of how good each frame is. Given a budget of n

frames, we now select the top n frames with the highest discriminative score, and use

an expensive, high quality classifier for the final prediction. An overview of the method

can be seen in Fig. 3.2. We now describe each of the components in detail.

3.2.1 Feature Representation

We choose the lightweight MobileNet [144] to extract the visual features of each

frame, to minimize the computational cost of this stage. We also make the observation

that, in addition to the visual features, we can use language features associated with

the content of the frame. The intuition behind this is to enrich the representation with

terms that are related to the content of the image. One could imagine that if for an

action class like “kayaking", having associated words like water, boat, or paddle can

help discrimination in cases where the kayak is not apparent visually.
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Figure 3.2: Overview of the SMART frame selection. The model consists of two
streams. The first considers the information of the frames one at a time and the
second stream considers the entire video at a time. Here, Loracle is the MSE loss
used to distill frame scores from an expensive model and Lcls is the categorical cross
entropy loss used for classification.

We run Mobilenet pre-trained on Imagenet on the frames, and take the top 10 Im-

agenet classes with highest probability. The names of these classes are then em-

bedded with a pre-trained GloVe [132] over Wikipedia 2014 and average over the

10 classes. The language embedding is then concatenated with the visual features

resulting in a feature vector Xi for each frame i.

3.2.2 Single-frame Selector

This stream is designed to be extremely fast. We build on the observation from [77]

that an oracle that looks at the predictions from an expensive network, and selects

the frames with the highest confidence for the ground truth class, actually outperforms

using the entire video for prediction. Thus, we use a simple multi-layer perceptron

(MLP) that takes as input a feature vector Xi, and computes the confidence of the
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classification for the ground truth. This MLP has 2 layers, and is trained using the

oracle mentioned before wherein each frame outputs the probability of that frame

with respect to the ground truth class. At training time we can obtain the ground truth

probability of each frame using an expensive model trained on the dataset we are

looking at. At test time δi is predicted by the trained model as the importance score

of a particular frame.

Overall, this module aims to minimize the loss Loracle that is described in Eq. 3.1,

given ground truth classification scores of the expensive model yi and predicted

scores by the lightweight model ŷi and N is the total number of frames for a particular

video. This loss is calculated per video..

Loracle =−
N

∑
i=1

(yi − ŷi)
2 (3.1)

3.2.3 Global Selector

The multi-frame discriminator is designed to use information across frames for se-

lection. This is done by first obtaining a global representation of the video using an

attention model over the entire video. Given this global representation, the temporal

relationships across frames are learned using a relation model and a long short-

term memory (LSTM) network. While lightweight and easy to learn, this network

provides information about how useful frames are when considered globally. The

global selector uses a relational model to learn temporal relationships across frames

over the entire video. This produces an inexpensive global representation of the video.

Pairs of frames. Consider an input sequence X = (X1, ...,XN),Xi represents the

concatenated visual and categorical features in frame i and N represents the total

number of frames. We use ‘:’ to notate concatenation here. For each frame, we

concatenate a second, randomly selected frame, X i
r,r ∈ {1, ...,N}. The random frame

is always chosen from the subsequent set of frames to capture the temporal changes

that occur in actions. Some actions will be most recognizable when these pair of

frames are only a few frames apart, while others will be more recognizable when they

are further apart. This random choice allows the model to be flexible and capture

the temporal changes in different classes. The input to the attention model is the

concatenation of both vectors Zi = [Xi : X i
r]. The output of the network are a set

of temporal relation-attention weights γ1,γ2, ..,γN . This helps our model to obtain

temporal information.



3.2. SMART Frame Selection 28

Attention Module. The coarse self-attention weights αi are first calculated using a

fully connected layer and a sigmoid function [118]. The mathematical representation

is in Eq. 3.2, where U are network parameters. We now aggregate the input features

using these self-attention weights. We do this in order to obtain a global representa-

tion Z′ of the frame features, as in Eq. 3.2.

Self-attention weights are learned using individual frames with the help of non-linear

mapping. To obtain a more reliable form of attention, we need both local and global

features to be used. Z′ is aggregated from all local features and hence contains the

global information of the video. Hence, by using Z′ we can further refine the attention

weights by modeling the relationship between local frame features and Z′.

αi = σ(ZT
i U) and Z′ =

∑
N
i=1 αiZi

∑
N
i=1 αi

(3.2)

Relation Module. We can add a sample concatenation and another fully connected

layer [162] to estimate a relation-attention weight β . The input is the concatenation

of the pairs of frames Zi and the global representation of the video Z′ and the output

for each Zi is βi Θ1 is a parameter of the fully connected layer and σ represents

the sigmoid function. Using this we have obtained frame attention weights. However,

we also want temporal attention weights. We use an LSTM to capture sequential per

frame changes. The input to the LSTM at each time step is the dynamic weighted

sum using the relational self-attention weights ’ωt ’. This is represented in Eq. 3.3.

βi = σ([Zi : Z′]TΘ1) and ωt =
t

∑
i=1

βiZi (3.3)

The temporal attention weights are then calculated as shown in Eq. 3.4 and Eq. 3.5. It

is dependent on the previous time step output of the LSTM and the input at that time

step. b is a bias vector.

ht,mt = LSTM(ωt,ht−1,mt−1) (3.4)

λt = softmax(Vht +b) (3.5)
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Figure 3.3: Steps involved in calculating the attention weights and intermediaries
involved.

To compute the relational-temporal weights, we follow the procedure used to obtain

relational-frame attention weights, as in Eq. 3.6. Here Θ2 is simply a network para-

meter.

Z′′ =
∑

N
t=1 λtωt

∑
N
t=1 λt

and γt = σ([ωt : Z′′]TΘ2) (3.6)

Using these γt we can obtain an attended content vector ct at time ’t’ using Eq. 3.7.

Here hi refers to the hidden state of the LSTM at i. For classification, ct is fed into an

MLP to generate the predicted label y. Overall, this module aims to minimize the loss

Lcls that is described in Eq. 3.8, given ground truth labels ŷt . Steps to calculate all

the attention weights and intermediaries can be seen in Figure 3.3.

ct =
t

∑
i=1

γihi (3.7)

Lcls =−
C

∑
i=1

ŷi log(yi) (3.8)

3.3 Experimental Analysis

In this section we describe all experiments that we conduct to test the behavior of

the proposed SMART frame selection network. In the qualitative results analysis

subsection we describe the ablation experiments that led to the specific design of

the network, justify each of the components and measure their impact. We analyze

the behavior of the frame selector components individually (single frame and global

selection). We show the generality of the proposed method on several datasets. Fi-

nally, we compare to other state-of-the-art frame sampling methods in the untrimmed

setting, showing that the proposed method still produces higher accuracy.
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3.3.1 Experimental Setup

Datasets. We use 6 of the most popular benchmark datasets throughout our exper-

imental analysis. We use the Something-something-v2 dataset [67] for our extensive

ablation study. The purpose of the ablation study is to drive the design choices we

make through experimental evidence.

We choose this for the ablation study because we think that it contains the types

of actions where relations of frames over time matter more. This allows us to truly

evaluate the effect of the global model that we propose. In particular, the action

classes in this dataset are designed to focus on the action, (eg.: “put something",

“pushing something" ) instead of on an object (eg.: “playing guitar"). As a result,

actions tend to have more temporal structure, and relations across frames may matter

more.

The Something-something dataset has a total of 168,913 training videos and 24,777

validation videos with a total of 174 classes. After the ablation study, we show the

generality of our approach by testing it in other datasets as well. The Kinetics [20]

dataset is one of the most widely used large-scale datasets in action recognition.

We use two subsets [149] of Kinetics that have been identified as containing mostly

temporal information and mostly static information. In our experiments we refer to

these as Kinetics-Temporal and Kinetics-Static. These subsets were created using a

human perceptual test, where users are asked to identify the class of a video where

the frames are not in order, therefore removing temporal information. Static classes

are those that users could identify without temporal information. Temporal classes are

those that users were not able to identify when the frames were not in order. These

two subsets provide an interesting setting for experimentation, because the statistics

of the data (eg.: size of videos, frame rate, platform that the videos came from, etc)

are common for both datasets, but the nature of the action classes differ. Each of the

two splits contains 32 classes. The temporal subset consists of 26509 videos and the

static subset consists of 23675.

For our generality tests, we also use the well-known UCF101 [157] dataset which

contains 101 classes and about 13K videos. This was one of the first widely used

action classification datasets and thus we think that it can give additional useful

reference for comparison.
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We also extend our approach as a pre-processing step for more complex models and

compare performances on HMDB51 which contains 51 classes and 6849 video clips

along with UCF101. Previous frame selection for action recognition have focused on

untrimmed videos. Therefore, they have not tested on any of these datasets and have

not released code so that we could test the methods on these datasets ourselves.

In order to compare with them, we use ActivityNet [17] and FCVID [83]. ActivityNet

consists of 19994 videos, and contains 200 classes. As the testing labels are not

available publicly, the reported performances are on the validation set. FCVID is made

up of 91, 223 videos taken from YouTube having an average duration of 167 seconds,

and these are annotated into 239 classes.

Implementation Details. For selecting frames, we use visual features obtained from

MobileNet v2 [144]. Taking the 1000 class predicted vector, we then choose first 10

most probable classes and store in a vector. This is then converted to a one-hot

encoding vector using a word embedding matrix vocab. We use pretrained GloVe

[132] over wikipedia 2014 and do a dot product between the 2 vectors to obtain a

language embedding which is then concatenated with the visual features to have a

set of concatenated feature vectors. We show in our ablation study that having a se-

mantic embedding helps our frame selector to make better informed decisions. After

the frame selection is done, we can use a more expensive and high-quality feature

representation. In our experiments, we use three different backbones: ResNet-152,

ResNet-101 [74], and Inception-v3 [163]. The backbones are pre-trained either on

ImageNet [31] or Kinetics. These architectures are representative of the state-of-the-

art, and are chosen according to what other methods that we want to compare to have

used. While having multiple backbones and pre-training datasets makes experiments

more cumbersome, it allows us to simply swap the frame selection component and

directly observe the effect on the accuracy without any other confounders.

We use Pytorch for implementation. All frames are resized to 224x224. We use mini-

batch stochastic gradient descent, with a momentum of 0.9. We run 200 epochs on

UCF101 and the Kinetics subsets, and 100 epochs on Something-something dataset

and Activitynet due to the computational requirements for these larger scale datasets.

We use a batch size of 128 for UCF101 and the Kinetics subsets and a batch size of

64 for the Activitynet and something-something datasets. The initial learning rate is

set at 0.0001 and reduces by 10 after every 25 epochs.
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Figure 3.4: Ablation study to determine the effect of each of the components of the
SMART frame selection network. We use 26 frames for all experiments. Something-
something-v2 dataset. We see that using visual and language features performs
better than visual only. We also see that the single frame selector alone helps boost
performance at minimal costs whereas using the entire architecture with 2 frames
input gives us the best results.

Baselines. We compare the performance of our frame selection model with that of

random and uniform frame selection. Random frame selection picks frames uniformly

at random from the entire video, while uniform frame selection picks frames that

are evenly spaced. Once the frames are picked, we predict an action by average

pooling the predictions of every selected frame. In addition to these baselines, we

compare to other state-of-the-art frame sampling methods, including Adaframe [183],

FastForward [40], FrameGlimpse [199] and MARL [181].

3.3.2 Ablation Study on the SMART Frame Selection

Here, we look at the impact of the feature representation (visual and categorical),

the choice of frame selector (the global multi-frame selector and the single-frame

discriminator), and the use of pairs of frames. We use the Something-something-v2

[67] dataset for this study. Fig 3.4 shows the results.

We first test and compare the use of the simple visual features (from MobileNet), then

combining them with the categorical ones (from GloVe). We use the global selector

for this initial test. We observe that the addition of semantic language features helps,

supporting the intuition that using words related to the content of a frame actually

helps in the context of frame selection. Using that, we examine the effect of different
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selectors: the single-frame selector, the global selector, and the combination of both.

We observe that the combination of both is the best choice, suggesting that these

two selectors behave in different but complementary ways. We analyze this behavior

further in the following section.

We also measure the impact of using pairs of frames as input to the global selector.

While we use a relational component inside the selector, adding pairs would give an

additional mechanism to consider frames jointly. We observe that this does indeed

help. Since we use random frames, we report the average accuracy in Figure 3.4.

The standard deviation on the Something-something-v2 [67] dataset on 10 random

runs was 0.067 using Inception v3 and 0.082 using Resnet-152.

3.3.3 Analysis of the Behavior of SMART Frame Selection

Number of Selected Frames. First, we measure the impact of selecting different

number of frames. For this, we vary the number of selected frames between 10 and

50, and measure the impact on accuracy and GFLOPs and compare with random

and uniform sampling. The results are in Fig. 3.5 (a). We choose the Something-

something dataset, and the Inception-v3 as backbone.

For fair comparison, we use the same features (language embeddings concatenated)

for both random and uniform sampling as well. We see that as the number of frames

increases, the uniform and random frame selection perform strictly. The proposed

method performs much better than these baselines across frames. It is also inter-

esting that the accuracy increases and reaches a peak, and then slowly drops in

performance. This behavior confirms the intuition that there is a sweet spot in the

number of frames, and that using more than that, will include frames that are harder

to classify, which will pollute the prediction.

Frame Selection Across Similar Classes. We now plot the combined frame score

from both selectors, to analyze its behavior. We plot the frame score of classes that

are semantically related, to compare if frames scores are also similar. The Something-

something dataset contains groups of classes that are very related. We sample 25

videos within a class, for 5 classes and average the importance scores. The plots are

shown in Fig. 3.5. We see a strong resemblance for actions involving “pushing", sug-

gesting that the general structure of the action has been captured by the model. We

also compare actions involving “throwing", which show peaks for frame importance at

similar time intervals.
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Selecting Frames with the Global Selector vs. the Single-frame Selector. We

measure whether the pattern of frame selection from the global selector tends to be

different from the pattern from the single-frame selector. For this, we randomly sample

25 videos within a class, and score each of their frames with the two selectors. We plot

the average score at each frame, in Fig. 3.6. Again we use the Something-something

dataset and Inception-v3. While the scores from the single-frame selector change

more erratically, the score from the global selector seems to be more temporally

consistent. This suggests that frames scores from the global selector are actually

more structured.

Selected frames. It is not only intriguing but also insightful to delve into an analysis of

the frames that have been chosen for one particular class, as depicted in Figure 3.7.

The class is "pulling something so that it gets stretched". As we examine the figure,

we notice that it’s not simply an assortment of frames chosen at random. Rather,

these individual frames, though they may be few in number, provide a concise and

clear narrative of the action in question.

3.4 Quantitative Results Analysis

3.4.1 Generality of SMART on Additional Datasets

UCF101. Results for UCF101 can be seen in Table 3.1. As in the Something-something

dataset we observe that the SMART selection outperforms the baselines of random

and uniform, regardless of the number of frames. We also see that it outperforms

using the full video (for all except for using 10 frames) while the “sweet spot" of

number of frames is slightly larger than in the Something-something dataset. This

is consistent with the fact that videos in UCF101 are about 7 seconds long, while

Something-something are closer to 3 seconds. Therefore it makes sense that the

proportion of “good frames" stays the same.

Subsets of Kinetics. We also show results on the subsampled 32 temporal classes

of Kinetics and the 32 static classes [149]. These two subsets are described in detail

in the Datasets section. Results are shown in Table 3.2. We see that the pattern is

similar to all other experiments: SMART outperforms the other sampling baselines,

and for the optimal number of frames, it outperforms the full video as well. Also the

proposed method behaves slightly differently in these two subsets of Kinetics. In the
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Method Accuracy GFLOPs

#F 10 26 50 10 26 50

Random 63.2 68.3 70.2 110 277 652
Uniform 63.8 69.1 70.7 110 277 652
SMART 72.8 75.3 75.5 164 331 706

All frames 74.6 74.6 74.6 1969 1969 1969

Table 3.1: Baseline frame sampling techniques vs our SMART with ResNet-152
backbone; #F: #frames. Results on UCF101 dataset

Method Temporal, Acc Static, Acc GFLOPs

#F 10 26 50 10 26 50 10 26 50

Uniform 59.4 60.3 62.1 60.1 60.6 61.2 110 227 652
Random 60.1 60.8 62.7 60.3 60.9 61.7 110 227 652
SMART 63.1 64.8 65.4 61.4 61.9 62.6 185 353 728

All frames 64.1 64.1 64.1 62.4 62.4 62.4 2761 2761 2761

Table 3.2: Baseline frame sampling techniques vs our SMART with ResNet-152
backbone; #F: #frames. Results on Kinetics dataset subsets: Temporal and Static

Kinetics-Static subset, where temporal information is less rich, the improvement is

smaller. This is consistent with the expected behavior of the proposed method, which

considers the entire video globally, and is able to make selections that are more

temporally aware.

3.4.2 Performance on Untrimmed Datasets

Finally, we compare the performance of the proposed method to previous work for

untrimmed video. Therefore, we test on the ActivityNet [17] and the FCVID [83] data-

sets. We show that using fewer frames than recent state-of-the-art approaches such

as Adaframe [183], FastForward [40] and FrameGlimpse [199] we can obtain a higher

accuracy. However, we access all frames which makes our approach slower than

these. We also compare with LiteEval [182] which is a lightweight action recogni-

tion model. We also compare our approach to Multi-agent Reinforcement Learning

(MARL) [181] approach and Dynamic Sampling Networks (DSN) [220] by using a

model pretrained on Kinetics for fair comparison. Table 3.3 shows the results.
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Pre- Back- ActivityNet FCVID
Method trained bone #F Acc #F Acc

FastForward Imagenet Inc v3 9.61 58.1 15.34 73.3
FrameGlimpse Imagenet VGG16 9.42 62.8 9.26 71.7
Adaframe Imagenet Res101 8.65 71.5 8.21 80.2
LiteEval Imagenet Res101 - 72.7 - 80.0
SMART Imagenet Res101 8 71.4 8 80.8
SMART Imagenet Res101 10 73.1 10 82.1
DSN Kinetics Res18 10c 68.0 - -
DSN Kinetics Res34 10c 82.6 - -
MARL Kinetics Res152 25 83.8 - -
SMART Kinetics Res152 24 84.4 - -

Table 3.3: Results on ActivityNet and FCVID of the SMART frame selection.
Compared to recent state-of-the-art methods, the proposed method outperforms their
accuracy. #F: Number of frames, 10c corresponds to 10 clips used instead of frames

3.4.3 Extension of SMART as a Pre-processing Step

We look at the results of using our approach as a pre-processing step to Temporal

Segment Networks (TSN) [176] and using the selected frames at inference in Table 3.4.

To the best our knowledge this gives us state-of-the-art results on UCF101 and HMDB51.

We compare with other recent state-of-the-art approaches such as two-stream net-

works [153, 57], DynaMotion [7], I3D [20] and Knowledge Integration network (KI-

Net) [213] which are among the latest state-of-the-art approaches. We also add

comparison with AAS [35] as a frame selection approach.

3.4.4 Improving Performances of Other Models

Here, we show that using our model to select frames and pass the selected frames at

inference helps to improve the performance of models such as I3D [20], STM-ResNet

[44] and ISTPAN [37]. This can be seen in Table 3.5.
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Method Backbone UCF101 HMDB51

Two-stream VGG 92.5 62.4
I3D Inc v3 98.0 80.7
DynaMotion + I3D Inc v3 98.4 84.2
TSN BN-Inc 94.2 69.9
KI-Net Res-152 97.8 78.2
AAS TSN 94.6 71.2
SMART TSN 95.8 74.6
AAS TSN+Kinetics 96.8 77.3
SMART TSN+Kinetics 98.6 84.3

Table 3.4: Extending SMART as a pre-processing step to state-of-the-art deep
learning approaches. The ’+ Kinetics’ indicate that the backbone is pre-trained with
Kinetics.

Method UCF101 HMDB51

ISTPAN 95.5 70.7
ISTPAN + SMART 96.4 72.1
I3D 98.0 80.0
I3D + SMART 98.2 81.1
STM-Resnet 94.2 68.9
STM-Resnet + SMART 94.9 69.7

Table 3.5: Extending SMART to other approaches

3.5 Limitations

One limitation of SMART is that it still requires running the frame selection model

over all frames in a video, which can be computationally expensive especially for

long videos. Although we use a lightweight model, processing all frames limits the

approach’s ability to scale to large video datasets. More recent work has looked at

ways to avoid extracting features for all frames upfront. For example, AdaFrame [183]

proposes a reinforcement learning policy to select keyframes in a sequential manner,

not needing to process the full video initially. Other methods like LiteEval [182] and

Uniformer [99] focused on frame sampling or feature aggregation techniques to avoid

feature extraction on all frames. These approaches help address SMART’s limitation

of having to process all frames even with a lightweight model. However, SMART’s

core ideas around using importance sampling through learning relationships among

frames for action recognition are still relevant. More recent methods such as SMS
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[216] and AFNet [214] build on similar concepts but tackle the computational chal-

lenges in different ways, like through heurestic searching combined with supervised

learning or adaptive frame resolutions. So newer approaches address SMART’s limit-

ations around efficiency but build on its core ideas around intelligent frame selection.

3.6 Conclusion

We have proposed a method for frame selection that we refer to as SMART frame se-

lection. The method addresses the issue of considering all frames in a video at once,

instead of individually, therefore making decisions globally. The proposed method out-

performs the accuracy of the baselines on different action classification datasets and

reduces the computation cost up to 4 times. Further, it outperforms recent frame se-

lection approaches on untrimmed videos. Also, it can be extended as a pre-processing

step to obtain state-of-the-art accuracy on 2 benchmarks.
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Figure 3.5: (a) Behavior of different sampling strategies with respect to number
of frames. Orange represents SMART, blue represents uniform selection and red
represents random selection (b) Comparison of the importance score of semantically
similar actions. We can see a striking resemblance for all actions involving pushing.



3.6. Conclusion 40

Figure 3.6: Graphical comparison of how the two selection modules give importance
scores. We can see that each selector is giving different importance weights to
different parts of the video. The classes are (a) Spinning something and it continues
spinning and (b) Throwing something in the air and catching it

Figure 3.7: Examples of frames not selected (top) and selected (bottom) for the class
“pulling something so that it gets stretched". Frames from [67].



Chapter 4

Time and Memory Efficiency of

Transformer Architectures by

Appropriate Initialization

4.1 Introduction

Recently, transformers have revolutionized computer vision by offering an alternative

to traditional CNNs for various tasks. The self-attention mechanism in transformers

enables effective modeling of long-range dependencies, leading to the development

of many new state-of-the-art architectures [36, 18, 112]. Moreover, the flexibility of

transformers have inspired researchers to adapt these models to more complex prob-

lems, including video understanding and action recognition [5, 113].

Transformers, however, are notoriously expensive, and Video Transformer-based ar-

chitectures [10, 5, 113], which integrate information across space and time are even

more so. And memory consumption and training times become even more significant

when working with large-scale video datasets with long sequences [20].

Video transformers integrate spatial and temporal transformers, enabling them to

efficiently capture complex spatiotemporal patterns in action recognition tasks. This

combination, however, exacerbates the computational expense due to the increased

processing requirements for visual information within individual frames and temporal

dependencies between consecutive frames. The demands on memory consumption

and training times become even more significant when working with large-scale video

datasets with long sequences [20].

41
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Video Transformer-based architectures [10, 5, 113], have made significant advance-

ments in video action recognition. The self-attention mechanism in these architec-

tures, which exhibits quadratic complexity with respect to the input sequence length,

contributes to the substantial GPU memory consumption and extended training times

[87]. These high computational costs present a particular challenge for researchers

with limited resources, especially those from universities and smaller companies. The

goal of our work is therefore to cut the cost of training: we want to train transformer-

based video models with fewer resources or use larger model variants and handle

more frames with the same resources. As a result, it is crucial to explore more effi-

cient and scalable alternatives that can achieve high performance without excessive

computational costs.

We have chosen the ViViT model [5] as our baseline upon which to improve. Specific-

ally, we focus on the “factorized encoder” variant of ViViT which has separate spatial

and temporal transformer stages, where the spatial transformer is responsible for

extracting features from individual frames, while the temporal transformer processes

the temporal dynamics across frames. We choose this factorized encoder design

because it is more efficient compared to, e.g., the variant of ViViT using all-to-all

spatiotemporal attention, while still achieving high accuracies and has thus been

adopted as the building block for recent state-of-the-art architectures on various tasks

[193, 22, 175, 190, 194, 70].

To address the challenge of reducing training time and memory usage without com-

promising the sophistication and accuracy of the original model, our approach is

based on the simple idea of freezing the spatial backbone. Freezing the spatial back-

bone has many advantages: by not backpropagating through this transformer, training

is faster and requires less memory (allowing for the model to handle more frames).

We also inherit the benefits of pretraining the spatial transformer on a large dataset

(such as JFT [75]). Naively implemented, however, we show that this approach falls

very short in accuracy. Instead, with a few simple (but important) tweaks to the above

idea, we propose a method that has the same advantages of freezing the spatial

transformer, but does not compromise on accuracy.

Our method proceeds in two stages. In the first stage we pretrain a cheap version of

the model using fewer frames, e.g., 8 frames as opposed to, e.g., 32 frames. Critically

this includes training the temporal transformer which is often overlooked in current

video models which typically initialize this component from scratch. However our

experiments show that this step is critical if we wish to not sacrifice performance. In
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Figure 4.1: Comparison of our initialization method vs conventional training of ViViT.
Training time is scaled relative to setting ViViT-B training time to ‘1 unit’ (7.93 hours).
We see clear time saving using our initialization scheme and for larger models, the
training time saved is much larger.

the second stage we fine tune this model with more frames, which is more expensive

but in this stage we freeze the spatial encoder and introduce a compact “adapter”

model connecting frozen spatial representations to the temporal transformer, negating

the need for end-to-end training of the spatial transformer. The adapter model is a

lightweight neural network that connects the frozen spatial transformer outputs to the

temporal transformer. Critically this includes pre-training the temporal transformer (by

initializing from stage 1) which is often overlooked in current video models which

typically initialize this component from scratch. However our experiments show that

this step is critical if we wish to not sacrifice performance.

Drawing parallels with curriculum learning [9], our methodology can also be viewed as

progressively training on tasks of increasing complexity, beginning with a ViViT model

pre-trained on 8 frames — our “easy examples”. As we progress, the model effectively

handles larger frame counts up to 128 frames - our “difficult examples”. This approach

not only sustains the intricacy of the original model but also significantly reduces

resource demands. Thus our approach enables entities with limited resources to

emulate high-performance models using affordable GPUs.
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With our training recipe, we match or slightly outperform conventional training of

ViViT at roughly half the cost as seen in Figure 4.1. A notable benefit of our training

recipe, is its ability to process up to 80 frames on typical university-grade GPUs, a

significant leap from the previous capacity of 16 frames. This expansion in processing

power broadens the range of video data manageable under resource-constrained

settings. As we elaborate in Section 4.8, our research underscores the potential to

democratize access to advanced video transformer models. Another notable benefit

is the model’s ability to now use even larger models as the spatial transformer, we

introduce ViViT-g. This accessibility paves the way for future video action recognition

research, irrespective of resource constraints. Hereafter, we refer to our version of

ViViT as SFA-ViViT, where SFA denotes ’Spatial Frozen and Adapter Initialized’. In

summary, we propose an efficient training strategy for video transformers that reduces

training costs and memory usage by freezing the spatial transformer and initializing

the temporal transformer.

4.2 Methodology

4.2.1 Revisiting ViViT

The Video Vision Transformer (ViViT) extends the Vision Transformer architecture to

handle video data by incorporating spatio-temporal reasoning. The idea behind ViViT

is to process video input as a sequence of image patches, combining spatial and

temporal information through a series of transformer layers, which include multi-head

self-attention, layer normalization, and feed-forward networks. The output is used for

video classification.

There are broadly 4 versions of the ViViT model namely:

• Spatio-temporal attention model: This model forwards all spatio-temporal tokens

extracted from the video through the transformer encoder. It models long-range

interactions across the video from the first layer but due to its quadratic com-

plexity, it necessitates the development of more efficient architectures.

• Factorised encoder model: The architecture consists of two separate trans-

former encoders, one modeling interactions between tokens from the same

temporal index and the other modeling interactions between tokens from differ-

ent temporal indices. Despite having more parameters, it requires fewer floating
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Figure 4.2: A visual comparison of (a) the factorized encoder version of the ViViT
model as our baseline, and (b) our proposed model, which involves freezing the
spatial transformer post-initialization, adding a small adapter model for further fine-
tuning, and initializing the temporal transformer rather than training it from scratch.

point operations (FLOPs) than the first model. The paper also proposes two

more variations of the factorised model, but as mentioned before the factorised

encoder model has the best speed/accuracy trade-off and is used for all our

experiments.

• Factorised self-attention model: This model maintains the same number of

transformer layers as the first model but computes self-attention spatially and

temporally more efficiently by factorizing the operation over two smaller sets

of elements. This results in the same computational complexity as the second

model. The order of spatial-then-temporal self-attention or vice versa does not

affect the model’s performance.

• Factorised dot-product attention model: This model maintains the same com-

putational complexity as the second and third models, while retaining the same

number of parameters as the first model. It achieves this by factoring the multi-

head dot-product attention operation over the spatial and temporal dimensions

separately. Half of the attention heads attend over tokens from the spatial di-

mension and the rest over the temporal dimension.

As our training strategy focuses on separating the spatial transformer and temporal

transformer, we use the factorized encoder version of ViViT. The factorized encoder

version of ViViT disentangles spatial and temporal encodings to better exploit their

individual properties. This architecture embodies a "late fusion" approach to incor-

porating temporal information, with the initial spatial encoder being identical to the
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one used for image classification. This is similar to CNN architectures that first ex-

tract per-frame features and subsequently aggregate them into a final representation

before classification. Our proposed version of the factorised encoder is visualized in

Figure 3.2.

The factorized encoder version is the most efficient variant of ViViT models due to

its reduced computational complexity. By separately handling spatial and temporal

information, it significantly lowers the number of floating-point operations (FLOPs)

needed for processing, resulting in a more efficient model that maintains high perform-

ance in video understanding tasks. Because the Factorised Encoder variant strikes a

good balance point between accuracy and processing speed, it has also been adop-

ted as the foundation for other architectures [193, 22, 175, 190, 194, 70], reinforcing

its utility and robustness.

4.2.2 Our training strategy

We concentrate on the factorised encoder variant of ViViT as it is already the most

efficient version of the baseline. Henceforth, when we talk about ViViT we refer to

this variant of ViViT. Consider the ViViT model that contains a spatial transformer with

parameters θspatial and a temporal transformer with parameters θtemporal . Xin refers

to the input video frames that have dimensions (N, C, H, W) where N is the number

of frames, C is the number of channels (3 for RGB), and H and W are the height and

width of each frame. This input Xin passes through the spatial transformer to extract

per-frame feature representations. The output of the spatial transformer, denoted

Xspatial , is then passed into the temporal transformer, which outputs embeddings

Xout with dimensions (N, D) where N is the number of frames and D is the hidden

dimension of the temporal transformer.

Xspatial = Tspatial(Xin;θspatial) (4.1)

Xout = Ttemporal(Xspatial;θtemporal).

In conventional ViViT training, θspatial is initialized from an image pre-trained check-

point such as ImageNet-21k [140] or JFT [75] and the θtemporal is initialized from

scratch. During backpropagation, the gradient flows through the entire model. This

entails training two sizable transformer models end-to-end, which is a highly resource-

intensive process, as the transformer architecture is inherently computationally de-

manding, especially with more frames and larger ViViT variants (e.g., ViViT-H).
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One approach to reducing training time is to freeze the parameters of the spatial trans-

former θspatial . By not backpropagating through θspatial , gradient updates are faster

and require less memory, allowing us to access more frames without encountering

out-of-memory issues. But as we show in experiments, the accuracy of the resulting

model with frozen θspatial is not competitive (in accuracy) with the baseline training

approach.

We present a two stage approach (see Fig. 4.3) to training ViViT models that inherits

the same benefits of freezing the spatial transformer, while not compromising on

model quality.

Stage 1. In Stage 1, we pretrain our ViViT model on a reduced number of frames

initializing the spatial transformer using a pre-trained image checkpoint. We do not

freeze the spatial transformer during this stage, but critically, Stage 1 serves to also

initialize the temporal transformer.

To set the number of frames at this stage, we must balance the goal of efficiency

(using fewer frames) against our finding in experiments that pre-training on too few

frames can lead to suboptimal results. In our ablations, we identify a sweet spot at 8

frames.

Full results of this ablation study can be seen in Section 4.3.3.

Stage 2. In Stage 2, we fine tune our ViViT model on the full frame count (e.g.

128 frames) initializing both spatial and temporal transformer parameters learned in

Stage 1. Because this stage is significantly more expensive, in stage 2, we freeze

the spatial transformer parameters θspatial and add a lightweight adapter module with

parameters θadapter following the spatial transformer:

Xspatial = Tspatial(Xin;θspatial)

Xadapter = Aadapter(Xspatial;θadapter) (4.2)

Xout = Ttemporal(Xadapter;θtemporal)

In this setting, by backpropagating only through the temporal transformer and the

lightweight adapter module (in our experiments, a two layer MLP), we effectively cut

total training time by half.
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Figure 4.3: STAGE 1: We first use the full ViViT-FE model on 8 frames by initializing
the spatial transformer from an image checkpoint and the temporal transformer
from scratch. STAGE 2: We then use this as our checkpoint to initialize the spatial
and temporal transformer for models using more frames (such as 32, 64 or 128).
We then freeze the spatial transformer and add an adapter model to finetune
spatial transformer features. The temporal transformer is finetuned from the same
checkpoint.
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The crucial finding here is that the spatial transformer requires only short-term context

for initialization (after which it remains frozen), whereas the temporal transformer

necessitates long-term context to achieve its optimal performance. Further details

and empirical analysis can be found in the next section.

4.3 Experimental Analysis

Through a series of comprehensive experiments which we now present, we invest-

igate the significance of the spatial transformer, examining the impact of pre-training

datasets and how larger models affect action recognition performance. We also ex-

plore the importance of initializing the temporal transformer by employing various ini-

tialization schemes and datasets, assessing whether the number of frames is critical

for initializing larger models, initializing full ViViT models, and initializing models on

one dataset while fine-tuning on another.

4.3.1 Datasets

We evaluate on all the datasets considered in [5] (specifically, Kinetics-400 [20],

Kinetics-600 [19], EPIC-Kitchens [28], Something-something v2 [66] and Moments-

in-time [124]) as well as the Something-Else [117] dataset.

As Kinetics consists of YouTube videos which may be removed by their original creat-

ors, we note the exact sizes of our dataset.

Kinetics-400 [20]: Kinetics-400 is a large-scale video dataset with 400 classes in-

troduced by Google’s DeepMind. It has 235693 training samples and 53744 valida-

tion and test samples. The dataset encompasses various categories, such as object

manipulation, human-object interaction, and body movements. Each class contains

approximately 400 video samples, with each video lasting around 10 seconds.

Kinetics-600 [19]: Kinetics-600 is an extension of the Kinetics-400 dataset, with an in-

creased number of classes, totaling 600 human action classes. This dataset contains

approximately 380735 training samples and 56192 validation and test samples. The

additional classes broaden the scope of the dataset, thereby providing more diverse

training data for video recognition tasks.
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EPIC Kitchens [28]: EPIC Kitchens is a large-scale dataset focusing on egocentric

(first-person) videos of daily kitchen activities. It consists of 55 hours of video captured

by 32 different participants in their own kitchens, with 67217 training samples and

22758 samples for validation and testing. The dataset includes 97 verb classes and

300 noun classes. Epic Kitchens is particularly useful for understanding human-object

interactions and fine-grained actions in everyday settings.

Something-something v2 [66]: The Something-something v2 dataset is a collection of

short video clips focused on common objects and human actions. It contains around

168913 training clips and 24777 test clips distributed across 174 action classes. This

dataset aims to capture more abstract and high-level understanding of actions, as

well as temporal relationships among objects.

Moments in Time [124]: The Moments in Time dataset is a large-scale video dataset

containing one million short video clips, each lasting three seconds. It covers 339

classes of dynamic events and aims to provide a diverse set of visual and audit-

ory representations of these events with 791297 training samples and 33900 test

samples. This dataset is particularly useful for understanding the temporal aspects of

various activities and events, as well as their associated contexts.

Something-else [117]: Something-Else utilizes the videos from SomethingSomething-

V2 as its foundation, and introduces novel training and testing partitions for two new

tasks that examine the ability to generalize: compositional action recognition and few-

shot action recognition. Our attention is solely on the compositional action recognition

task, which aims to prevent any object category overlap between the 54919 training

videos and the 57876 validation videos.

4.3.2 Implementation Details

We use Scenic [30] for our implementation. Since we build on ViViT, we directly work

on top of the codebase and stick to the default parameters used by ViViT in terms of

hyperparameters. Full details can be seen in Table 4.1.

Our adapter is a two-layer fully connected network that takes as input the output from

the spatial transformer and the output from the adapter is passed as input to the

temporal transformer.
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K400 K600 MIT Epic-Kitchens SSv2 Selse
Optimisation

Optimiser Synchronous SGD
Momentum 0.9
Batch size 128

Learning rate schedule cosine with linear warmup
Linear warmup epochs 2.5

Base learning rate 0.1 0.1 0.25 0.5 0.5 0.5
Epochs 30 30 10 50 35 35

Data augmentation
Random crop probability 1.0
Random flip probability 0.5
Scale jitter probability 1.0

Maximum scale 1.33
Minimum scale 0.9

Colour jitter probability 0.8 0.8 0.8 - - -
Rand augment number of layers [27] - - - 2 2 -

Rand augment magnitude [27] - - - 15 20 -
Other regularisation
Stochastic droplayer rate, pdrop [78] - - - 0.2 0.3 -

Label smoothing [164] - - - 0.2 0.3 -
Mixup [207] - - - 0.1 0.3 -

Table 4.1: The hyperparameters utilized in the experiments conducted for the primary
research paper are detailed here. If a regularisation method is not employed, it
is represented by a "–". Constant values that are present across all columns are
mentioned just once. For simplicity, abbreviations have been used to denote different
datasets: Kinetics 400 is represented as K400, Kinetics 600 as K600, Moments in
Time as MiT, Epic Kitchens as EK, Something-Something v2 as SSv2 and Something-
Else as Selse.

The hyper-parameters of the transformer models are set to the standard: the num-

ber of heads are 12/16/16/16, number of layers are 12/24/32/40, hidden sizes are

768/1024/1280/1408 and MLP dimensions are 3072/4096/5120/6144 for the base,

large, huge and giant versions respectively. The 8-frame ViViT model is trained for

30 epochs. We also experiment with initializing larger models with an 8-frame model

trained for 10 epochs. Details of this can be found in Section 4.4.

For our hardware, we use 64 v3 TPUs for all experiments. However, we also show

results using 8 NVIDIA GeForce 2080 Ti (w/12 GB memory). This is a typical setting

in a small academic lab.
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Index Spatial Frozen Adapter Temporal Frozen Temporal Init Top-1 Acc Top-5 Acc Train Time

- × × × × 64.45 87.48 14.17 h
I ✓ × × × 27.75 56.73 0.5x()
II × × ✓ × 25.80 53.07 0.5x()
III ✓ ✓ × × 38.77 68.93 0.53x()
IV ✓ ✓ × V MAE 58.54 85.83 2.51x()
V ✓ ✓ × ViViT −8 f 63.85 87.62 0.62x()

Table 4.2: Ablation study results illustrating the impact of various modifications to the
ViViT-B model, including spatial and temporal transformer freezing, adapter addition,
and initialization methods, on top-1 and top-5 accuracy. Dataset is Something-
something v2. The Index is to refer to a particular row in Section 4.3.3.

4.3.3 Ablation Study

We first address two critical aspects: the significance of fine-tuning the spatial trans-

former and the importance of initializing the temporal transformer. To do so, we con-

duct a series of experiments in various scenarios, which are detailed below. Our

analysis focuses on the Something-something dataset, utilizing the large version of

the ViViT model, referred to as ViViT-L.

Consider the ViViT model that contains a spatial transformer with parameters θspatial

and a temporal transformer with parameters θtemporal . In conventional ViViT train-

ing, θspatial is initialized from an image pre-trained checkpoint such as JFT or Im-

agenet21K and the θtemporal is initialized from scratch. We examine four main ele-

ments that modify the structure of conventional ViViT training and these are men-

tioned with indices in Table 4.2 namely: I. The freezing of the spatial transformer

(θspatial is initialized and then frozen), II. The freezing of the temporal transformer

(θtemporal is frozen), III. The addition of an adapter (lightweight module with paramet-

ers θadapter), IV. Next, we initialize the temporal transformer using VideoMAE [167],

while keeping the spatial transformer frozen and the adapter incorporated and V. The

initialization of the temporal transformer (θspatial and θtemporal are initialized using the

8-frame version of the baseline).

It is important to note that the VideoMAE training is an extremely expensive process

as can be seen in the table. But combined with the line below it, these two models,

which significantly outperform lines I, II and III, show that properly initializing the

temporal transformer is the critical issue at hand.
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Table 4.3: Comparison of impact of different backbones for the spatial trans-
former. We use ResNet-ViT-L pre-trained on ImageNet21k, ViT-L pre-trained on
ImageNet21k, ViT-L pre-trained on JFT and ViT-H pre-trained on JFT. Listed as (Top-1
accuracy/ Top-5 accuracy).

Backbone 16-frames 32-frames 48-frames

ResNet-ViT-L (ImageNet21k) 66.09/88.30 66.63/88.50 66.88/88.65
ViT-L (ImageNet21k) 65.59/85.86 68.34/87.80 70.09/88.91

ViT-L (JFT) 69.76/88.41 73.98/90.88 75.08/91.69
ViT-H (JFT) 73.68/90.23 75.85/91.53 77.90/92.72

Based on the findings, we conclude that the most considerable enhancement in

performance is achieved through the initialization of the temporal transformer. Ad-

ditionally, initializing the spatial transformer yields further improvement. The adapter

plays a vital role in augmenting performance when the spatial transformer is frozen,

and due to its lightweight nature, it will be an essential component of our training

methodology moving forward.

4.3.4 How important is the pre-training image dataset for action

recognition performance?

While we know from the original ViViT paper [5] that using larger ViT [36] backbones

result in better performances, we do a more thorough ablation here by considering

variations of the ViT model such as the hybrid ViT (ResNet-ViT-L pre-trained on

ImageNet21k [140]), ViT-L pre-trained on ImageNet21k, ViT-L pre-trained on JFT

and ViT-H pre-trained on JFT. We report these results in Table 4.3, with the ob-

vious conclusion of larger backbones pre-trained on larger datasets yields highest

accuracies. We report top-1 and top-5 accuracies on the Kinetics-400 dataset and

we freeze the spatial transformer here without any fine-tuning or adapter. We also

keep the temporal transformer fixed in size here for fair comparison. Essentially, the

performance difference is purely from the output of the spatial transformer changing

due to different backbones.
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Figure 4.4: The effect of initializing with different numbers of frames (JFT, 2, 4, 8,
16, 32, and 48), freezing the spatial transformer and adding an adapter model and
fine-tuning using 64, 96, and 128 frames. Results on Kinetics400 dataset, ‘f’ refers to
frames.

4.3.5 How many frames should we use for Stage 1?

Next we experiment with various frame counts for stage 1 training, We test seven

variants: JFT [75] checkpoint (image-based), 2, 4, 8, 16, 32, and 48-frame ViViT

checkpoints. We then fine-tune these with a frozen spatial transformer and add an

adapter model using 64, 96, and 128 frames (see Figure 4.4). Results show that using

too few frames for Stage 1 training can underperform (with image-only initialization

from a JFT [75] checkpoint performing the worst). Thus we deduce that short term

temporal context is essential for initializing the spatial transformer. Performance also

plateaus after 8 frames, and given that using more frames increases training time, we

settle on using 8 frames as our “sweet spot” for Stage 1 training.
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Figure 4.5: Comparison of our initialization method vs conventional training of ViViT
on Top-1 accuracy and loss on the Kinetics-400 dataset using 64 and 128 frames. We
see that our initialization gives a significant headstart to the models.

4.3.6 Does the proposed training increase convergence speed?

Another potential question that may arise concerns the impact of this initialization

method in terms of convergence speed, if any. This specific aspect holds considerable

significance owing to its potential ability to drastically curtail the duration of time

required for training and the number of epochs necessary to effectively train the

model. Moreover, an important element to take into account is the effect of freezing

the spatial transformer. This approach decreases the memory needed to store the

model but also considerably enhances the training speed. To provide a clearer picture,

we have plotted the validation curves with and without initialization, which can be seen

in Figure 4.5. Note that with the proposed initialization, we get a significant head start

in overall accuracy.
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4.3.7 Extending the image backbone to 1.5B parameters

An intriguing consequence of our approach is the ability to incorporate larger back-

bones into the spatial transformer, made possible by the additional memory available

to us as a result of freezing the spatial transformer during training. Consequently,

we introduce ViViT-g, which integrates the ViT-g model (with 1.5B parameters) as its

backbone. To ensure a fair comparison, we focus solely on training and inference

using 48 frames, and abstain from employing multiview or multicrop testing. Our

objective is to investigate the potential impact of a more substantial spatial trans-

former backbone on the overall performance and show the potential of larger spatial

backbones that are possible due to our training process. It is essential to note that the

full ViViT-g model could not process more than 8 frames due to memory limitations.

However, our proposed strategy allows processing up to 48 frames. A comparison of

top-1 and top-5 accuracies is presented in Table 4.3.9 along with the number of steps

needed to reach the best performance. Dataset used is Kinetics-400 and all the ViT

checkpoints are JFT-pretrained [75].

4.3.8 Comparison of Memory Usage with Standard ViViT Training

and Proposed Method

In this study, we compare the number of frames that can be accessed using the

standard ViViT training scheme against our proposed scheme, employing a set of

64 v3 TPUs that have 16 GB each. We further evaluate the performance of ViViT

variants, including H, and g, in comparison with the SFA-ViViT using the same variant

configurations. Maintaining identical hyperparameters, we ensure a local batch size

of 1. Our findings indicate that the conventional ViViT training approach restricts

frame accessibility to 96 frames for the ViViT-H model, and a mere 8 frames for the

ViViT-g model, before reaching memory limitations. Conversely, our proposed method

enables access to 128 frames for ViViT-H, and up to 48 frames when utilizing ViViT-g

with the same hardware. Furthermore, we investigate the impact of utilizing university

grade GPUs by conducting ViViT experiments on an NVIDIA Tx 2080 Ti GPU farm

equipped with 8 GPUs having 12 GB each. Under these circumstances, ViViT can

only process 16 frames using a local batch size of 1. However, our proposed training

strategy enables a notable improvement, expanding the frame capacity to 80 frames
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Model 4f 8f 16f 32f 48f 64f 96f 128f

ViViT-H ✓ ✓ ✓ ✓ ✓ ✓ ✓ ×
SFA-ViViT-H ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

ViViT-g ✓ ✓ × × × × × ×
SFA-ViViT-g ✓ ✓ ✓ ✓ ✓ × × ×

Table 4.4: Memory usage in different ViViT training schemes is compared using
the Kinetics400 dataset on 64 TPUs v3 with 16GB memory each. A ✓ indicates
accessible frames given hardware constraints, while a × signals an out-of-memory
(OOM) error. Here, ‘f’ in 8f, 16f and so on corresponds to the number of frames.

helping us reproduce ViViT results on lower end GPUs. This enhancement provides

a valuable opportunity for researchers with limited resources to attain performance

levels comparable to those with extensive resources. We show a comparison of num-

ber of frames accessible with and without our training recipe in Table 4.4.

4.3.9 Comparison on all benchmarks to the baseline model

In this section, we present a comprehensive comparative analysis, focusing on the

proposed approach and the baseline model. We report the Top-1 accuracy, Top-

5 accuracy and the overall training time. The evaluation is conducted on the large

and huge variants of ViViT across three datasets, namely Kinetics400, Kinetics600,

and Moments in Time (MiT), with the summarized results tabulated in Table 4.5. The

findings indicate a slight enhancement in accuracy for both Kinetics400 and Kinet-

ics600 datasets, whereas a notable 1.79% increase in top-1 accuracy is observed for

the MiT dataset using the proposed method. Furthermore, the proposed approach

showcases a significant reduction in training time, accounting for approximately 56%

of the original duration. This reduction emphasizes the advantageous nature of the

proposed approach. To calculate the total training time for the SFA version, the train

time of the 8 frame (Stage 1) ViViT model is combined with the train time of the

(Stage 2) SFA-ViViT model. Conversely, the total training time for the standard ViViT

encompasses the total train time for the same number of frames that SFA-ViViT is

trained on for fair comparison.

We further examine the performance of ViViT-L incorporating our proposed training

strategy in comparison to the original version on three additional datasets: Something-

something, Something-Else, and Epic-Kitchens. A consistent trend is observed, with

the modified approach outperforming the baseline model, at only a 62% cost of the
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Model Kinetics-400 Kinetics-600 Moments in Time
Accuracy Train Time Accuracy Train Time Accuracy Train Time

ViViT-L 82.59/93.09 1x(21.57 h) 83.29/95.82 1x(26.14 h) - - -
ViViT-L + SFA 82.78/94.03 0.56x() 83.47/95.29 0.56x() - -
ViViT-H 84.21/94.66 1x(56.71 h) 84.18/95.68 1x(60.45 h) 38.17/62.84 1x(110.79 h)
ViViT-H + SFA 84.42/94.72 0.57x() 84.39/96.20 0.57x() 39.96/64.39 0.59x()

Table 4.5: Performance Comparison of various versions of ViViT with the proposed
training strategy for Kinetics-400, Kinetics-600 and Moments in Time. Accuracies
listed as Top-1/Top-5.

Model Something-something Something-Else Epic-Kitchens
Accuracy Train Time Accuracy Train Time Accuracy Train Time

ViViT-L 64.45/87.48 1x(14.17 h) 53.14/73.98 1x(3.84 h) 43.53/56.55/65.40 1x(5.61 h)
ViViT-L + SFA 63.85/87.62 0.62x() 53.60/74.47 0.62x() 43.54/56.78/65.16 0.63x()

Table 4.6: Performance Comparison of ViViT-L with the proposed training strategy
for Something-something v2, Something-Else and Epic-Kitchens. Accuracies listed
as Top-1/Top-5, for Epic Kitchens Top-1 noun-verb/ Top-1 noun/ Top-1 Verb.

baseline training time. In summary, our proposed training strategy demonstrates prom-

ising potential by yielding comparable or slightly improved performance across all

datasets. This is obtained while maintaining a training cost ranging from 56% to

62% of the original model, thus highlighting its effectiveness. Results can be seen

in Table 4.6.

Checkpoint SSv2 K400

K400-init 44.71/74.53 82.81/93.98

SSv2-init 63.85/87.62 76.79/92.35

Table 4.7: A summary of cross-
dataset initialization of the proposed
model and performance comparison.
We use Kinetics400 and Something-
something v2 as our datasets.

Backbone Top-1 Top-5 Steps

ViViT-L 79.64 91.73 48k steps

ViViT-H 81.02 93.09 39k steps

ViViT-g 81.81 94.55 29k steps

Table 4.8: A comparison of top-1 and
top-5 accuracies for the ViViT-g model
with the proposed training strategy,
which incorporates a larger spatial
transformer backbone. All models use
48 frames for fair comparison. Results
are on Kinetics400 dataset.
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4.4 Curriculum Training

We consider variants of the “curriculum" training we talk about in the paper. There

are various forms that we can consider. For instance, we can train the standard ViViT

8 frame model for just 10 epochs and use that to initialize our model. In the paper

all initializations are done using 8 frame model trained for 30 epochs. Further, we

could initialize smaller versions of SFA-ViViT like a 32 frame version for 10 epochs

and then initialize SFA-ViViT 128 frames using this 32 frame version. We plot this in

Figure 4.6 and see various versions and conclude that in the end, the best speed-

accuracy trade-off was obtained when the standard ViViT 8 frame model was trained

on 30 epochs and then the 128 frame model is initialized using this.

We define the models in the figure as follows:

• Model A: ViViT-L-8f for 10 epochs + SFA-ViViT-L-32f for 10 epochs + SFA-ViViT-

L-128f for 10 epochs

• Model B: ViViT-L-8f for 10 epochs + SFA-ViViT-L-128f for 20 epochs

• Model C: ViViT-L-8f for 10 epochs + SFA-ViViT-L-128f for 30 epochs

• Model D: ViViT-L-8f for 30 epochs + SFA-ViViT-L-128f for 30 epochs

• Model E: ViViT-L-128f for 30 epochs

We see that training the ViViT-L-8f model for the full 30 epochs and then using that to

initialize the SFA-ViViT-L-128f model gave us the best results. But we could potentially

reduce the cost of training to 0.25x if we sacrifice 2% accuracy. All results are on the

Kinetics400 dataset.

4.5 How long do we need to train the model?

We showed in the paper that using SFA based initialization helps us reach “near-peak”

performance really quickly. We define this near-peak performance as 1 % less than

the eventual best performance of the model. All results are using the test set of the

datasets. Thus another natural question is: in order to save time, why not stop training

the SFA version earlier? We note that although the standard ViViT model trains for

‘x’ epochs (see Table. 4.1 for exact number), it often reaches this “peak” performance

much earlier and hence for fair comparison with the standard ViViT model, in the

paper, we run on the same number of epochs. These results can be seen in Table 4.9.
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Figure 4.6: Stacked bar chart representing the cumulative processing times of Models
A-E. Each color within a bar corresponds to a specific sub-model (’a’ in yellow, ’b’ in
blue, ’c’ in green, ’d’ in gray) contributing to the total computation time of each model.
Model accuracies are indicated at the top of each respective bar. ’a’ = ViViT-L-8f,
’b’ = SFA-ViViT-L-32f, ’c’ = SFA-ViViT-L-128f, ’d’ = ViViT-L-128f. All results are using
Kinetics-400 dataset and using ViViT-L variants.

Model Dataset NPP Epoch Best Epoch

ViViT-L K400 20 29
SFA-ViViT-L K400 5 28

ViViT-L K600 21 28
SFA-ViViT-L K600 5 23

ViViT-L SSv2 29 35
SFA-ViViT-L SSv2 4 24

Table 4.9: Comparison of near peak performance (NPP) epoch and best performance
epoch for ViViT and SFA-ViViT for different datasets and models. All results are on
Kinetics400 dataset.
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Model Dataset NPP Epoch Best Epoch

ViViT-L K400 20 29
ViViT-L init with 8f ViViT-L K400 4 25

ViViT-H K400 22 27
ViViT-H init with 8f ViViT-H K400 5 22

Table 4.10: Comparison of near peak performance (NPP) epoch and best perform-
ance epoch for initializing the full ViViT model with and without the 8f variant. We
see the benefit of initialization as the “near-peak" performance is reached at a much
earlier stage when initialized with the 8f variant. All results are on Kinetics400 dataset.

4.6 What about initializing standard ViViT models?

Since our method proposes an initialization scheme, we also test it on the standard

ViViT models that do not have their spatial transformer frozen. In this particular scen-

ario, we only want to check if the peak performance can be reached faster. However, it

is important to note that with our proposed training scheme we also reduce the overall

training time by close to half. This can be seen in Table 4.10.

4.7 Limitations

This method has some limitations. First, it still requires training the full model for a re-

duced number of frames (e.g. 4-8 frames) in the first stage before freezing the spatial

transformer, adding modest overhead. Compared to newer work like TokenLearner

[143], ST-Adapter [131], and Uniformer [99] that focus more on reducing FLOPs and

parameters, SFA is complementary as it reduces training time and memory usage.

These newer methods don’t directly build on SFA, as they aim to improve efficiency

along different dimensions like GFLOPs rather than training costs. The core ideas of

SFA in freezing the spatial transformer and using a compact adapter are still relevant

today for reducing training requirements. However, limitations remain in needing to

train some version of the full model initially. Future work could explore techniques to

avoid training the full spatial transformer at all, or find ways to optimize the adapter

training process. Overall, SFA makes important strides in efficient transformer train-

ing, but opportunities exist to address its limitations in subsequent research.
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4.8 Conclusion

We have investigated the challenges posed by the substantial training time and memory

consumption of video transformers, particularly focusing on the factorised encoder

variant of the ViViT model as our baseline. To address these challenges, we pro-

posed two effective strategies: utilizing a compact adapter model for fine-tuning im-

age representations instead of end-to-end training of the spatial transformer, and

initializing the temporal transformer using the baseline model trained with 8 frames.

Our proposed training strategy has demonstrated the potential to significantly reduce

training costs and memory consumption while maintaining, or even slightly improving,

performance compared to the baseline model. Furthermore, we observed that with

proper initialization, our baseline model can achieve near-peak performance within

the first 10% of training epochs. The advancements made in this work have the

potential to propel research in the video understanding domain by enabling access

to more frames and the utilization of larger image models as the spatial transformer,

all while maintaining the same memory consumption. Our findings provide valuable

insights for researchers and practitioners with limited resources, paving the way for

more efficient and scalable alternatives in the action recognition field. Future work

may focus on further optimizing and refining these strategies, and exploring their

application to other video transformer architectures and tasks in the computer vision

domain.



Chapter 5

A New Split for Evaluating True

Zero-Shot Action Recognition

5.1 Introduction

The substantial advancements and strides in the field of action recognition that have

been achieved recently can be chiefly attributed to the rise in the accessibility and

availability of substantial, extensively annotated datasets. However, the practical lim-

itations of the task cannot be ignored, namely, the challenge and impracticality of col-

lecting, collating, and analyzing thousands upon thousands of videos for the purpose

of identifying and recognizing a singular class label.

To circumvent this practical constraint, researchers have pivoted their focus to the

complex and intriguing problem of zero-shot learning (ZSL). Each class label, within

this realm of ZSL, is coupled with corresponding semantic embeddings. These em-

beddings are either manually annotated, that is human-labeled, or are inferred through

the application of semantic knowledge employing word embeddings [15, 116, 64].

These embeddings serve a crucial purpose, forming a key cornerstone of the ZSL

approach. They facilitate the acquisition of relationships between the various training

classes, which possess a large multitude of samples, and the testing classes, which

conversely possess zero samples.

Generally speaking, in a typical application of this approach, the model is designed

and configured to predict the semantic embedding of the input video. Subsequently, it

matches this prediction to a test class by utilizing the nearest neighbor’s search meth-

odology. In recent times, the concept and practice of ZSL with videos have gained a

substantial amount of traction, with numerous promising works being published in this

field, as evidenced by several recent publications and studies [15, 116, 64].

63
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Nevertheless, there are some potential drawbacks and limitations associated with

this approach. As noted, many of the studies and works conducted in the domain of

video ZSL have been observed to frequently rely on a pre-existing, pre-trained model

to represent videos. In addition to this, they also tend to employ random splits for

the purpose of evaluation. This combined methodology creates certain complexities

and challenges, particularly when it comes to comparing the relative efficacy and

performance of different approaches in a fair, unbiased manner.

The use of pre-trained models can certainly yield advantages, particularly when it

comes to obtaining robust, accurate, and effective visual representations. However,

these models also run the risk of overlapping with test classes, which may undermine

and invalidate the very premise of zero-shot learning [15, 116, 64].

This issue, as it turns out, is not confined solely to the domain of videos. In fact, it has

also been observed in the realm of image-based models, as evidenced by several

studies in the image domain [177, 186]. These models are typically pre-trained on

ImageNet [31].

In the context of image ZSL, Xian et al. demonstrated that if there is an overlap

between the pre-training dataset and the test set, this leads to an over-inflated level

of accuracy during the test phase. Such artificial inflation effectively breaks the ZSL

premise, thus calling into question the validity of the approach [186]. As a potential

solution to this problem, the authors proposed a new split, one that is designed to

avoid this overlap problem. This newly proposed split has since been widely adopted

within the field.

Following a similar vein, it is worth noting that most video models are pre-trained

on Kinetics-400 [20]. Unfortunately, this dataset shares a large degree of overlap

with the typical ZSL action recognition benchmarks, including UCF101, HMDB51,

and Olympics. Such overlap leads to inflated accuracies, mirroring the issue identified

within the image domain. Consequently, there is a discernible and pressing need for

the implementation of a new split in this context, to ensure the validity and reliability

of the ZSL approach.

Figure 5.1 provides a graphic illustration of these overlap issues, offering a clear visual

representation of the challenges posed by this methodological complication.
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Figure 5.1: An illustration of the overlap in classes of the pretraining dataset (grey),
training split (yellow) and zero-shot test split (green). Current evaluation protocol (a)
picks classes at random with 51 training classes and 50 test classes. There is always
some overlap and also chances of an extremely high overlap. We propose a stricter
evaluation protocol (b) where there is no overlap at test time, maintaining the ZSL
premise.

Contributions: First, we highlight a significant difference in performance that occurs

when we pre-train models on classes also present in the test set, a pattern we observe

across all networks and datasets. Next, we quantify the overlap between the Kinetics-

400 dataset, often used for pre-training, and the common ZSL testing datasets like

UCF101, HMDB51, and the Olympics datasets. We do this by computing both the

visual and semantic similarities between the classes. Upon identifying this overlap,

we propose a more balanced split of the classes that accounts for this overlap, en-

suring we maintain the core premise of zero-shot learning (ZSL). We find that current

models perform less effectively under this new split, underscoring the importance of

addressing this overlap issue. We hope that our proposed split not only proves useful

to the research community but also eliminates the need for arbitrary splits, paving the

way for a more accurate comparison among different methodologies.
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5.2 ZSL preliminaries

Consider the instance where S represents the training set comprising of seen classes.

This set is formed by tuples, denoted as (x,y,a(y)). Within each tuple, x signifies the

visual features characteristic to each sample within S. These are generally spatio-

temporal features when dealing with video content. The y component corresponds

to the class label found within the established set of seen class labels, represented

as Ys. The final component, a(y), symbolizes the semantic embedding of the class

labelled as y. These semantic embeddings are typically either manually annotated or

calculated utilizing language-based embedding strategies such as word2vec [120] or

sen2vec [130].

Further, let’s denote U as the set comprising of unseen classes. These classes are

comprised of tuples delineated as (u,a(u)), where u represents a class found within

the set of label Yu, while a(u) embodies the associated semantic representations. It’s

important to note that Ys and Yu exhibit no overlap. This concept is encapsulated in

the following expression:

Ys
⋂

Yu = /0 (5.1)

Within the context of zero-shot learning (ZSL) for video classification, given an input

video, the objective is to predict a class label that belongs to the unseen set of classes.

This can be represented as fZSL : X → Yu. A derivative of this problem is found in the

generalized zero-shot learning (GZSL) setting, where given a video, the task is to

predict a class label within the combined set of the seen and unseen classes, which

is expressed as fGZSL : X → Ys ∪Yu.

In instances where a pre-trained model is employed to generate visual features, the

set of pre-trained classes is defined as Yp. For the premise of ZSL to be preserved,

there should be no overlap between this set and the unseen classes, which is ex-

pressed mathematically as:

Yp
⋂

Yu = /0. (5.2)

The core problem we address in this paper is that while prior work generally adheres

to Eq. 5.1, recent use of pre-trained models does not adhere to Eq. 5.2. Instead, we

propose the TruZe split in Section 5.4.2, which adheres to both Eq. (5.1) and Eq. (5.2).
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5.2.1 Visual and Semantic Embeddings

In the early stages of computing visual embeddings or representations, techniques

such as hand-crafted features were widely utilized. An example of these features is

Improved Dense Trajectories (IDT) [173]. This particular method encompasses the

tracking of detected interest points trajectories within a video sequence, accompan-

ied by four descriptors to provide a comprehensive representation. However, more

contemporary research has gravitated towards the application of deep features, par-

ticularly those generated from 3D convolutional networks (like I3D [20] or C3D [168]).

These 3D CNNs serve a crucial role in learning the spatio-temporal representation

of the video content, providing a more nuanced understanding of the subject matter.

For the sake of our experiments, we have decided to utilize both these types of visual

representations to cover a broad range of methodologies.

When it comes to the generation of semantic embeddings, prior research [110] has

often relied on manual attribute annotations associated with each class. To give an

illustration of this concept, for the action of ’kicking’, attributes would include the mo-

tion of the leg and the twisting movement of the upper body. However, such detailed

and specific attributes are not readily available across all datasets. To circumvent

this issue, an alternate approach has been proposed which involves the use of word

embeddings such as word2vec [120] for each class label. This effectively eradicates

the necessity of manual attribute annotation, greatly simplifying the process. More

recently, it was seen [64] that the use of sen2vec [130] instead of word2vec could

yield superior results, given that action labels typically comprise multiple words and

the act of averaging them using word2vec can potentially result in loss of contextual

meaning. In light of these findings, we have chosen to implement sen2vec for our

experiments.

These visual and semantic embeddings will form the basis for identifying overlapping

classes between the pre-training and test sets. As we will describe in Section 5.4.2,

we leverage both visual embeddings from a pre-trained I3D model and semantic

embeddings from a pre-trained sen2vec model. By computing visual and semantic

similarity between the classes in the pre-training Kinetics dataset and the test data-

sets like UCF101, we can identify classes that overlap substantially. This allows us

to separate out these overlapping classes when creating our proposed TruZe split,

ensuring there is no class overlap between the pre-training and test sets. In this way,

the visual and semantic embeddings introduced here enable the construction of a

truly zero-shot split, which we will describe shortly.
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5.3 Evaluated Methods

Our evaluation process takes into consideration both early and recent state-of-the-

art methodologies. From the early methods that utilize IDT features, we consider

Zero-Shot Learning by bi-directional latent embedding learning (BiDiLEL), Zero-Shot

Learning by single latent embedding (Latem) [184], and synthesized classifiers (SYNC)

[21]. The application of features that are not learned allows us to regulate the effect

of pre-training when using random splits and the proposed split (PS).

Subsequently, we also evaluate recent state-of-the-art methods such as feature gen-

erating networks (WGAN) [185], out-of-distribution detection networks (OD) [116],

end-to-end learning for Zero-Shot Learning (E2E) [15], and a clustering-based ap-

proach (CLASTER) [64]. Let’s delve briefly into each of these methods for a better

understanding.

LatEM [184] employs a piece-wise linear compatibility function to decipher the visual-

semantic embedding relationship, aided by the use of latent variables. Each latent

variable encodes to accommodate the various visual properties of the input data,

enabling a comprehensive understanding of the dataset. The authors project the

visual embedding into the semantic embedding space to optimize the interpretability

of the data.

Unlike Latem, BiDiLEL [177] chooses to project both the visual and semantic em-

beddings into a shared latent space rather than only into the semantic space. This

strategy aims to uphold the intrinsic relationship between the visual and semantic

elements.

SYNC [21] utilizes a weighted bipartite graph to learn a projection between the se-

mantic embeddings and the classifier model space. They construct this graph using

a set of "phantom" classes synthesized to ensure the alignment of the semantic

embedding space and the classifier model space, thus minimizing the distortion error.

By applying a Wasserstein GAN, ClsWGAN [185] synthesizes the unseen features

of classes. Additionally, it integrates extra losses in the form of cosine and cycle-

consistency losses to enhance the feature generation process.

OD [116] trains an out-of-distribution detector to distinguish the generated features

from the features of the seen classes, which subsequently assists with classification

in the generalized zero-shot learning setting.
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As a recent technique, E2E [15] harnesses end-to-end training to mitigate the issue

of overlapping classes. The method involves eliminating all overlapping classes in the

pre-training dataset and subsequently employing a CNN, trained on the remaining

classes, to generate the visual features for the Zero-Shot Learning videos.

CLASTER [64] involves the clustering of visual-semantic embeddings, the optimiza-

tion of which is facilitated by reinforcement learning.

5.4 Evaluation protocol

5.4.1 Datasets

The three most popular benchmarks for ZSL in videos are UCF101 [157], HMDB51

[90] and Olympics [127]. The typical evaluation protocol in video ZSL is to use a 50-50

split of each dataset, where 50 % of the labels are used as the training set and 50 % as

the test set. In order to provide comparisons to prior work [177, 184, 21, 116, 15, 64]

and for the purpose of communicating replicable research results, we study UCF101,

HMDB51, and Olympics, as well as the the relationship to the pre-training dataset

Kinetics-400.

In our experiments (see Section 5.5), we find overlapping classes between Kinetics-

400 and each of the ZSL datasets, and move them to the training split. Thus, instead

of using 50-50, we need to use 70-31 (number of labels for train and test) for UCF101

and 29-22 (number of labels for train and test) for HMDB51. We see that the number of

overlapping classes in the case of Olympics is 13 out of 16, and hence we choose not

to proceed further with it. More details can be found in Table 5.1. For a fair comparison

between the TruZe and random split, we use the same proportions (i.e., 70-31 in

UCF101 and so on) in the experiments with random splits. We create ten such random

splits and use these same splits for all models.

5.4.2 TruZe Split

We now describe the process of creating the proposed TruZe split, to avoid the

coincidental influence of pre-training on ZSL. First, we identify overlapping classes

between the pre-training Kinetics-400 dataset and each ZSL dataset. To do this,

we compute visual and semantic similarities, and discard those classes that are too

similar.
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Dataset Videos Classes Random Split* Overlapping classes TruZe Split
(Seen/Unseen) with Kinetics (Seen/Unseen)

Olympics 783 16 8/8 13 -
HMDB51 6766 51 26/25 29 29/22
UCF101 13320 101 51/50 70 70/31

Table 5.1: Datasets and their splits used for ZSL in action recognition. Traditionally,
‘Random Split’ was followed where the seen and unseen classes were randomly
selected. However, we can see the extent of overlap in the ‘overlapping classes’
column. Using the extent of overlap we define our ‘TruZe split’. *Note that for the
all experiments in this paper we use a random split which matches the number of
classes of our TruZe, e.g. 29/22 for HMDB51.

To calculate visual similarity, we use an I3D model pre-trained on Kinetics-400 and

evaluate all video samples in UCF101, HMDB51 and Olympics using the Kinetics

labels. This helps us to detect similarities that are often not recognized in terms of

semantic similarities. Some examples include typing (class in UCF101) that the model

detects as using computer (class in Kinetics), applying eye makeup (class in UCF101)

that the model detects as filling eyebrows (class in Kinetics).

To calculate semantic similarity, we use a sen2vec model pre-trained on Wikipedia

that helps us compare action phrases and outputs a similarity score. We combine the

visual and semantic similarity to obtain a list of extremely similar classes to the ones

present in Kinetics. The classes that even have a slight overlap or are a subset of a

class in Kinetics are all chosen as part of the seen set (for example, cricket bowling

and cricket shot in UCF101 are part of the seen set due to the superclass playing

cricket in Kinetics). A few examples of the selection of classes is show in Figure 5.2.

We discard classes from the test set based on the following rules:

• Discard exact matches. For example, archery in UCF101 is also present in

Kinetics.

• Discard matches that can be either superset or subset. For example, UCF101

has classes such as cricket shot and cricket bowling while Kinetics has playing

cricket (superset). We manually do this based on the output of the closest

semantic match.

• Discard matches that predict the same visual and semantic match. For ex-

ample, apply eye makeup (UCF101 label) predicts filling eyebrows as the visual

match using Kinetics labels and the closest semantic match to classes in Kin-

etics is also filling eyebrows. We also manually confirm this.
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Figure 5.2: A few examples of how the classes are selected. (a) is an example of an
exact match between the testing dataset (in this case UCF101) and the pre-trained
dataset (Kinetics). (b), (d) and (g) are examples of visual-semantic similar matches
where the output and semantically closest classes are the same. (c), (e), (f) and
(h) are examples of classes without overlap in terms of both visual and semantic
similarity.

We move all the discarded classes to the training set. This leaves a 70-31 split on

UCF101 and a 29-22 split on HMDB51. We also see that in the Olympics dataset,

there are 13 directly overlapping classes out of 16 classes and hence dropped the

dataset from further analysis. One particular interesting scenario is the “pizza tossing"

class in UCF101. In Kinetics, there is a class called “making pizza", however, the

action of tossing is not performed in them and hence we use “pizza tossing" as an

unseen class.
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Method UCF101 HMDB51
Random TruZe Diff Random TruZe Diff

Latem [184] 21.4 15.5 5.9 17.8 9.4 8.4
SYNC [21] 22.1 15.3 6.8 18.1 11.6 6.5
BiDiLEL [177] 21.3 15.7 5.6 18.4 10.5 7.9
OD [116] 28.4 22.9 5.5 30.6 21.7 8.9
E2E [15] 46.6 45.5 1.1 33.2 31.5 1.7
CLASTER [64] 47.1 45.2 1.9 36.6 33.2 3.4

Table 5.2: Results with different splits for Zero-Shot Learning (ZSL). Column
‘Random’ corresponds to the accuracy using splits in the traditional fashion (random
selection of train and test classes, but with the same number of classes in train/test
as in TruZe), ‘TruZe’ corresponds to the accuracy using our proposed split and ‘Diff’
corresponds to the difference in accuracy between using random splits and our
proposed split. We run 10 independent runs for different random splits and report the
average accuracy. We see positive differences in the ‘Diff’ column which we believe
is due to the overlapping classes in Kinetics.

5.5 Experimental Results

5.5.1 Results on ZSL and Generalized ZSL

We first consider the results on ZSL. Here, as explained before, only samples from the

unseen class are passed as input to the model at test time. Since TruZe separates

the overlapping classes from the pre-training dataset, we expect a lower accuracy

on this split compared to the traditionally used random splits. We compare BiDiLEL

[177], Latem [184], SYNC [21], OD [116], E2E [15] and CLASTER [64] and report the

results in Table 5.2. As expected, we see in the ‘Diff’ column for both UCF101 and

HMDB51 a positive difference, indicating that the accuracy is lower for the TruZe split.

Generalized ZSL (GZSL) looks at a more realistic scenario, wherein the samples at

test time belong to both seen and unseen classes. The reported accuracy is then the

harmonic mean of the seen and unseen class accuracies. Since we separate out the

overlapping classes, we expect to see an increase in the seen class accuracy and a

decrease in the unseen class accuracy. We report GZSL results on OD, WGAN and

CLASTER in Table 5.3. The semantic embedding used for all models is sen2vec. We

use 70 classes for training chosen at random along with 31 test classes (also chosen

at random) for UCF101 and 29 training with 22 testing for HMDB51. As expected,
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AccU AccS Harmonic mean
Method Rand TruZe Diff Rand TruZe Diff Rand TruZe Diff Dataset
WGAN [185] 27.9 21.3 6.6 58.2 63.2 -5.0 37.7 31.8 5.9 HMDB51
WGAN [185] 28.2 23.9 4.3 74.9 75.6 -0.7 41.0 36.3 4.7 UCF101
OD [116] 34.1 24.7 9.4 58.5 62.8 -4.3 43.1 35.5 7.6 HMDB51
OD [116] 32.6 29.1 3.5 76.1 78.4 -2.3 45.6 42.4 3.2 UCF101
CLASTER [64] 41.8 38.4 3.4 52.3 53.1 -0.8 46.4 44.5 1.9 HMDB51
CLASTER [64] 37.5 35.6 1.9 68.8 70.6 -1.8 48.5 47.3 1.2 UCF101

Table 5.3: Results with different splits for Generalized Zero-Shot Learning (GZSL).
‘Rand’ corresponds to the splits using random classes over 10 independent runs,
‘TruZe’ corresponds to the proposed split. AccU and AccS correspond to unseen class
accuracy and seen class accuracy respectively. The semantic embedding used is
sen2vec. ‘diff’ corresponds to the difference between ‘Rand’ and ‘TruZe’. We see
consistent positive difference in performance on the unseen classes and negative
difference in the performance of the seen classes while using the ‘TruZe’.

Method SS TruZe Diff
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

C3D-PN [155] 57.1 66.4 71.7 75.5 78.2 50.9 61.9 67.5 72.9 75.4 6.2 4.5 4.2 2.6 2.8
ARN [209] 66.3 73.1 77.9 80.4 83.1 61.2 70.7 75.2 78.8 80.2 5.1 2.4 2.7 1.6 2.9
TRX [133] 77.5 88.8 92.8 94.7 96.1 75.2 88.1 91.5 93.1 93.5 2.5 0.7 1.3 1.6 2.6

Table 5.4: Few Shot Learning (FSL) with different splits on UCF101. Accuracies are
reported for 5-way, 1, 2, 3, 4, 5-shot classification. ’SS’ corresponds to the split used
in [209, 133] and ’TruZe’ corresponds to the proposed split. We can see that using
our proposed split results in a drop in performance of up to 6.2 % for UCF101. This
shows TruZe is much harder even in the FSL scenario.

the average unseen class accuracy drops in the proposed split and the average seen

class accuracy increases. We expect this as the unseen classes are more disjoint in

the proposed split than using random splits. For easier understanding, we convert the

differences in Table 5.3 to a graph and this can be seen in Figure 5.3.

5.5.2 Extension to Few-shot Learning

Few-shot learning (FSL) is another scenario we consider. Since the premise is the

same as ZSL, except that we have a few samples instead of zero. Again, usually,

the splits used are random, and as such, the pre-trained model has seen hundreds

of samples of classes that are supposed to belong to the test set. We report results

on the 5-way, 1,2,3,4,5-shot case for temporal relational cross-transformers (TRX)

[133], action relation network (ARN) [209], and C3D prototypical net (C3D-PN) [155].

Results are reported in Table 5.4 and Table 5.5. The standard split (SS) used here is
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Figure 5.3: Graphical representation of the difference in performances of different
models on GZSL. We see consistent positive difference in performance on the unseen
classes and negative difference in the performance of the seen classes while using
the ‘TruZe’. The x-axis corresponds to difference in accuracy (Random splits accuracy
- TruZe split accuracy) and the y-axis to different methods.

Method SS TruZe Diff
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

C3D-PN [155] 38.1 47.5 50.3 55.6 57.4 28.8 38.5 43.4 46.7 49.1 9.3 9.0 6.9 8.9 8.3
ARN [209] 45.5 50.1 54.2 58.7 60.6 31.9 42.3 46.5 49.8 53.2 12.6 7.8 7.7 8.9 7.4
TRX [133] 50.5 62.7 66.9 73.5 75.6 33.5 46.7 49.8 57.9 61.5 17.0 16.0 17.1 15.6 14.1

Table 5.5: Few Shot Learning (FSL) with different splits on HMDB51. Accuracies are
reported for 5-way, 1, 2, 3, 4, 5-shot classification. ’SS’ corresponds to the split used
in [209, 133] and ’TruZe’ corresponds to the proposed split. We can see that using
our proposed split results in a drop in performance of up to 17.1 % for HMDB51. This
shows TruZe is much harder even in the FSL scenario.

taken from the one proposed in ARN [209]. Similar to the SS, we divide the classes

in UCF101 and HMDB51 to (70,10,21) and (31,10,10), respectively, where the order

corresponds to the number of training classes, validation classes and test classes. We

see that the proposed split is much harder than SS. Consistent drops in performance

can be seen on every split and for every model. Performance drops of upto 6.2% on

UCF101 and 17.1% on HMDB51 can be seen.

5.5.3 Is overlap the reason for performance difference between

Random and our TruZe split?

In order to understand the difference in model performance due to the overlapping

classes, we compare the performance of each model for the random split (with five

runs) vs the proposed split by using visual features represented by IDT and I3D.

We depict the difference in performance in the form of a bar graph for better visual

understanding. This is seen in Figure 5.4. The higher the difference, the bigger the
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Figure 5.4: The difference of accuracy for different models using IDT and I3D
using manual annotations as the semantic embedding. The larger the bar, the more
significant the difference. We can see a clear difference when using I3D and this
difference is due to the presence of overlapping classes in the test set. The y-
axis corresponds to the difference in performance in percentage and the x-axis
corresponds to various models.

impact of performance. We can see that there is a big difference when using I3D

features compared to using IDT features (where there is a minimal difference). Since

IDT features are independent of any pre-training model, the difference in performance

is negligible. The difference while using I3D features can be attributed to the presence

of overlapping classes in the random splits compared to the proposed split.

5.5.4 Use of different backbone networks

An end-to-end approach was proposed in [15] where a 3D CNN was trained in an

end-to-end manner on classes in Kinetics not semantically similar to UCF101 and

HMDB51 to overcome the overlapping classes conundrum. While this approach is

useful, training more complex models end-to-end is not feasible for everyone due to

the high computational cost involved. We show that using more recent state-of-the-

art approaches as the backbone, there is a slight improvement in model performance

and hence believe that having a proposed split instead of training end-to-end would

be more easily affordable for the general public. Table 5.6 shows the results of using

different backbones for extracting visual features on some of the recent state-of-

the-art ZSL approaches. We use Non-Local networks [178] that build on I3D by

adding long-term spatio-temporal dependencies in the form of non-local connections

(referred as NL-I3D in Table 5.6). We also use slow-fast networks [43] that is a recent

state-of-the-art approach that uses two pathways, a slow and a fast, to capture motion
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Method Backbone UCF101 Accuracy HMDB51 Accuracy
WGAN [185] I3D 22.5 21.1
WGAN [185] NL-I3D 22.7 21.3
WGAN [185] SlowFast 23.1 21.5
OD [116] I3D 22.9 21.7
OD [116] NL-I3D 23.2 22.0
OD [116] SlowFast 23.4 22.5
CLASTER [64] I3D 45.2 33.2
CLASTER [64] NL-I3D 45.3 33.6
CLASTER [64] SlowFast 45.5 33.9

Table 5.6: Results comparison using different backbones to extract visual features
for the ZSL models. We evaluate OD, E2E and CLASTER using I3D, NL-I3D and
SlowFast networks as backbones. All results are on the proposed split. We see that
stronger backbones result in improved performance of the ZSL model.

and fine temporal information. We can see minor but consistent improvements using

stronger backbones, and this suggests that having a proposed split is an economical

way of maximising the use of state-of-the-art models as backbone networks. We see

gains of up to 0.6% in UCF101 and 0.8% in HMDB51.

5.6 Implementation Details

5.6.1 Visual features

We use either IDT [173] or I3D [20] for the visual features. Using the fisher vector

obtained from a 256 component Gaussian mixture model, we generate visual feature

representations using IDT (contains four different descriptors). To reduce this, PCA

is used to obtain a 3000-dimensional vector for each descriptor. Concatenating these

(all four descriptors), we obtain a 12000-dimensional vector for each video. In the

case of I3D features, we use RGB and flow features taken from the mixed 5c layer

from a pre-trained I3D (pre-trained on Kinetics-400). The output of the flow network is

averaged across the temporal dimension and pooled by four in the spatial dimension,

and then flattened to a vector of size 4096. We then concatenate the two.
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5.6.2 Semantic embedding

While manual annotations are available for UCF101 in the form of a vector of size

40, there is no such annotation available for HMDB51. Hence, we use sen2vec em-

beddings of the action classes where the sen2vec model is pre-trained on Wikipedia.

While most approaches use word2vec and average embeddings for each word in the

label, we use sen2vec which obtains an embedding for the entire label.

5.6.3 Hyperparameters for evaluated methods

We use the optimal parameters reported in BiDiLEL [177]. The values for α and

kGvalues are set to 10 and dy is set to 150. SYNC [21] has a parameter σ that models

correlation between a real class and a phantom class and this is set to 1, while the

balance coefficient is set to 2−10. For Latem [184] the learning rate, number of epochs,

and number of embeddings are 0.1, 200 and 10 respectively. For OD [116], WGAN

[185], E2E [15] and CLASTER [64] we follow the settings provided by the authors.

For few-shot learning, we use the hyperparameters defined in the papers [133, 209].

We compare against the standard split proposed in [209]. For the proposed split, we

change the classes slightly for fair comparison to the standard split. Now the splits for

HMDB51 and UCF101 are (31,10,10) and (70,10,21) where the order corresponds to

(train,val,test).

5.7 Limitations

While TruZe provides a strict split to avoid overlapping classes between pre-training

and test sets, it does have some limitations. One is that several recent approaches use

Kinetics-600/700 [15, 126, 136] training which includes a majority of the classes from

the “TruZe” test set. An alternative approach proposed in some recent work is to pre-

train the model from scratch on Kinetics while excluding the overlapping classes [15].

However, this requires expensive end-to-end pre-training and limits model selection.

Other recent methods have built on TruZe by incorporating its proposed split into their

evaluations [64, 38, 63]. However, some recent approaches are orthogonal and do

not directly address the overlapping class issue, instead focusing on new model ar-

chitectures or training schemes [136, 126] An open question remains whether directly
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accounting for overlapping classes is necessary as models become more powerful.

Still, TruZe provides an important strict benchmark for evaluating adherence to the

zero-shot premise. Recent methods have generally found it beneficial to incorporate

the TruZe split, even as they explore other directions like new models.

5.8 Discussion and Conclusion

As we see in Figure 5.4 using IDT features which do not require pre-training on

Kinetics resulted in a negligible change in performance comparing the TruZe split

vs the random splits. However, using I3D features saw a stark difference due to the

overlapping classes in the pre-trained dataset.

We see that the proposed split is harder in all scenarios (ZSL, GZSL, and FSL) whilst

maintaining the premise of the problem. The differences are significant in most cases:

between 0.7-6.2 % for UCF101 and 7.4-17.1 % for HMDB51 in FSL, an increase of

1.2-4.7 % for UCF101 and 1.9-7.6 % for HMDB51 (with respect to the harmonic mean

of seen and unseen classes) in GZSL and an increase of 1.1-6.8 % for UCF101 and

1.7-8.1 % for HMDB51 in ZSL. It is also important to note that different methods are

differently affected, suggesting that some method in the past have claimed improve-

ments due to not adhering to the zero-shot premise, which is highly concerning.

We also see that changing the backbone network increases the performance slightly

for each model, and as a result, the end-to-end pre-training [15] can prove very

expensive. As such, having a proposed split makes things easier as we can directly

use pre-trained models off the shelf. We see gains of up to 1.3% in UCF101 and 1.1%

in HMDB51.



Chapter 6

Regularizing Representations

through Clustering for Zero-Shot

Action Recognition

6.1 Introduction

Research on action recognition in videos has made rapid progress in the last years,

with models becoming more accurate and even some datasets becoming saturated.

Much of this progress has depended on large scale training sets. However, it is often

not practical to collect thousands of video samples for a new class. This idea has led

to research in the Zero-Shot learning (ZSL) domain, where training occurs in a set of

seen classes, and testing occurs in a set of unseen classes. In particular, in the case

of video ZSL, each class label is typically enriched with semantic embeddings.

These embeddings are sometimes manually annotated, by providing attributes of the

class, and other times computed automatically using language models of the class

name or class description. This semantic information attached to each class is used

to map the seen training classes to new unseen classes.

While ZSL is potentially a very useful technology, the standard pipeline poses a

fundamental representation challenge. It requires learning a transfer function that

discriminates unseen classes. This transfer function is defined using the semantic

embeddings of each class, and therefore it is defined at the class level. This is espe-

cially difficult in the case of large intra-class variability, and at boundaries of similar

classes, like “horse racing" and “horseback riding". The transfer of knowledge from a

manually annotated semantic representation naturally yields promising results.

79
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Figure 6.1: Left: Learning curve for the seen classes. Right: Learning curve for the
unseen classes. The clustering-based representation avoids overfitting, which in the
case of seen classes means that the gap between validation and training accuracy
is smaller than in the vanilla representation. This regularization effect improves the
validation accuracy in unseen classes.

Neural networks have proven extraordinarily powerful at learning complex discrimin-

ative functions of classes with many modes. In other words, instances of the same

class can be very different and still be projected by the neural network to the same

category. While this works well in supervised training, it can be a problem in Zero-

Shot recognition, where the highly specialized discriminative function might not trans-

fer well to instances of unseen classes. In this work, we adress this representation

problem using three main ideas.

First, we turn to clustering by considering visual-semantic features of the training set

as datapoints to cluster, and use the centroids of the clusters to represent a video.

We argue that centroids are more robust to outliers, and thus help regularize the

representation, avoiding overfitting to the space of seen classes. Figure 6.1 shows

that the gap between training and validation accuracy is smaller when using clustering

in seen classes (left). As a result, the learned representation is more general, which

significantly improves accuracy in unseen classes (right).

Second, our representation is a combination of a visual and a semantic representa-

tion. The standard practice at training time is to use a visual representation, and learn

a mapping to the semantic representation. Instead, we use both cues, which we show

yields a better representation. This is not surprising, since both visual and semantic

information can complement each other.
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Third, we use the signal derived from the process of classification and repurpose it to

serve as direct supervision for clustering, by using Reinforcement Learning (RL). Spe-

cifically, we use the REINFORCE algorithm to directly update the cluster centroids.

This optimization improves the clustering significantly and leads to less noisy and

more compact representations for unseen classes.

These three pieces are essential to learn a robust, generalizable representation of

videos for Zero-Shot action recognition, as we show in the ablation study. Crucially,

none of them have been used in the context of Zero-Shot or action recognition. They

are simple, yet fundamental and we hope they will be useful to anyone in the Zero-

Shot and action recognition communities.

Based on our proposed contributions, we call the method CLASTER, for CLustering

with reinforcement learning for Action recognition in zero-ShoT lEaRning, and show

that it significantly outperforms all existing methods across all standard Zero-Shot

action recognition datasets and tasks.

6.2 Method Overview

We now describe the proposed CLASTER, which leverages clustering of visual and

semantic features for video action recognition and optimizes the clustering with RL.

Figure 6.2 shows an overview of the method.

6.2.1 Problem Definition

Let S be the training set of seen classes. S is composed of tuples (x,y,a(y)), where

x ∈ X represents the spatio-temporal features of a video (in our experiments, a pre-

trained I3D [20] network, using both RGB and optical flow, concatenated) in the space

of possible video representation X , represents the spatio-temporal features of a video,

y represents the class label in the set of YS seen class labels, and a(y) denotes the

category-specific semantic representation of class y. These semantic representations

are either manually annotated or computed using a language-based embedding of the

category name, such as word2vec [120] or sentence2vec [130].

Let U be the set of pairs (u,a(u)), where u is a class in the set of unseen classes YU

and a(u) are the corresponding semantic representations. The seen classes YS and

the unseen classes YU do not overlap.
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Figure 6.2: Overview of CLASTER. We map the semantic embedding a(yi) to
the space of visual features xi, and concatenate both to obtain a visual-semantic
representation. We cluster these visual-semantic representations with K-means to
obtain initial cluster centroids. Each video is represented as the sum of the visual-
semantic representation and the centroid clusters, weighted by their distance (see
Sec. 6.2.3 and Fig. 6.3). This is used as input for classification (Sec 6.2.4 and Eq.
6.3). Based on the classification result, we send a reward to optimize the cluster
centroids using REINFORCE (Sec. 6.2.5). At test time, we first perform classification
on the seen classes and then do a nearest neighbor (NN) search to predict the unseen
class.

In the Zero-Shot Learning (ZSL) setting, given an input video the task is to predict a

class label in the unseen classes, as fZSL : X → YU . In the related generalized Zero-

Shot learning (GZSL) setting, given an input video, the task is to predict a class label

in the union of the seen and unseen classes, as fGZSL : X → YS ∪YU .

6.2.2 Visual-Semantic Representation

We obtain a representation which is not only aware of the visual features but also the

semantic embedding. For this, we create a visual-semantic representation as follows.

Given video i, we compute visual features xi and a semantic embedding a(yi) of

their class yi (see Sec. 6.3 for details). The goal is to map both to the same space,
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so that they have the same dimensionality and magnitude, and therefore they will

have a similar weight during clustering. We learn this mapping with a simple multi-

layer perceptron (MLP) [211], trained with a least-square loss. This loss minimizes

the distance between xi and the output from the MLP, which we call a′(y).

Finally, we concatenate xi and a′(y) to obtain the visual-semantic representations that

will be clustered. The result is a representation which is not only aware of the visual

information but also the semantic. Note that we keep the MLP fixed after this initial

training.

6.2.3 CLASTER Representation

We now detail how we represent videos using the proposed CLASTER representa-

tion, which leverages clustering as a form of regularization. The intuition behind this

design is that representing data w.r.t. the visual-semantic centroids of the training set

will lead to a representation which generalizes well to unseen classes. This would

avoid overfitting to the training classes as it often happens with hidden representa-

tions. In other words, a representation w.r.t centroids is more robust to outliers, which

is helpful since all instances of the unseen classes are effectively outliers w.r.t. the

training distribution. Still, the initial clustering is not optimal and we discuss in the

Section 6.2.5 how we further optimize our centroid-based representation with RL.

We initialize the clustering of the training set S using K-means [46]. Each resulting

cluster j has a centroid c j, that is the average of all visual-semantic samples in

that particular cluster. The CLASTER representation of a given video is the sum

of the visual-semantic representation and the centroids, weighted by the inverse of

the distance, such that closer clusters will have more weight. Figure 6.3 shows this

process in detail.

Specifically, given video i, we compute the visual representation xi. We estimate the

semantic vector φi using an MLP. This is a necessary step, as during test time we do

not have any semantic information. Concatenating the visual xi and semantic φi we

obtain the intermediate representation ψi, which is in the same space as the cluster

centroids.

We compute the Euclidean distance di, j between the visual-semantic point ψi and

each cluster j, which we refer to as di, j. We take the inverse 1/di, j and normalize

them using their maximum and minimum values, such that they are between 0 and 1.

We refer to these normalized values as ηi, j, and they are used as the weights of each
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Figure 6.3: The proposed CLASTER Representation in detail (see Fig. 6.2 for the
overview of the full method). The visual feature is mapped to match the space
of the visual-semantic cluster centroids with an MLP and concatenation. Based
on the distances to the cluster centroids the final representation ω is a weighted
representation of the centroids, more robust to the out-of-distribution instances of
the unseen test classes. The comparison block refers to comparing of the visual-
semantic centroids and a data point to find the closest centroid. Details in Sec. 6.2.3
and Eq. 6.1.

cluster centroid in the final CLASTER representation ωi:

ωi = ψi +
k

∑
j=1

ηi, jc j. (6.1)

6.2.4 Loss Function

Given the CLASTER representation ωi we predict a seen class using a simple MLP, V .

Instead of the vanilla softmax function, we use semantic softmax [82], which includes

the semantic information a(yi) and thus can transfer better to Zero-Shot classes:

ŷi =
ea(yi)

TV (ωi)

∑
S
j=1 ea(y j)TV (ωi)

. (6.2)

The output ŷi is a vector with a probability distribution over the S seen classes. We

train the classifier, which minimizes the cross-entropy loss with a regularization term:
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minW

N

∑
i=1

L (xi) (6.3)

where W refers to all weights in the network.

6.2.5 Optimization with Reinforcement Learning

As there is no ground truth for clustering centroids, we use the classification accuracy

as supervision. This makes the problem non-differentiable, and therefore we cannot

use traditional gradient descent. Instead, we use RL to optimize the cluster centroids.

For this, we compute two variables that will determine each centroid update: the

reward, which measures whether the classification is correct and will determine the

direction of the update, and the classification score, which measures how far the

prediction is from the correct answer and will determine the magnitude of the update.

Given the probabilistic prediction ŷi and the one-hot representation of the ground truth

class yi, we compute the classification score as the dot product of the two: zi = yiŷi.

To obtain the reward, we check if the maximum of ŷi and yi lie in the same index:

r =

{
1 i f argmax ŷi = argmaxyi

−1 otherwise
(6.4)

This essentially gives a positive reward if the model has predicted a correct classi-

fication and a negative reward if the classification was incorrect. This formulation is

inspired by Likas [103], which was originally proposed for a different domain and the

problem of competitive learning.

For each data point ψi we only update the closest cluster centroid c j. We compute the

update ∆c j using the REINFORCE [103] where p j = 2(1− f (ηi, j)) and f (x) = 1
1+e−x

taken from Likas [103] as:

∆c j = α r (zi − p j) (ψi − c j). (6.5)

For further details on this derivation, please see Likas [103]. The main difference

between our model and Likas’ is that we do not consider cluster updates to be

Bernoulli units. Instead, we modify the cluster centroid with the classification score

zi, which is continuous in the range between 0 and 1.
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Figure 6.4: HMDB51 (a) Averaging word embeddings can produce poor results in
certain cases. For example the nearest neighbor of “shoot ball" is “shoot gun", and
of “sit up" is “sit down" which are not necessarily meaningful (b) Sentence2vec better
captures phrase meanings: Nearest neighbors to “sit up" is now “push up", and for
“shoot ball", is golf. UCF101 (c) The same effect is observed, where after averaging
word2vec representations, the nearest neighbor of “pommel horse" is "horse riding"
(d) Sentence2vec helps capture phrase meanings: the while nearest neighbor of
“pommel horse" is now “balance beam". The circles contain the nearest neighbor
to the given unseen class and is for illustration purposes.

6.2.6 Use of Sentence2vec

Some datasets, such as HMDB51 [90], do not have semantic manual annotations.

Thus, semantic representations are often computed using a word2vec model [120].

In most action recognition datasets, labels are phrases (e.g. “playing guitar") and

thus the semantic embeddings are computed by averaging the word2vec embed-

dings of each word. This works in some cases, however, simple averaging does not

always capture the inter-dependency of action classes. For example, “horse riding"

and “horse racing" lie far apart in the word2vec space.

To alleviate this, we propose using sentence2vec [130], a model designed to capture

the meaning of sentences. Specifically, sentence2vec learns embeddings with respect

to the sentence context. It represents the sentence context as n-grams and optimizes

the additive combination of the word vectors to obtain sentence embeddings. Fig-

ure 6.4 illustrates how class neighbors become more meaningful when we move from

word2vec to sentence2vec.

We show in Sec. 6.4.3 and 6.4.4 that sentence2vec significantly improves perform-

ance of some of the recent state-of-the-art approaches, reaching performance close

to using manual semantic representation. This suggests the potential of sentence2vec

to automatically annotate large scale datasets. We also observe that combining mul-

tiple of these embeddings (e.g., through averaging) leads to a small but consistent

improvement, suggesting they may contain complementary information.
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6.3 Implementation Details

6.3.1 Visual features

We use RGB and flow features extracted from the Mixed 5c layer of an I3D network

pre-trained on the Kinetics [20] dataset. The Mixed 5c output of the flow network is

averaged across the temporal dimension and pooled by four in the spatial dimension

and then flattened to a vector of size 4096. We then concatenate the two.

6.3.2 Network architecture

The MLP that maps the semantic features to visual features consists of two fully-

connected (FC) layers and a ReLU. The MLP in the CLASTER Representation mod-

ule, which maps the visual feature to the semantic space is a two-layer FC network,

whose output after concatenation with the video feature has the same dimensions

as the cluster representatives. The size of the FC layers is 8192 each. The final

classification MLP (represented as a classification block in Figure 6.2) consists of

two convolutional layers and two FC layers, where the last layer equals the number

of seen classes in the dataset we are looking at. All the modules are trained with the

Adam optimizer with a learning rate of 0.0001 and weight decay of 0.0005.

6.3.3 Number of clusters

Since the number of clusters is a hyperparameter, we evaluate the effect of the

number of clusters on the UCF101 dataset for videos and choose 6 after the average

performance stablizes as can be seen in the Section 6.8. We then use the same

number for the HMDB51 and Olympics datasets.

6.3.4 RL optimization

We use 10,000 iterations and the learning rate α is fixed to 0.1 for the first 1000

iterations, 0.01 for the next 1000 iterations and then drop it to 0.001 for the remaining

iterations.
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6.3.5 Semantic embeddings

We experiment with three types of embeddings as semantic representations of the

classes. We have human-annotated semantic representations for UCF101 and the

Olympic sports dataset of sizes 40 and 115 respectively. HMDB51 does not have such

annotations. Instead, we use a skip-gram model trained on the news corpus provided

by Google to generate word2vec embeddings. Using action classes as input, we

obtain a vector representation of 300 dimensions. Some class labels contain multiple

words. In those cases, we use the average of the word2vec embeddings. We also

use sentence2vec embeddings, trained on Wikipedia. These can be obtained for both

single words and multi-word expressions. The elaborate descriptions are taken from

[23] and only evaluated for fair comparison to them. For the elaborative descriptions,

we follow ER [23] and use the provided embeddings in their codebase.

6.3.6 Rectification of the Semantic Embedding

Sometimes, in ZSL, certain data points tend to appear as nearest-neighbor of many

other points in the projection space. This is referred to as the hubness problem [152].

We avoid this problem using semantic rectification [114], where the class representa-

tion is modified by averaging the output generated by the projection network, which in

our case is the penultimate layer of the classification MLP. Specifically, for the unseen

classes, we perform rectification by first using the MLP trained on the seen classes to

project the semantic embedding to the visual space. We add the average of projected

semantic embeddings from the k-nearest neighbors of the seen classes, specifically

as follows:

â(yi) = a′(yi)+
1
k ∑

n∈N
cos
(
a′(yi),n

)
·n, (6.6)

where a′(y) refers to the embedding after projection to the visual space, cos(a,n)

refers to the cosine similarity between a and n, the operator · refers to the dot product

and N refers to the k-nearest neighbors of a′(yui).
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6.3.7 Nearest Neighbor Search

At test time in ZSL, given a test video, we predict a seen class and compute or retrieve

its semantic representation. After rectification, we find the nearest neighbor in the set

of unseen classes. In the GZSL task, class predictions may be of seen or unseen

classes. Thus, we first use a bias detector [52] which helps us detect if the video

belongs to the seen or unseen class. If it belongs to a seen class, we predict the class

directly from our model, else we proceed as in ZSL.

6.4 Experimental Analysis

In this section, we look at the qualitative and quantitative performance of the proposed

model. We first describe the experimental settings, and then show an ablation study,

that explores the contribution of each component. We then compare the proposed

method to the state-of-the-art in the ZSL and GZSL tasks, and give analytical insights

into the advantages of CLASTER.

6.4.1 Datasets

We choose the Olympic Sports [127], HMDB-51 [90] and UCF-101 [157], so that we

can compare to recent state-of-the-art models [50, 116, 137]. We follow the commonly

used 50/50 splits of Xu et al. [191], where 50 percent are seen classes and 50 are

unseen classes. Similar to previous approaches [222, 50, 137, 119, 88], we report

average accuracy and standard deviation over 10 independent runs. We also report

on the recently introduced TruZe [65]. This split accounts for the fact that some

classes present on the dataset used for pre-training (Kinetics [20]) overlap with some

of the unseen classes in the datasets used in the Zero-Shot setting, therefore breaking

the premise that those classes have not been seen.

6.4.2 Ablation Study

Table 6.1 shows the impact of using the different components of CLASTER.
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Impact of Clustering

We consider several baselines. First, omitting clustering, which is the equivalent of

setting ωi = ψi, in Eq. 6.1. This is, ignoring the cluster centroids in the representation.

This is referred to in Table 6.1 as “No clustering". Second, we use random clustering,

which is assigning each instance to a random cluster. Finally, we use the standard K-

means. We observe that using clusters is beneficial, but only if they are meaningful,

as in the case of K-means.

Impact of using a visual-semantic representation

We compare to the standard representation, which only includes visual information,

and keep everything the same. This is, clustering and classification are done using

only the visual features. This is referred to in the table as “CLASTER w/o SE". We

observe that there is a very wide gap between using and not using the semantic

features at training time. This effect is present across all datasets, suggesting it

is a general improvement in the feature learning. We also show a comparison of

aggregation strategies and interaction between visual and semantic features in the

Section 6.9.

Impact of different optimization choices

We make cluster centroids learnable parameters and use the standard SGD to optim-

ize them (‘CLASTER w/o RL") We also test the use of the related work of NetVLAD

to optimize the cluster (“CLASTER w/ NetVLAD"). We see that the proposed model

outperforms NetVLAD by an average of 4.7% and the CLASTER w/o RL by 7.3% on

the UCF101 dataset. A possible reason for this difference is that the loss is back-

propagated through multiple parts of the model before reaching the centroids. How-

ever, with RL the centroids are directly updated using the reward signal. Section 6.4.6

explores how the clusters change after the RL optimization. In a nutshell, the RL

optimization essentially makes the clusters cleaner, moving most instances in a class

to the same cluster.
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Component HMDB51 Olympics UCF101
No clustering 25.6 ± 2.8 57.7 ± 3.1 31.6 ± 4.6
Random clustering (K=6) 20.2 ± 4.2 55.4 ± 3.1 24.1 ± 6.3
K-means (K=6) 27.9 ± 3.7 58.6 ± 3.5 35.3 ± 3.9
Soft K-means (K=6) 27.7 ± 3.9 58.1 ± 3.9 35.5 ± 3.6
Gumbel Softmax 26.6 ± 3.1 55.5 ± 3.1 29.8 ± 2.4
CLASTER w/o SE 27.5 ± 3.8 55.9 ± 2.9 39.4 ± 4.4
CLASTER w/o RL 30.1 ± 3.4 60.5 ± 1.9 39.1 ± 3.2
CLASTER w/ NetVLAD 33.2 ± 2.8 62.6 ± 4.1 41.7 ± 3.8
CLASTER 36.8 ± 4.2 63.5 ± 4.4 46.4 ± 5.1

Table 6.1: Results of the ablation study of different components of CLASTER ZSL.
The study shows the effect of clustering, using visual-semantic representations, and
optimizing with different methods. All three components show a wide improvement
over the various baselines, suggesting that they are indeed complementary to improve
the final representation.

6.4.3 Results on ZSL

Table 8.3 shows the comparison between CLASTER and several state-of-the-art meth-

ods: the out-of-distribution detector method (OD) [116], a generative approach to

Zero-Shot action recognition (GGM) [122], the evaluation of output embeddings (SJE) [2],

the feature generating networks (WGAN) [185], the end-to-end training for realistic

applications approach (E2E) [15], the inverse autoregressive flow (IAF) based gener-

ative model, bi-directional adversarial GAN(Bi-dir GAN) [121] and prototype sampling

graph neural network (PS-GNN) [53]. To make results directly comparable, we use

the same backbone across all of them, which is the I3D [20] pre-trained on Kinetics.

We observe that the proposed CLASTER consistently outperforms all other state-of-

the-art methods across all datasets. The improvements are significant: up to 3.5% on

HMDB51 and 13.5% on UCF101 with manual semantic embedding. We also measure

the impact of different semantic embeddings, including using sentence2vec instead

of word2vec. We show that sentence2vec significantly improves over using word2vec,

especially on UCF101 and HMDB51. Combination of embeddings resulted in average

improvements of 0.3%, 0.8% and 0.9% over the individual best performing embedding

of CLASTER.
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Method SE Olympics HMDB51 UCF101

SJE [2] M 47.5 ± 14.8 - 12.0 ± 1.2
Bi-Dir GAN [121] M 53.2 ± 10.5 - 24.7 ± 3.7
IAF [121] M 54.9 ± 11.7 - 26.1 ± 2.9
GGM [122] M 57.9 ± 14.1 - 24.5 ± 2.9
OD [116] M 65.9 ± 8.1 - 38.3 ± 3.0
WGAN [185] M 64.7 ± 7.5 - 37.5 ± 3.1
CLASTER (ours) M 67.4 ± 7.8 - 51.8 ± 2.8
SJE [2] W 28.6 ± 4.9 13.3 ± 2.4 9.9 ± 1.4
IAF [121] W 39.8 ± 11.6 19.2 ± 3.7 22.2 ± 2.7
Bi-Dir GAN [121] W 40.2 ± 10.6 21.3 ± 3.2 21.8 ± 3.6
GGM [122] W 41.3 ± 11.4 20.7 ± 3.1 20.3 ± 1.9
WGAN [185] W 47.1 ± 6.4 29.1 ± 3.8 25.8 ± 3.2
OD [116] W 50.5 ± 6.9 30.2 ± 2.7 26.9 ± 2.8
PS-GNN [53] W 61.8 ± 6.8 32.6 ± 2.9 43.0 ± 4.9
E2E [15]* W 61.4 ± 5.5 33.1 ± 3.4 46.2 ± 3.8
CLASTER (ours) W 63.8 ± 5.7 36.6 ± 4.6 46.7 ± 5.4
CLASTER (ours) S 64.2 ± 3.3 41.8 ± 2.1 50.2 ± 3.8
CLASTER (ours) C 67.7 ± 2.7 42.6 ± 2.6 52.7 ± 2.2
ER [23] ED 60.2 ± 8.9 35.3 ± 4.6 51.8 ± 2.9
CLASTER (ours) ED 68.4 ± 4.1 43.2 ± 1.9 53.9 ± 2.5

Table 6.2: Results on ZSL. SE: semantic embedding, M: manual representation,
W: word2vec embedding, S: sentence2vec, C: Combination of embeddings. The
proposed CLASTER outperforms previous state-of-the-art across tasks and datasets.

6.4.4 Results on GZSL

We now compare to the same approaches in the GZSL task in Table 6.3, the repor-

ted results are the harmonic mean of the seen and unseen class accuracies. Here

CLASTER outperforms all previous methods across different modalities. We obtain

an improvement on average of 2.6% and 5% over the next best performing method

on the Olympics dataset using manual representations and word2vec respectively.

We obtain an average improvement of 6.3% over the next best performing model

on the HMDB51 dataset using word2vec. We obtain an improvement on average

performance by 1.5% and 4.8% over the next best performing model on the UCF101

dataset using manual representations and word2vec respectively. Similarly to ZSL, we

show generalized performance improvements using sentence2vec. We also report

results on the combination of embeddings. We see an improvement of 0.3%, 0.6%

and 0.4% over the individual best embedding for CLASTER. The seen and unseen

accuracies are shown in Section 6.10.
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Method SE Olympics HMDB51 UCF101

Bi-Dir GAN [121] M 44.2 ± 11.2 - 22.7 ± 2.5
IAF [121] M 48.4 ± 7.0 - 25.9 ± 2.6
GGM [122] M 52.4 ± 12.2 - 23.7 ± 1.2
WGAN [185] M 59.9 ± 5.3 - 44.4 ± 3.0
OD[116] M 66.2 ± 6.3 - 49.4 ± 2.4
CLASTER (ours) M 68.8 ± 6.6 - 50.9 ± 3.2
IAF [121] W 30.2 ± 11.1 15.6 ± 2.2 20.2 ± 2.6
Bi-Dir GAN [121] W 32.2 ± 10.5 7.5 ± 2.4 17.2 ± 2.3
SJE [2] W 32.5 ± 6.7 10.5 ± 2.4 8.9 ± 2.2
GGM[122] W 42.2 ± 10.2 20.1 ± 2.1 17.5 ± 2.2
WGAN [185] W 46.1 ± 3.7 32.7 ± 3.4 32.4 ± 3.3
PS-GNN [53] W 52.9 ± 6.2 24.2 ± 3.3 35.1 ± 4.6
OD [116] W 53.1 ± 3.6 36.1 ± 2.2 37.3 ± 2.1
CLASTER (ours) W 58.1 ± 2.4 42.4 ± 3.6 42.1 ± 2.6
CLASTER (ours) S 58.7 ± 3.1 47.4 ± 2.8 48.3 ± 3.1
CLASTER (ours) C 69.1 ± 5.4 48.0 ± 2.4 51.3 ± 3.5

Table 6.3: Results on GZSL. SE: semantic embedding, M: manual representation,
W: word2vec embedding, S: sentence2vec, C: combination of embeddings. The seen
and unseen class accuracies are listed in the Section 6.10.

6.4.5 Results on TruZe

We also evaluate on the more challenging TruZe split. The proposed UCF101 and

HMDB51 splits have 70/31 and 29/22 classes (represented as training/testing). We

compare to WGAN [185], OD [116] and E2E [15] on both ZSL and GZSL scenarios.

Results are shown in Table 6.4.

Method UCF101 HMDB51
ZSL GZSL ZSL GZSL

WGAN 22.5 36.3 21.1 31.8
OD 22.9 42.4 21.7 35.5
E2E 45.5 45.9 31.5 38.9

CLASTER 45.8 47.3 33.2 44.5

Table 6.4: Results on TruZe. For ZSL, we report the mean class accuracy and
for GZSL, we report the harmonic mean of seen and unseen class accuracies. All
approaches use sen2vec annotations as the form of semantic embedding.
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Figure 6.5: CLASTER improves the representation and clustering in unseen classes.
The figure shows t-SNE [115] of video instances, where each color corresponds to
a unique unseen class label. The RL optimization improves the representation by
making it more compact: in (b) instances of the same class, i.e. same color, are
together and there are less outliers for each class compared to (a).

Figure 6.6: Analysis of how RL optimization changes the cluster to which an instance
belongs. The frequencies are represented as percentages of instances in each
cluster. We can see that the clusters are a lot "cleaner" after the optimization by RL.

6.4.6 Analysis of the RL optimization

We analyze how optimizing with RL affects clustering on the UCF101 training set.

Figure 6.5 shows the t-SNE [115] visualization. Each point is a video instance in the

unseen classes, and each color is a class label. As it can be seen, the RL optimization

makes videos of the same class appear closer together.

We also do a quantitative analysis of the clustering. For each class in the training set,

we measure the distribution of clusters that they belong to, visualized in the Fig 6.6.

We observe that after the RL optimization, the clustering becomes “cleaner". This is,

most instances in a class belong to a dominant cluster. This effect can be measured

using the purity of the cluster:

Purity =
1
N

k

∑
i=1

max j
∣∣ci ∩ t j

∣∣ , (6.7)
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Figure 6.7: Left: Learning curve for the seen classes. Right: Accuracy curve for the
unseen classes. The clustering-based representation avoids overfitting, which in the
case of seen classes means that the gap between validation and training accuracy
is smaller than in the vanilla representation. This regularization effect improves the
accuracy in unseen classes.

where N is the number of data points (video instances), k is the number of clusters, ci

is a cluster in the set of clusters, and t j is the class which has the maximum count for

cluster ci. Poor clustering results in purity values close to 0, and a perfect clustering

will return a purity of 1. Using K-means, the purity is 0.77, while optimizing the clusters

with RL results in a purity of 0.89.

Finally, we observe another interesting side effect of clustering. Some of the most

commonly confused classes before clustering (e.g. “Baby crawling" vs. “Mopping

floor", “Breaststroke" vs. “front crawl", “Rowing vs. front crawl") are assigned to differ-

ent clusters after RL, resolving confusion. This suggests that clusters are also used

as a means to differentiate between similar classes.

6.5 Regularization Effect of Clustering

Here, we look at the same effect with 20 and 35 clusters as well. We see consistent

improvements of over 15% in accuracy for the unseen classes using the proposed

CLASTER representation compared to no clustering.

In addition, we show that using only 35% of the data of seen classes for training also

benefits from clustering on the unseen classes. This can be seen in Figure 6.8 While

in the case of seen classes, using no clustering has the highest validation accuracy,

at test time for the unseen classes, clustering leads to the best results. There are a

few interesting points to note here. First, no clustering results in clear overfitting. The
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Figure 6.8: Left: Learning curve for the seen classes using 35% of the data. Right:
Learning curve for the unseen classes. The clustering-based representation avoids
overfitting, which in the case of seen classes means that the gap between validation
and training accuracy is smaller than in the vanilla representation. This regularization
effect improves the accuracy in unseen classes.

training accuracy reaches over 80% while the validation accuracy reaches a peak of

46% before dropping. However, using clustering results in the training and validation

curves to be really close to each other. Another interesting point is that when there

is a limited number of samples, having more clusters results in better performance

at test time. This was not the case when we had all samples for the seen classes.

When having all samples at training time, the number of clusters resulted in the same

average accuracy as can be seen in Section 6.8.

6.6 Statistical Significance

We consider the dependent t-test for paired samples. This test is utilized in the case of

dependent samples, in our case different model performances on the same random

data split. This is a case of a paired difference test. This is calculated as shown in

Eq 6.8.

t =
X̄D −µ0

sD/
√

n
(6.8)

Where X̄D is the average of the difference between all pairs and sD is the standard

deviation of the difference between all pairs. The constant µ0 is zero in case we wish

to test if the average of the difference is different; n represents the number of samples,

n = 10 in our case. The comparisons can be seen in Table 6.5. The lower the value

of ’p’, higher the significance.
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Pairs Dataset t-value Statistical significance(p<0.05) Type
CLASTER and OD [116] UCF101 -15.77 Significant, p<0.00001 ZSL
CLASTER and WGAN [185] UCF101 -9.08 Significant, p<0.00001 ZSL
CLASTER and E2E [15] UCF101 -0.67 Not Significant, p = 0.26 ZSL
OD [116] and WGAN [185] UCF101 -1.70 Not Significant, p=0.12278 ZSL
CLASTER and OD [116] HMDB51 -4.33 Significant, p=0.00189 ZSL
CLASTER and WGAN [185] HMDB51 -5.54 Significant, p=0.00036 ZSL
CLASTER and E2E [15] HMDB51 -3.77 Significant, p = 0.00219 ZSL
OD [116] and WGAN [185] HMDB51 -3.71 Significant, p=0.00483 ZSL
CLASTER and OD [116] Olympics -9.06 Significant, p<0.00001 ZSL
CLASTER and WGAN [185] Olympics -11.73 Significant, p<0.00001 ZSL
CLASTER and E2E [15] Olympics -2.72 Significant, p = 0.012 ZSL
OD [116] and WGAN [185] Olympics -2.47 Significant, p=0.03547 ZSL
CLASTER and OD [116] UCF101 -4.51 Significant, p=0.00148 GZSL
CLASTER and WGAN [185] UCF101 -5.49 Significant, p=0.00039 GZSL
OD [116] and WGAN [185] UCF101 -3.16 Significant, p=0.01144 GZSL
CLASTER and OD [116] HMDB51 -5.08 Significant, p=0.00066 GZSL
CLASTER and WGAN [185] HMDB51 -7.51 Significant, p=0.00004 GZSL
OD [116] and WGAN [185] HMDB51 -5.27 Significant, p=0.00051 GZSL
CLASTER and OD [116] Olympics -5.79 Significant, p=0.00026 GZSL
CLASTER and WGAN [185] Olympics -8.39 Significant, p=0.00002 GZSL
OD [116] and WGAN [185] Olympics -6.22 Significant, p=0.00014 GZSL

Table 6.5: Comparison of the t-test for different pairs of models on the same random
split. Lower the value of ’p’, higher the significance. As we can see, our results are
statistically significant in comparison to both OD [116] and WGAN [185] in both
ZSL and GZSL. For GZSL, OD [116] also achieves results that are significant in
comparison to WGAN [185].

As we can see, our results are statistically significant in comparison to both OD [116]

and WGAN [185] in both ZSL and GZSL. We also see that our results are stat-

istically significant for both HMDB51 and Olympics in comparison to E2E [15]. In

GZSL, OD [116] also achieves results that are significantly different in comparison to

WGAN [185].
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6.7 Average of Differences in Performance for Same

Splits

Since the performance of the model varies for each random split (as witnessed by

the standard deviation values), we average the difference in performance between

CLASTER, OD, WGAN and E2E on the same splits. We believe that this gives us a

better metric to check the performance of CLASTER with the other approaches. The

results are depicted in Table 6.6.

Models Setting Olympics HMDB51 UCF101
Ours and WGAN [185] ZSL 17.5 ± 4.5 7.0 ±3.8 17.4 ± 5.7

Ours and OD [116] ZSL 13.6 ± 4.5 2.4 ± 1.6 14.3 ± 2.7
Ours and E2E [15] ZSL 2.6 ± 2.8 3.7 ± 2.8 0.4 ± 1.8

Ours and WGAN [185] GZSL 11.2 ± 4.0 9.3 ± 3.7 8.1 ± 4.4
Ours and OD [116] GZSL 4.6 ± 2.4 5.2 ± 3.1 2.7 ± 1.8

Table 6.6: Comparing the average of the difference in performance for recent state-
of-the-art approaches in zero-shot and generalized zero-shot action recognition on
the same splits. All results were computed using sen2vec as the embedding. We can
see that we outperform recent approaches in every scenario.

6.8 Number of Clusters

Figure 6.9: Effect of using different number of clusters. The green line represents
the standard deviation. The reported accuracy is on the UCF101 dataset. As can be
seen, the average cluster accuracy increases till about 6 clusters and then remains
more or less constant. The vertical lines correspond to the standard deviation.
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We test using different number of clusters on the UCF-101 dataset and show the

results in Figure 6.9. These are for 5 runs on random splits. As we can see, the

average accuracy increases until 6 clusters, and after that remains more or less con-

stant. Thus, we use 6 clusters and continue with the same number for both HMDB51

and Olympics. For images, similarly, we used 5 random splits of CUB and found the

performance stabilizes after having 9 clusters and use the same number of clusters

for the other image datasets.

6.9 Comparison of aggregation strategies

Below, in Table 6.7 we show other aggregation options such as averaging and dot

product. All results are using ED as semantic embedding.

Method HMDB51
Average 33.1 ± 2.9
Dot Product 33.9 ± 3.2
Weighted Average 35.3 ± 3.6
Concatenation 43.2 ± 1.9

Table 6.7: Results on different aggregation options for the semantic and visual
embeddings.

6.10 Seen and Unseen Class Performance for GZSL

In order to better analyze performance of the model on GZSL, we report the average

seen and unseen accuracies along with their harmonic mean. The results using differ-

ent embeddings and on the UCF101, HMDB51 and Olympics datasets are reported

in Table 6.8. The reported results are on the same splits for fair comparison [65].

6.10.1 Results on Images

Our method also generalizes to the image domain as shown in Table 6.9. CLASTER

outperforms previous work in five out of eight tasks and obtains comparable results in

the remaining three tasks. We compare our approach to several state-of-the-art meth-

ods: Region Graph Embedding Network with the Parts Relation Reasoning branch
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Model E Olympics HMDB51 UCF-101
u s H u s H u s H

WGAN [185] A 50.8 71.4 59.4 - - - 30.4 83.6 44.6
OD [116] A 61.8 71.1 66.1 - - - 36.2 76.1 49.1

CLASTER A 66.2 71.7 68.8 - - - 40.2 69.4 50.9
WGAN [185] W 35.4 65.6 46.0 23.1 55.1 32.5 20.6 73.9 32.2

OD [116] W 41.3 72.5 52.6 25.9 55.8 35.4 25.3 74.1 37.7
CLASTER W 49.2 71.1 58.1 35.5 52.8 42.4 30.4 68.9 42.1

WGAN [185] S 36.1 66.2 46.7 28.6 57.8 38.2 27.5 74.7 40.2
OD [116] S 42.9 73.5 54.1 33.4 57.8 42.3 32.7 75.9 45.7

CLASTER S 49.9 71.3 58.7 42.7 53.2 47.4 36.9 69.8 48.3
CLASTER C 66.8 71.6 69.1 43.7 53.3 48.0 40.8 69.3 51.3

Table 6.8: Seen and unseen accuracies for CLASTER on different datasets using
different embeddings. ’E’ corresponds to the type of embedding used, wherein ’A’,
’W’, ’S’ and ’C’ refers to manual annotations, word2vec, sen2vec and combination of
the embeddings respectively. ’u’, ’s’ and ’H’ corresponds to average unseen accuracy,
average seen accuracy and the harmonic mean of the two. All the reported results
are on the same splits.

(RGEN) and without the branch (R-PRR) [189], the evaluation of output embed-

dings(SJE) [2], the feature generating networks (WGAN) [185], the feature generating

framework (VAEGAN) [187] and the latent embedding feedback method (LEF) [125].

We compare to the most recent approaches, but this is not the exhaustive suite of all

relevant methods.

Method CUB SUN AWA2 APY
ZSL GZSL ZSL GZSL ZSL GZSL ZSL GZSL

SJE [2] 53.9 33.6 53.7 19.8 61.9 14.4 32.9 6.9
WGAN [185] 57.3 52.3 60.8 40.0 68.2 60.2 - -

VAEGAN [187] 72.9 68.9 65.6 43.1 70.3 65.2 - -
LEF [125] 74.3 70.7 66.7 46.3 73.4 66.7 - -

R-PRR [189] 75.0 64.7 63.4 36.2 72.5 69.7 43.9 36.3
RGEN [189] 76.1 66.1 63.8 36.8 73.6 71.5 44.4 37.2
CLASTER 76.4 69.8 67.2 44.8 74.1 72.7 44.1 40.8

Table 6.9: Results on image datasets. For ZSL, we report the mean class accuracy
and for GZSL, we report the harmonic mean of seen and unseen class accuracies.
All approaches use manual annotations as the form of semantic embedding.
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6.11 Limitations

CLASTER has some limitations that could be addressed in future work. The RL

optimization for the cluster centroids can be unstable and time-consuming to train.

More recent methods have explored different directions beyond CLASTER. For ex-

ample, [123] surveys more sample-efficient RL techniques that could help stabilize

training. JigsawNet and X-CLIP uses stronger vision-language backbones and that is

orthogonal to CLASTER. These methods address some limitations of CLASTER’s RL

unstability while tackling the zero-shot action recognition problem from new angles.

However, CLASTER’s core ideas of leveraging clustering and visual-semantic rep-

resentations remain relevant as can be seen in recent works [42, 210, 51]. These

approaches focus on individual vision or language optimization of clusters without RL.

Extending CLASTER with newer training techniques or network architectures could

be promising future work.

6.12 Conclusion

Zero-Shot action recognition is the task of recognizing action classes without any

visual examples. The challenge is to map the knowledge of seen classes at training

time to that of novel unseen classes at test time. We propose a novel model that

learns clustering-based representation of visual-semantic features, optimized with

RL. We observe that all three of these components are essential. The clustering

helps regularizing, and avoids overfitting to the seen classes. The visual-semantic

representation helps improve the representation. And the RL yields better, cleaner

clusters. The results is remarkable improvements across datasets and tasks over all

previous state-of-the-art, up to 11.9% absolute improvement on HMDB51 for GZSL.



Chapter 7

Transferring Semantic Knowledge

through Action Stories for Zero-Shot

Action Recognition

7.1 Introduction

Action recognition technology has improved remarkably over the years, with methods

becoming more accurate and even pushing the boundaries to include novel tasks [69].

However, one of the main challenges that remain today is the dependency of these

methods on annotated data for novel categories. In practice, obtaining hundreds of

annotated examples for each new class we aim to recognize is not realistic. This is

particularly true as we grow the number of classes and wish to incorporate more

flexible, natural language, for example, for retrieval. This general problem has led to

research in the zero-shot domain.

In the typical zero-shot setting, there are seen classes that contain visual examples

and their class label, and there are unseen classes where only the class labels are

available at training time. Given a visual sample of the unseen set at test time, the

task is to output the corresponding class label. Approaches typically learn a mapping

from the visual space to the class labels using the seen classes and leverage that

mapping in different ways to approximate the mapping in the unseen classes. Some

examples of solutions include learning to map visual information and class labels to

the same space or learning to generate visual features using a generative adversarial

network (GAN) [185].

102
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Figure 7.1: Comparison of accuracy across state-of-the-art zero-shot approaches
(CLASTER [64], E2E [15], OD [116], and the proposed SDR using different semantic
embeddings (the proposed Stories, word2vec [120] (W2V) and elaborative definitions
[23] (ER), on the UCF101 [157] dataset. Using the proposed Stories to create the
semantic space of class labels improves the performance by a large margin, showing
that it is model-agnostic.

One of the underlying assumptions of these approaches is that the distances between

the data points are meaningful both in the visual space and the semantic space. In

other words, data points that are close together should be similar in content across

both seen and unseen classes. In visual space, this tends to happen naturally as

related classes will share objects, scenes, etc. For example, if we compare classes

such as “penalty shot" and “playing soccer", they will share the ball, the soccer field,

etc. However, in the space of action labels, which we also refer to as semantic space,

this property is not straightforward to achieve. While some similar classes will contain

overlapping terms (such as “horse-back riding" and “horse racing"), some others

might be similar but not contain overlapping words (such as the previous example

of “penalty shot" and “playing soccer"). This makes the step of transferring know-

ledge between seen and unseen classes harder. Previous efforts to improve the

semantic space of class labels have included the use of manually annotated attrib-

utes or embedding functions trained on language corpora, such as word2vec [120],

sentence2vec [130] and using definitions of actions [23].

In this work, we address the problem of building a meaningful space of action labels

by leveraging the story around each action. In particular, we use the descriptions of

the steps needed to achieve each action, which is the Story around this action and

encode them using a language embedding. These steps typically contain the objects,

tools, scenes, verbs, adjectives, etc., associated with the action label. One could think

of all these additional pieces of information around an action as the “common sense"
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of associations humans would typically consider. For example, in the case of the

penalty shot, the steps would describe to first place the ball, run the hand through the

grass, fluff the ball, take some steps back, kick, etc. When playing soccer, the steps

include kicking the ball with the inside of your shoe for short passes across the grass,

tapping the ball from foot to foot, etc. When we compare the stories of steps around

these two classes, the overlap of terms becomes much more obvious. It is more likely

that these related classes are closer in semantic space, facilitating the transfer of

knowledge between seen and unseen classes. We show that this relatively simple

approach to creating a semantic space is extremely effective across datasets and

methods, improving performance by up to 20% compared to the standard word2vec

[120]. Figure 7.1 shows that all state-of-the-art methods improve significantly and

therefore the proposed semantic embedding is general and model-agnostic.

We leverage the richness of this semantic space to build a method for zero-shot

action recognition. In particular, following feature-generating approaches of the past

[116, 185], we use a GAN [56] to synthesize visual data points from these semantic

embeddings. These synthetic visual data points are then used to learn a mapping

from visual to semantic space in the unseen classes. Although this general approach

works well, training GANs is notoriously slow and unstable. Part of the reason for the

difficult training is the Gaussian distribution of noise used for the GAN [109], which is

not realistic in the case of video datasets with several classes. This leads to many of

the generated samples being obviously synthetic and, therefore, spending too much

time during training. Instead, we propose to use a data-driven noise module, where

noise is created using the real distribution of data points in the seen set. In particular,

we train a variational autoencoder (VAE) to reconstruct visual features. We use the

encoding part of the VAE to map visual features of seen classes to a subspace and

use them as “noise" for the GAN [109]. We call this data-driven noise or data-based

noise (DBN). We observe that this is a more faithful distribution of visual data points

and therefore helps to reduce the time it takes for the GAN to train by about 70% while

also improving accuracy. Finally, we train our method using a novel contrastive loss,

which we call ranking loss, that pushes apart semantic features of different classes

and pulls together those of the same class. This loss also helps across datasets,

improving by up to 5%.
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Figure 7.2: Comparing nearest neighbors using Stories. We see an example where
ER fails and Stories provides more context and helps in obtaining better neighbors.
This is one example of where ER fails, there are multiple such examples. Dataset is
UCF101.

The result is a method which we call SDR for Stories, Data-driven noise and Ranking

loss. Experimental results show that the proposed SDR improves state-of-the-art by

up to 6.1%, across different datasets, and other tasks, including the generalized zero-

shot task. We expect these three technical contributions to greatly help advance zero-

shot action recognition technology.

7.2 The Story Dataset

Research in semantic representation of action labels has shown over the years that

more sophisticated representations help to build a meaningful semantic space for

zero-shot action recognition. Here we go beyond previous work by representing not

only the class label but the story around it. This is, all the steps needed to perform the

action, which include objects, verbs, etc, typically associated with that action. We call

these representations Stories, and we now describe how we build them.

7.2.1 Building the Stories Dataset

We leverage textual descriptions of actions from WikiHow1, a website that gives

instructions on how to perform actions. These instructions consist of long paragraphs

that describe each step in completing the action. For example, for the action classes

in the HMDB51 dataset, the WikiHow articles contain an average of 9.8 steps, ranging

from 4 to 20 steps. The most closely related work to us, ER [23] uses a single

1. https://www.wikihow.com/

https://www.wikihow.com/
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sentence per class. Instead, for the proposed Stories, the average number of lines is

14.4 for the classes in the Olympics dataset, 9.6 for HMDB51, 13.2 for UCF101, and

13.5 Kinetics. These rich descriptions inherently contain information of the objects

needed to perform an action.

Not all classes have articles on WikiHow. For example, if we search for “draw sword"

(a class in UCF101), we will get instructions on how to paint or sketch swords in-

stead of the steps needed to essentially remove a sword from its sheath. Hence,

collecting clean, meaningful articles requires a more complex process than a simple

search. After scraping the articles from WikiHow corresponding to all classes, we

use sentence-BERT encoders [139] to represent the sentences in the article and

use cosine similarity to find the 25 that are the most similar to the class definition [23].

Next, we manually check the sentences for each class. If we find a mismatch between

the article and the action class, as was the case with the “draw sword" example, we

do a manual search to pick the most relevant article from other sources such as

Wikipedia. However, these alternative articles do not tend to contain the sequence

of steps and hence need more manual intervention to order the sentences into a

sequence of steps. We finally clean each story by re-arranging the sentences in

sequential order and removing irrelevant sentences. In total, we had 6 people who

manually cleaned the descriptions after the initial stage of noisy collection and a

further 10 who verified the descriptions. This was done using the Prolific2 platform.

The time taken for the cleaning Stories for UCF101, HMDB51 and Kinetics was 7.2

hours, 3.3 hours and 25.3 hours on average respectively. We followed this process

to create a dataset of these textual representations for classes in UCF101, HMDB51,

Olympics, and Kinetics-400, as they are the most commonly used datasets for zero-

shot action recognition.

7.2.2 What do Stories Look Like?

Figure 7.2 gives a concrete example of what Stories looks like and shows why they

improve the neighborhood of classes with respect to previous approaches. We use

as an example the class “Hammer Throw" from the UCF101 [157] dataset, which is a

sporting event in which the athlete throws a spherical object. If we retrieve the nearest

2. https://www.prolific.co/

https://www.prolific.co/
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Figure 7.3: Visualization of the features generated from the Stories embedding vs
ER, using t-SNE [115].

neighbor with ER [23], we obtain the class “Hammering", which is not actually related

in meaning but both contain the description of the tool hammer. However, if we use

Stories, the nearest neighbor is “Shot Put", which is also a sporting event where the

athlete throws a spherical object.

7.2.3 Learning from Stories

To truly understand the effect of having richer semantic embeddings, we test the pro-

posed Stories embeddings as input to several state-of-the-art methods. We compare

to using the standard word2vec [120] embeddings and the more recent ER [23].

Figure 7.1 visualizes the gains obtained for multiple models. We observe gains of

up to 21% over word2vec and 11.8% over ER. We visualize the effect of using ER

and Stories to generate features, using the t-SNE [115] for 10 classes in UCF101,

all related to gymnastics and therefore easier to confuse. We see that using Stories

helps keep a more meaningful neighborhood for visual instances, and keep classes

apart.

7.3 SDR

We now describe the three main components of the proposed SDR method. We first

describe the setting, followed by the standard approach through feature generation,

and finally we will delve into the technical details of the method. The overall feature-

generating pipeline can be seen in Fig. 7.4.
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Figure 7.4: Overview of SDR. SDR generates video features that resemble real ones.
It uses I3D to compute real visual features, xi, and a "Projection Network" to generate
synthetic semantic embeddings, âi. The "Feature Generator" combines real semantic
embeddings, ai, with noise to produce synthetic visual features, x̂i. A discriminator
is trained to distinguish between pairs x̂i, âi and xi, ai. The "Projection Network" is
trained with a ranking loss, Lrank, to separate synthetic semantic representations.
The generator and discriminator engage in a joint training game.

7.3.1 Zero-Shot and Generalized Zero-Shot Settings

Let S be the training set of seen classes. S is composed of tuples (x,y,a(y)), where x

represents the spatiotemporal features of a video, y represents the class label in the

set of YS seen class labels, and a(y) denotes the category-specific semantic repres-

entation of class y, which is either manually annotated or computed automatically, for

example using word2vec [120] or the proposed Stories.

Let U be the set of pairs (u,a(u)), where u is a class in the set of unseen classes YU

and a(u) are the corresponding semantic representations. The seen classes YS and

the unseen classes YU do not overlap.

In the zero-shot setting, given an input video, the task is to predict a class label in the

unseen classes, such as fZSL : X → YU . In the generalized zero-shot setting, given

an input video, the task is to predict a class label in the union of the seen and unseen

classes, as fGZSL : X → YS ∪YU .
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7.3.2 Zero-Shot Action Recognition with Feature Generation

The general approach of the proposed SDR follows the standard feature generation

pipeline for zero-shot recognition [185, 116, 122, 109, 72]. The high-level idea is to

learn to generate visual features for unseen classes using a GAN [56], and then, given

these synthetic features, train a classifier that takes in visual features and predicts

unseen class labels.

The GAN comprises a generator (G), discriminator (D), and projection network (P).

Generator G creates synthetic visual features (x̂i) from class label semantic embed-

ding (a) and noise (z). P maps visual features (x) to a semantic embedding approx-

imation (â). D separates real from synthesized features. They’re jointly trained via a

mini-max game using an optimization function (see Eq 7.1).

LD = E(x,a)∼p(xS×aS)
[D(x,P(x))]

−Ez∼pzEa∼pa[(D(G(a,z),a))]

−αEz∼pzEa∼pa

[
(∥∇x̂D(G(a,z))∥2 −1)2

]
,

(7.1)

p(xS×aS) is the joint distribution of visual and semantic descriptors for seen classes,

pa is the empirical distribution of their semantic embeddings, pz is noise, and α

is a penalty coefficient. Additional losses to enhance generated features are the

classification regularized loss (LCLS) and the mutual information loss (LMI). These

losses form the objective function minimized to train the vanilla pipeline (see Eq 7.2).

min
G

min
P

max
D

LD +λ1LCLS(G)+λ2LMI(G). (7.2)

Once these networks are trained on the seen classes, the generator is used to syn-

thesize visual features for the unseen classes. The final step is to train a simple

classifier using these synthetic visual features as input and the class labels. The loss

is the standard cross-entropy loss, and the classifier is a simple multilayer perceptron

(MLP).
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7.3.3 Data-driven Noise

In the standard pipeline we have described, the typical generator takes as input

attributes or semantic embeddings and normally distributed noise to generate visual

features. The underlying assumption is that the normal distribution can represent all

classes. However, this is not necessarily true [109]. Instead, we use the distribution of

the seen classes’ features to create the “noise" for the generator [109], such that the

synthetic unseen classes will follow the same distribution.

To this end, we use a variational auto-encoder (VAE), which takes as input visual

features from the seen classes and it is trained to reconstruct them. Here, the main

role of the encoder is to convert the visual features to low-dimensional noise and the

decoder then reconstructs the visual features from this noise. Once trained, we use

the low-dimensional representation of the encoder as the “noise". More concretely,

the loss function for the VAE is the standard:

L (θ ,φ) =−Ez∼qφ (z|x) [pθ (x | z)]

+DKL
(
qφ (z | x) ∥ pθ (z)

)
,

(7.3)

where φ and θ are the parameters of the encoder pθ and the decoder qφ respectively,

z is the sample latent vector (the “noise" in our case), x is the original feature and x′

is the reconstructed feature.

Once the VAE is trained, to generate visual features of a particular unseen class, we

retrieve the 3 most similar seen classes and sample visual features from these classes

to generate the “noise", unlike earlier work [109], which uses random classes.

This simple change in the noise distribution, which we call data-driven or data-based

noise (DBN), benefits in two ways. First, it improves the overall accuracy (Table 7.1).

Most importantly, the time needed to train the feature generator is 65% lower com-

pared to the standard method of using random Gaussian noise.

Figure 7.5 shows the effect on accuracy, where the model trained with data-driven

noise converges much faster (50 epochs) compared to the standard model trained

with Gaussian noise (150 epochs). The loss is also more stable, as shown in Fig. 7.6.
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Figure 7.5: Training the generator using data-driven noise converges much faster
than using the standard Gaussian noise. Also, saving the feature generator at
various stages and testing on HMDB, we see that with using DBN we obtain
our best performance at epoch 30 and the performance in later epochs are also
consistent. However, without DBN we see the best performance at 150 epochs and
the accuracies are a bit erratic.

7.3.4 Ranking Loss for Feature Generation

One of the risks of learning to generate semantic embeddings (through the “Projection

Network" in Fig. 7.4) is that synthetic semantic embeddings can be too similar to each

other. To avoid this, we introduce a ranking loss [47] that pushes apart the generated

semantic representation (âi) from those of their neighboring classes:

Lrank = E[max(0,δ −aT âi +(a′)T âi)], (7.4)

where a is the ground truth semantic embedding, a′ is the semantic embedding of

a class randomly sampled from the 5 classes (chosen empirically, more details in

Section 7.7) closest to the ground truth and δ is a hyperparameter. Including this loss

in the overall objective function, we obtain:

min
G

min
P

max
D

LD +λ1LCLS(G)

+λ2Lrank(P)+λ3LMI(G).
(7.5)



7.3. SDR 112

Figure 7.6: The generator loss using data-driven noise is much more stable, leading
to faster convergence and better accuracy. We see that using DBN stabilizes the
training of our feature generator whilst also ensuring we reach our optima quicker.

7.4 Experimental Analysis

7.4.1 Datasets and Evaluation Protocol

We use the Olympic Sports [127], HMDB-51 [90], UCF-101 [157] and Kinetics [20]

datasets, as they are the standard choice in zero-shot action recognition, so that we

can compare them with recent state-of-the-art models [50, 116, 137, 64, 136, 15].

These datasets contain 783, 6766 and 13320 videos, and have 16, 51 and 101

classes, respectively. We follow the commonly used 50/50 splits of Xu et al. [191],

where 50% are the seen classes and 50 are the unseen classes. Similar to previous

approaches [222, 50, 137, 119, 88], we report average accuracy and standard devi-

ation over 10 independent runs. We also report on the recently introduced TruZe [65].

This split accounts for the fact that some classes present on the dataset used for pre-

training (Kinetics [20]) overlap with some of the unseen classes in the datasets used

in the zero-shot setting, therefore breaking the premise that those classes have not

been seen. We also report on the Kinetics-220[20] split as proposed in ER [23]. Here,

the 220 classes from Kinetics-600 [19] are treated as unseen classes to a model

trained on the Kinetics-400 dataset.
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7.4.2 Implementation details

Features

For our visual features we consider two scenarios. The first case, the appearance and

flow features are extracted from the Mixed 5c layer of the RGB and flow I3D networks,

respectively. Both I3D models are pre-trained on the Kinetics-400 dataset [20]. Given

an input video, appearance and flow features extracted are averaged across the

temporal dimension and pooled by 4 in the spatial dimension and then flattened to

obtain a vector of size 4096 each. These vectors are then concatenated to obtain

video features of size 8192. In the second case, we first train the X-CLIP-B/16 [126]

on 16 frames of the non-overlapping classes of Kinetics [15] dubbed Kinetics-664 [15]

using the proposed ‘Stories’ as the semantic embedding. For the text embeddings

we use the large S-BERT [139], which is a sentence encoder. For ER we use the

class definition as input to the S-BERT and use the 1024 sized vector output as

the semantic embedding. In case of Stories, we use S-BERT for each sentence and

average all the vectors to obtain a singe vector of size 1024.

Network Architecture

We use the Wasserstein GAN [185] which has been successful in both zero-shot im-

age classification [186] and zero-shot action recognition [116] tasks. This also allows

us to compare directly to OD [116] and Wasserstein GAN [185] in the experimental

analysis. The feature generator G is a three-layer fully-connected network that has an

output layer dimension equal to that of the video feature size. The hidden layers are

of size 4096. The discriminator D is also a three-layer fully-connected network with

hidden layers of size 4096. However, the output size equals 1. The projection network

P is a fully-connected network that has an output layer size equal to the size of the

semantic embeddings (in our case 1024).

Training Details

All the modules are trained using the Adam optimizer with a weight decay of 0.0005

and with an adaptive learning rate using a learning rate scheduler. We set λ1 as

0.1, λ2 as 0.9 and λ3 as 0.1. At test time, we follow OD [116] and train a single

classifier for ZSAR and two classifiers for GZSAR along with an out-of-distribution
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Stories DBN Lrank ZSLHMDB ZSLUCF GZSLHMDB GZSLUCF

× × × 29.1 ± 3.8 37.5 ± 3.1 32.7 ± 3.4 44.4 ± 3.0
× × ✓ 29.7 ± 3.5 38.0 ± 3.1 35.3 ± 3.1 47.1 ± 3.2
× ✓ × 30.6 ± 2.2 38.6 ± 3.4 33.3 ± 3.0 44.9 ± 2.9
✓ × × 44.6 ± 2.9 60.4 ± 3.8 44.9 ± 3.6 51.0 ± 2.9
× ✓ ✓ 31.9 ± 3.2 40.9 ± 2.9 35.7 ± 2.9 47.9 ± 4.1
✓ × ✓ 45.0 ± 2.5 60.9 ± 3.5 49.0 ± 3.2 54.4 ± 3.7
✓ ✓ × 45.9 ± 2.7 61.4 ± 2.8 47.5 ± 2.6 53.7 ± 3.5
✓ ✓ ✓ 46.5 ± 5.3 61.9 ± 2.5 49.7 ± 2.9 54.9 ± 4.4

Table 7.1: Ablation Study of Proposed Components. This table shows an ablation
study evaluating the impact of each proposed component of SDR: using Stories
embeddings, incorporating data-driven noise (DBN), and adding the ranking loss
(Lrank). Results are reported for zero-shot (ZSL) and generalized zero-shot learning
(GZSL) on HMDB and UCF101 datasets. The table demonstrates that each compon-
ent provides gains over the baseline, and combining all three gives the best overall
performance.

(OOD) detector. The classifiers are single-layer fully-connected networks with an input

size equal to the video feature size and output sizes equal to the number of classes

(seen or unseen). The OOD is a three-layer fully connected network with output and

hidden layer sizes equal to the number of seen classes and 512, respectively.

7.4.3 Ablation Study

In order to truly understand the effect of the proposed components, we perform a

thorough and extensive ablation study involving all proposed components. Results

are shown in Table 7.1. We see that every proposed contribution benefits over the

baseline. However, crucially, a combination of all three gives us our best results.

We note that the improvement from the ranking loss is much more prominent in the

generalized zero-shot setting than in the zero-shot.

7.4.4 Results without cleaning of data

In order to truly evaluate the effect of the Stories dataset, we evaluate multiple models

on the noisy version of the Stories dataset and report results in Fig. 7.7. We see that

using the noisy dataset improves the performance over ER by up to 4.6%. Using the

cleaned version of Stories further improves performance over the noisy version by up

to 7.2%. This shows us the cleaning of the data is not trivial and leads to significant

gains.
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Figure 7.7: Comparison of accuracy across state-of-the-art zero-shot approaches
(CLASTER [64], E2E [15], OD [116], and the proposed SDR using different semantic
embeddings. Using the proposed Stories to create the semantic space of class labels
improves the performance by a large margin, showing that it is model-agnostic.

7.4.5 Comparison to State-of-the-Art on Zero-Shot

Table 7.2 compares the proposed SDR to state-of-the-art on the zero-shot setting.

We compare with the most recent best performing methods, which include the joint

visual-semantic clustering method (CLASTER) [64], the out-of-distribution detector

(OD) [116], the end-to-end training approach for realistic applications (E2E) [15],

JigSawNet [136], among others.

We observe that the proposed SDR consistently outperforms all approaches across

all datasets by gains of up to 6.1%. We experiment with using a single model for

all datasets, by training on Kinetics and not doing any fine-tuning for the smaller

datasets. This is the last row of the table, which we call “SDR (Ours) Single Model". It

is remarkable and quite promising that, without the need to fine-tune, this single model

achieves even better performance. We also evaluate on the Kinetics-220 dataset

as proposed in ER [23]. There are fewer methods who report on this split, but it is

interesting as it is much larger. Results are shown in Table 7.3. We observe that

the proposed SDR outperforms all previous work, with significant gains of up to 5%.

Finally, we evaluate on the stricter TruZe [65] split that ensures no overlap between

pre-trained model and test classes. Results are shown in Table 7.4. We also observe

a consistent improvement using our proposed approach.
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Method Olympics HMDB51 UCF101
SJE [2] 47.5 ± 14.8 13.3 ± 2.4 12.0 ± 1.2
Bi-Dir GAN [121] 53.2 ± 10.5 21.3 ± 3.2 24.7 ± 3.7
IAF [121] 54.9 ± 11.7 19.2 ± 3.7 26.1 ± 2.9
GGM [122] 57.9 ± 14.1 20.7 ± 3.1 24.5 ± 2.9
OD [116] 65.9 ± 8.1 30.2 ± 2.7 38.3 ± 3.0
WGAN [185] 64.7 ± 7.5 29.1 ± 3.8 37.5 ± 3.1
PS-GNN [53] 61.8 ± 6.8 32.6 ± 2.9 43.0 ± 4.9
E2E [15] 61.4 ± 5.5 33.1 ± 3.4 46.2 ± 3.8
ER [23] 60.2 ± 8.9 35.3 ± 4.6 51.8 ± 2.9
CLASTER [64] 68.4 ± 4.1 43.2 ± 1.9 53.9 ± 2.5
JigSawNet [136] - 38.7 ± 3.7 56.0 ± 3.1
ResT [104] - 39.3 ± 3.5 58.7 ± 3.3
X-CLIP-B/16 [126] - 44.6 ± 5.2 72.0 ± 2.3
SDR (Ours) + I3D 72.5 ± 2.1 46.8 ± 5.0 62.9 ± 1.6
SDR (Ours) + CLIP 80.1 ± 2.3 52.7 ± 3.4 73.4 ± 2.7
SDR (Ours) SM + I3D 74.8 ± 2.3 48.9 ± 4.4 64.9 ± 2.1
SDR (Ours) SM + CLIP 82.2 ± 1.6 54.4 ± 4.1 75.5 ± 3.2

Table 7.2: Results on zero-shot action recognition on the Olympics, HMDB51 and
UCF101 datasets. ‘SM’ corresponds to the single model experiment.

Method Top-1 Acc Top-5 Acc

DEVISE [47] 23.8 ± 0.3 51.0 ± 0.6
SJE [2] 22.3 ± 0.6 48.2 ± 0.4
ER [23] 42.1 ± 1.4 73.1 ± 0.3
JigSawNet [136] 45.9 ± 1.6 78.8 ± 1.0
SDR (Ours)+I3D 50.8 ± 1.9 82.9 ± 1.3
SDR (Ours)+CLIP 55.1 ± 2.2 86.1 ± 3.1

Table 7.3: Results on zero-shot action recognition on Kinetics-220.

7.4.6 Comparison to State-of-the-Art on Generalized Zero-Shot

We evaluate SDR on the generalized setting where at test time both seen and unseen

class samples are used. We train an out-of-distribution detector (OOD) following OD

[116] and two separate classifiers for the seen and unseen classes along with the

OOD network. Table 7.5 shows the results, with the harmonic mean of the seen and

unseen class accuracies. The proposed SDR consistently outperforms all approaches

across all datasets by gains of up to 5.4%.
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Method UCF101 HMDB51
Split ZSL GZSL Split ZSL GZSL

WGAN 67/34 22.5 36.3 29/22 21.1 31.8
OD 67/34 22.9 42.4 29/22 21.7 35.5

CLASTER 67/34 45.8 47.3 29/22 33.2 44.5
SDR (Ours) 67/34 49.7 51.3 29/22 34.9 45.5
VCAP [38] 0/34 49.1 - 0/22 20.4 -

SDR (Ours)+I3D SM 0/34 51.5 52.2 0/22 36.1 46.6
SDR (Ours)+CLIP SM 0/34 55.1 57.7 0/22 40.8 51.1

Table 7.4: Results on TruZe. For zero-shot, we report the mean class accuracy, and
for generalized zero-shot, we report the harmonic mean of seen and unseen class
accuracies. The split refers to the train/test split used for each setting.

Method Olympics HMDB51 UCF101

Bi-Dir GAN [121] 44.2 ± 11.2 7.5 ± 2.4 22.7 ± 2.5
IAF [121] 48.4 ± 7.0 15.6 ± 2.2 25.9 ± 2.6
GGM [122] 52.4 ± 12.2 20.1 ± 2.1 23.7 ± 1.2
WGAN [185] 59.9 ± 5.3 32.7 ± 3.4 44.4 ± 3.0
OD[116] 66.2 ± 6.3 36.1 ± 2.2 49.4 ± 2.4
PS-GNN [53] 52.9 ± 6.2 24.2 ± 3.3 35.1 ± 4.6
CLASTER 69.1 ± 5.4 48.0 ± 2.4 51.3 ± 3.5
SDR (Ours)+I3D 74.5 ± 3.9 49.7 ± 2.9 54.9 ± 4.4
SDR (Ours)+CLIP 79.5 ± 3.5 53.5 ± 3.3 57.8 ± 4.1
SDR (Ours) SM+I3D 76.6 ± 3.6 50.9 ± 2.6 57.2 ± 3.5
SDR (Ours) SM+CLIP 81.1 ± 3.0 56.1 ± 3.2 59.7 ± 3.1

Table 7.5: Results on generalized zero-shot setting. Reported results are the
harmonic mean of the seen and unseen class accuracies. ‘SM’ corresponds to the
single model experiment.

In order to better analyze performance of the model on GZSL, we report the average

seen and unseen accuracies along with their harmonic mean. The results using differ-

ent embeddings and on the UCF101, HMDB51 and Olympics datasets are reported

in Table 7.6. The reported results are on the same set of 10 random splits for fair

compairson. There are no manual attributes for the HMDB dataset. We see that

the proposed SDR approach obtains best results on all three categories. Another

observation we can see is that the performance of all models using Stories is better

than even the older manual attributes.
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Model SE Olympics HMDB51 UCF-101
u s H u s H u s H

WGAN [185] M 50.8 71.4 59.4 - - - 30.4 83.6 44.6
OD [116] M 61.8 71.1 66.1 - - - 36.2 76.1 49.1

CLASTER [64] M 66.2 71.7 68.8 - - - 40.2 69.4 50.9
SDR M 71.6 76.9 74.2 - - - 43.1 77.5 54.6

WGAN [185] W 35.4 65.6 46.0 23.1 55.1 32.5 20.6 73.9 32.2
OD [116] W 41.3 72.5 52.6 25.9 55.8 35.4 25.3 74.1 37.7

CLASTER W 49.2 71.1 58.1 35.5 52.8 42.4 30.4 68.9 42.1
WGAN [185] S 36.1 66.2 46.7 28.6 57.8 38.2 27.5 74.7 40.2

OD [116] S 42.9 73.5 54.1 33.4 57.8 42.3 32.7 75.9 45.7
CLASTER S 49.9 71.3 58.7 42.7 53.2 47.4 36.9 69.8 48.3
CLASTER C 66.8 71.6 69.1 43.7 53.3 48.0 40.8 69.3 51.3

WGAN [185] Sto 52.5 73.4 61.2 35.2 65.1 45.7 33.8 84.2 48.2
OD [116] Sto 63.3 75.1 68.7 37.2 67.5 47.9 40.1 81.7 53.8

CLASTER Sto 69.1 74.1 71.5 44.3 57.2 49.9 42.1 71.5 53.0
SDR+I3D Sto 73.5 79.9 76.6 46.9 55.8 50.9 44.4 80.7 57.2

SDR+CLIP Sto 78.9 83.5 81.1 52.5 60.4 56.1 47.3 81.2 59.7

Table 7.6: Seen and unseen accuracies for CLASTER on different datasets using
different embeddings. ’SE’ corresponds to the type of embedding used, wherein ’M’,
’W’, ’S’, ’C’ and ’Sto’ refers to manual annotations, word2vec, sen2vec, combination
of the embeddings and Stories respectively. ’u’, ’s’ and ’H’ corresponds to average
unseen accuracy, average seen accuracy and the harmonic mean of the two. All
the reported results are on the same splits. SDR+I3D corresponds to the backbone
network being I3D and similarly for SDR+CLIP.

7.4.7 Exploring the Few-Shot Setting

Although it is not our goal, we explore the generalization ability of the proposed

approach in the few-shot setting. In this setting we have a few examples of the unseen

classes at train time. We use the same approach as for the zero-shot learning, except

to train the classifier we also add the few labeled samples provided. Another approach

is to use the generated features as additional data to train any of the current few-shot

learning state-of-the-art models.

We compare to the current state-of-the-art in this setting, including CD3-PN [155],

ARN [209], TRX [133], MTFAN [180] and HCL [219] on the UCF101, HMDB51 and

Kinetics datasets. To the best of our knowledge GGM [122] is the only generative

few-shot action recognition paper and we compare against them directly and see

very large improvements. However, other approaches use meta-learning and few-shot

specific learning paradigms and hence we use our generated features as additional

data without changing their learning paradigm. We obtain state-of-the-art results on
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UCF101 HMDB51
Method 1 3 5 1 3 5

GGM [122] 62.5 73.5 78.7 36.5 47.5 52.6
SDR (Ours) 74.1 81.9 85.3 43.8 54.8 58.8
ARN [209] 62.1 77.9 84.8 44.6 54.2 59.1

C3D-PN [155] 57.8 71.7 80.2 50.3 54.0 57.4
MTFAN [180] 84.8 - 95.1 59.0 - 74.6

HCL [219] 82.6 - 94.5 59.1 - 76.3
TRX [133] 81.3 92.8 95.9 52.0 66.9 75.6

TRX [133] + SDR (Ours) 84.1 95.2 97.3 58.0 72.2 79.1

Table 7.7: Results on the few-shot setting, using HMDB51 and UCF101.

the 3-shot and 5-shot setting and significant improvement on the 1-shot setting when

training TRX with our features. However, MTFAN [180] and HCL [219] have not re-

leased their code yet and hence we can not check how much we could potentially

improve.

7.5 Studying the Effect of Stories as a General Se-

mantic Embedding

We look at the use of Stories as semantic embedding to a wide variety of models

here. From older models, all the way to the most recent ones in the zero-shot learning

literature. Here we look at the experimental results on a wide variety of models in

all three datasets. We see that Stories is clearly model agnostic, old or new models

improve using it. Results can be seen in Tab 7.8.

7.6 Why Not Just Use VAE for Feature Generation?

Another possible question is the use of the current feature generator model. There

are multiple options to use as feature generators including VAEs, and other versions

of GANs (not just WGAN [185] that we use).
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Method SE Olympics HMDB51 UCF101

SJE [2] W 28.6 ± 4.9 13.3 ± 2.4 9.9 ± 1.4
SJE [2] M 47.5 ± 14.8 - 12.0 ± 1.2
SJE [2] Sto 50.3 ± 4.1 19.1 ± 3.2 14.5 ± 1.6
Bi-Dir GAN [121] W 40.2 ± 10.6 21.3 ± 3.2 21.8 ± 3.6
Bi-Dir GAN [121] M 53.2 ± 10.5 - 24.7 ± 3.7
Bi-Dir GAN [121] Sto 55.5 ± 6.5 27.2 ± 2.7 29.5 ± 3.2
GGM [122] W 41.3 ± 11.4 20.7 ± 3.1 20.3 ± 1.9
GGM [122] M 57.9 ± 14.1 - 24.5 ± 2.9
GGM [122] Sto 59.7 ± 12.1 29.5 ± 2.6 27.1 ± 2.6
WGAN [185] W 47.1 ± 6.4 29.1 ± 3.8 25.8 ± 3.2
WGAN [185] M 64.7 ± 7.5 - 37.5 ± 3.1
WGAN [185] Sto 66.2 ± 7.1 35.5 ± 2.8 40.1 ± 3.7
OD [116] W 50.5 ± 6.9 30.2 ± 2.7 26.9 ± 2.8
OD [116] M 65.9 ± 8.1 - 38.3 ± 3.0
OD [116] Sto 69.1 ± 5.6 39.2 ± 2.8 50.3 ± 3.0
CLASTER [64] W 63.8 ± 5.7 36.6 ± 4.6 46.7 ± 5.4
CLASTER [64] M 67.4 ± 7.8 - 51.8 ± 2.8
CLASTER [64] Sto 73.1 ± 6.6 45.5 ± 2.6 59.6 ± 2.8

Table 7.8: Results on ZSL. SE: semantic embedding, M: manual representation, W:
word2vec embedding, S: sentence2vec, Sto: Stories.

Feature Generator Accuracy

VAE 25.5 ± 2.9
Vanilla GAN 31.5 ± 2.4
f-VAEGAN 45.9 ± 3.2
FREE 46.6 ± 3.5
SDR (Ours) 48.1 ± 3.6

Table 7.9: Comparing different choices for feature generator. Reported results are on
10 different runs and all models use the same split. Dataset is HMDB51.

We chose to adapt the WGAN for our feature generator based on two reasons. First,

we wanted to compare directly to existing literature on zero-shot action recognition

and to the best of our knowledge the most recent one has been the one used in

OD [116]. However, for the sake of sanity we also ran additional experiments on

the HMDB51 dataset incorporating f-VAEGAN [187], adapted FREE [24]: feature

refinement of f-VAEGAN for zero-shot action recognition and using a simple VAE.

The results of this can be seen in Tab 7.9.
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Figure 7.8: Comparison of using different number of nearest neighbors on both (left)
the data-based noise and (right) the ranking loss.

7.7 Hyperparameter Selection

Choosing the number of nearest neighbors for both the data-based noise and the

ranking loss is done empirically. We use the generalized zero-shot action recognition

performance to decide these hyperparameters. We choose UCF101 as our dataset

for the hyperparameter tuning, but also plot the results on HMDB51 as it also ended

up following the same pattern. The results are shown in Figure 7.8. Based on these

results, we choose the number of nearest neighbors as 3 for the data-based noise

and 5 for the ranking loss. The results are on the TruZe split.

7.8 Why Does Using a Single Model Work?

One curious question to ponder would be why the single model trained on a large

dataset like Kinetics-400 [20] results in better performance than the models fine-tuned

on the smaller datasets. Our hypothesis is that the feature generator trained on a

larger dataset has a better distribution of data to learn from as the data-driven noise

that we use is more representative of the real visual world. This in turn generates more

realistically distributed features, which in turn results in the improved performance.
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7.9 Limitations

One possible limitation of our approach is that the Stories may focus on one specific

way of performing each action, while other valid methods may exist. For example,

the story for "shuffling cards" details the riffle shuffling technique, but other shuffling

techniques could occur in videos of this class. Similarly, some parts of the stories may

describe non-visual aspects like memorizing lines for the "acting in play" class that are

not depicted in the videos. Our current approach does not explicitly address potential

mismatches between the textual stories and visual contents. Still, we believe non-

visual cues actually help making the semantic embeddings more distinct, as these

cues are unique to each class’s story. However, this remains a limitation worth noting.

One area of future work is exploring how to make the stories more comprehensive by

incorporating multiple variations of actions. We also plan to investigate techniques for

identifying and excluding non-visual sentences that do not translate to visual features.

Overall, handling the diversity of real videos compared to procedural descriptions

remains an open challenge that we aim to address.

7.10 Conclusion

We propose a method called SDR, which makes three contributions for zero-shot

action recognition. The main one is a more meaningful semantic space, which we call

Stories, which a textual database of steps needed to perform the action. This novel

semantic embedding helps significantly across models, tasks, and datasets. We also

introduce a novel ranking loss and data-driven noise to improve performance and cut

back convergence time to one third of the vanilla method. All these combined show

improvements across datasets and tasks with improvements up to 13.8%. Overall,

we hope these contributions can be helpful for future progress on low-shot action

recognition.



Chapter 8

Selecting Informative Synthetic

Features using Reinforcement

Learning for Improved Generalized

Zero-Shot Learning

8.1 Introduction

In Generalized ZSL, classifiers tend to be biased towards seen classes, leading to the

misclassification of test samples from unseen classes as seen classes. To address

the problem of the lack of visual data for unseen classes, researchers have proposed

the use of Generative Adversarial Networks (GAN) [56] to generate synthetic visual

features by leveraging attribute databases. However, while GANs have helped in zero-

shot learning [170, 185, 201, 45], they do not explicitly learn to represent data in a

structured way that is easily interpretable by humans or other models. They also suffer

from the problems of mode collapse [81], class imbalance [6], and computational

expense [71] when generating high-dimensional data. But what we care about most

is that a lot of synthetic samples generated are used directly for training a classifier

without studying if these samples actually help the classifier learn. Instead, these

samples are chosen based on “realness". Figure 8.1 shows a comparison of the

standard pipeline and our proposed pipeline for feature-generating approaches.

To address the limitations of GANs in synthetic feature selection, we propose a novel

reinforcement learning-based approach that automatically selects generated features

that improve model performance. Specifically, we use a transformer model [169] for

synthetic sample selection and use validation classification accuracy as the reward

for RL training. We employ the proximal policy optimization (PPO) [148] algorithm to

123
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Figure 8.1: Comparison of feature-generating frameworks pipelines (a) standard
pipeline where features that look “real" are used to train the generator (b) proposed
pipeline where the generator is trained based on the performance of the seen class
classifier.

update the model weights during training. The validation set is a subset of the original

training set. Our proposed approach aims to pick samples that help classification

and not just generate real-looking samples. We dub our synthetic sample selection

method as “SPOT" for Selection using Proximal policy OpTimization. The goal of

this selector is to learn to pick synthetically generated samples that it believes would

improve the classification performance of the classifier rather than picking the most

“realistic" looking samples.
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Figure 8.2: Overall pipeline of our proposed SPOT. The feature generator gener-
ates features that the selector module ranks based on the seen class classifier’s
performance. The selector is updated based on the performance of the classifier on
the selected features. The proposed pipeline is model and data-agnostic.

Furthermore, our proposed approach is model-agnostic and data-agnostic, as we

evaluate our method on multiple benchmark datasets in images and videos and vari-

ous feature-generating models. Our comprehensive experiments demonstrate that

our approach consistently improves model performance across different datasets and

models, highlighting the effectiveness and versatility of our proposed method. By

leveraging RL-based synthetic feature selection, we can more effectively generate

synthetic data that captures the underlying structure of the data, improving the gen-

eralization performance of downstream models.

8.2 Methodology

The overall framework of the proposed method is visually depicted in Figure 8.2, which

provides an illustrative overview of the various components employed. In this section,

we delve deeper into the individual constituents of the model and explore in detail the

novel SPOT selector that has been put forth. It is imperative to note that the proposed

pipeline is model and data-agnostic, which implies that the choice of classifier model

and network backbone is dependent solely on the feature-generating framework itself.
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The development of the SPOT selector draws significant inspiration from the synthetic

sample selector introduced in [197]. However, our approach seeks to tackle the more

challenging task of zero-shot learning, where data from unseen classes is limited.

Furthermore, we demonstrate that training the selector using data from seen classes

can enhance the selection of better features for data from unseen classes. This

approach represents a significant contribution and serves to bridge the gap between

the seen and unseen class data.

8.2.1 Feature Generating Network (FGN)

As previously highlighted, it is worth noting that the proposed pipeline is entirely inde-

pendent of the feature-generating approach itself. This aspect renders the framework

highly versatile and adaptable to a diverse range of feature-generating models, which

may be employed in place of the FGN utilized in this study.

Examples of alternate feature-generating models that could be employed include the

WGAN [185] and Cycle-WGAN [45]. The utilization of such models would permit the

proposed pipeline to be seamlessly integrated into a broader range of applications

and extend the reach and scope of the framework. The flexibility afforded by this

design decision represents a critical feature of the proposed pipeline and enables

the framework to be readily adapted to a range of diverse use cases as shown with

consistent improvements in multiple image and video datasets.

8.2.2 Selector

The reasoning behind selecting the particular selector is rooted in the interdepend-

ence of features among the potential images. We hypothesise that the sequence in

which the features are generated is not completely autonomous, as the later additions

must differentiate themselves from the earlier ones in order to ensure diversity across

the entire set of augmented training data. We use a transformer-based architec-

ture [36] to be our selector. The input is a feature vector of a dimension dependent on

the FGN used. The goal of the selector is to tell us if the generated feature vector is

good for classification performance. The selector takes in a feature vector and outputs

a score that tells us how good that feature vector is for classification. To do this, the

selector outputs a binary action: select or not select. However, we do not have ground

truth to tell us how good the generated feature is and hence optimizing the selector is

not trivial.
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To address the possibility of a relationship between augmented images without relying

heavily on sequential assumptions, we utilize the self-attention mechanism through

the implementation of the transformer [36] model as our selector. The transformer

architecture eliminates all recurrent structures, requiring feature vectors to be com-

bined with their positional embeddings using sinusoidal functions prior to being input

into the encoder layer of the transformer. The primary component of the transformer

encoder is the multi-head attention block, comprised of n self-attention layers, where n

denotes the number of heads. In each self-attention layer, input features are projected

to three separate feature spaces - query Q, key K, and value V - by multiplying learn-

able weight matrices. The resulting attention map is obtained through the following

process:

Attention(Q,K,V ) = so f tmax(
QKT
√

dk
)V (8.1)

Each head of the multi-head attention block represents a distinct projected feature

space for the input, achieved by multiplying the same input embedding with different

weight matrices. These separate outputs are then concatenated to form the final

attention map, which is expressed as:

MultiHead(Q,K,V ) =Concat(head1, ...,headh)W O (8.2)

headi = Attention(QW Q
i ,KW K

i ,VWV
i ) (8.3)

Where, W Q ∈Rdinput ×dk ,W K ∈Rdinput ×dk ,WV ∈Rdinput ×dv ,W O ∈Rhdv×dinput and h rep-

resents the number of heads.

Once we obtain the attention map, the context vector is then fed to the feed-forward

layer as follows:

F(x) = max(((0,xW1 +b1)W2 +b2)W3 +b3...)Wn +bn (8.4)



8.2. Methodology 128

Given that the objective of the selector is to produce a binary action for every input

feature vector, the decoder for the transformer model is a linear layer that functions

as the policy network. Overall, the use of the transformer as the selector within our

image selection framework, based on reinforcement learning, is beneficial due to its

self-attention mechanism that effectively captures the interdependencies among the

input feature vectors. We conducted a thorough ablation study regarding the selection

of the selector and this can be seen in Section 4.2.

To optimize the selector, we turn to reinforcement learning as this is a common

solution [200, 61]. In particular, we use proximal policy optimization [148]. Details

are explained in the next section.

8.2.3 Proximal Policy Optimization

As previously stated, we turn to reinforcement learning approach to update the se-

lector model. A proficient policy gradient method is fundamental to effectively util-

ize reward feedback as input to the selector in the reinforcement learning process.

Among various policy gradient algorithms, Proximal Policy Optimization (PPO) [148]

has gained popularity due to its computational efficiency and satisfactory perform-

ance, surpassing previous approaches like TRPO [147]. Additionally, PPO alleviates

the instability encountered during RL training. PPO achieves comparable perform-

ance with reduced complexity by replacing the KL convergence constraint enforced in

TRPO with a clipped probability ratio between the current and previous policy within

a small interval around 1. At each time step t, with Aθ representing the advantage

function, the objective function is defined as follows:

L(θ) = E[min(γθ (t)Aθ (st ,at),clip(γθ (t),1− ε,1+ ε)Aθ (st ,at))] (8.5)

Here, Aθ (st ,at) = Qθ (st ,at)−Vθ (st ,at). As a component of the transformer output,

the learned state-value Vθ (st ,at) serves as a baseline for the q-value to mitigate the

variance of rewards during the training process. The probability of actions is denoted

by π . The q-value at time t, Qθ (st ,at), is defined as a smoothed version of the

maximum validation accuracy observed among the last five epochs in the classific-

ation task. γθ (t) is the probability ratio between the previous and current policies. As

our target tasks are trained on the seen class data and needs to generalize to the
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unseen class data, it is crucial to obtain a robust estimation of the reward’s changing

pattern. To achieve this, we employ the Exponential Moving Average (EMA) algorithm

to smooth the original reward curve. Thus, the final reward at time t is obtained as

follows:

Q̂θ (st ,at) =


Qθ (st ,at) , t = 1

αQ̂θ (st−1,at−1)+

(1−α)Qθ (st ,at) , t > 1

. (8.6)

Drawing inspiration from the concept of importance sampling, the weight assigned to

the current policy is influenced by earlier policies. The probability ratio between the

previous and current policies, denoted by γθ (t), is mathematically defined as:

γθ (t) =
πθ (at | st)

πθ (at−1 | st−1)
(8.7)

Here, at ∈ RN×2 refers to the number of synthetic samples in the candidate pool. If

at any given timestep t, ai(t) = 0 then i is discarded. Else, it is added to the original

training set.

8.3 Experimental Analysis

8.3.1 Implementation Details

Since we propose a plug-and-play component to feature-generating networks, the

backbone and technical details follow the exact same implementation that the feature-

generating model uses. Here, we talk about the technical details of running SPOT.

The candidate features generated by the feature-generating framework are passed

into the selector network which is a 8-layer encoder having a 8-head multi-head

attention block. The output is a vector Aθ which is the action vector and a value vector

Vθ that is used together to calculate the reward for the policy gradient algorithm.
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Figure 8.3: Ablation comparison of different combinations of RL algorithms with
selector choices (GRU or Transformer). ‘G’ = GRU, ‘Tr’ = Transformer, ‘R’ = REIN-
FORCE, ‘T’ = TRPO and ‘P’ = PPO.

The classifier network depends on the feature-generating network being used since

our proposed method is model agnostic. Similar to [61, 197] we use the EMA-

smoothed validation accuracy obtained from the last 5 epochs as the reward with

α=0.5 when using the classifier on the validation set. As long as this average is

increasing, we continue updating our policy. The policy function π is obtained from

the softmax layer of the seen-class classifier model.

ε in Eq. 4 is set to 0.15 (see Ablations for empirical comparison), this helps to set an

upper and lower bound at the current time step t and previous one t −1 for the ratio

of the policy function. The number of selected synthetic features are dependent on

the selector and varies according to model and dataset. However, we set the learning

rate to be fixed for the PPO at 2e - 04.

8.3.2 Ablation Study

We have made a few choices with regards to the hyperparameter selection and choice

of RL optimization algorithms and in this section, we show empirical reasons why

the choices were made. Figure 8.3 shows the performance differences when using

different RL optimization algorithms to modify the selector. Similar to [197], we also

consider alternative choices such as GRU and LSTMs for the selector. In terms of RL

algorithms, we compare to REINFORCE [179] and TRPO [147].
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Model CUB AWA SUN FLO

WGAN 57.3 68.2 60.8 67.2
WGAN + SPOT 60.7 71.1 63.3 69.9
Cycle-WGAN 57.8 65.6 59.7 68.6
Cycle-WGAN + SPOT 61.1 69.7 62.5 70.9
f-VAEGAN 61.0 71.1 64.7 67.7
f-VAEGAN + SPOT 62.8 72.7 66.0 69.2
CMC-GAN 61.4 71.4 63.7 69.8
CMC-GAN + SPOT 62.9 73.1 65.1 71.9

Table 8.1: Results on zero-shot image classification using recent feature-generating
frameworks.

8.3.3 Images

Model CUB AWA1 SUN FLO
S U H S U H S U H S U H

WGAN 43.7 57.7 49.7 57.9 61.4 59.6 42.6 36.6 39.4 59.0 73.8 65.6
WGAN+SPOT 44.1 60.9 51.1 58.6 64.9 61.6 42.8 39.1 40.9 59.3 75.9 66.6
Cycle-WGAN 46.0 60.3 52.2 56.4 63.5 59.7 48.3 33.1 39.2 59.1 71.1 64.5
Cycle-WGAN+SPOT 46.5 62.9 53.5 56.9 66.1 61.1 48.1 36.2 41.3 59.4 74.4 66.1
f-VAEGAN 48.4 60.1 53.6 57.6 70.6 63.5 45.1 38.0 41.3 56.8 74.9 64.6
f-VAEGAN+SPOT 48.8 62.8 54.9 57.9 73.3 64.7 45.5 41.1 43.2 57.0 77.2 65.6
CMC-GAN 52.6 65.1 58.2 63.2 70.6 66.7 48.2 40.8 44.2 64.5 80.2 71.5
CMC-GAN+SPOT 53.1 66.7 59.1 63.3 73.8 68.1 48.9 44.1 46.4 64.6 82.8 72.6
NereNET 51.0 56.5 53.6 - - - 45.7 38.1 41.6 - - -
NereNET+SPOT 51.3 58.4 54.6 - - - 45.9 40.4 43.0 - - -
FREE 55.7 59.9 57.7 62.9 69.4 66.0 47.4 37.2 41.7 67.4 84.5 75.0
FREE+SPOT 55.5 62.2 58.6 63.1 72.1 67.3 47.8 39.9 43.5 67.8 86.3 75.9
DAA 66.1 65.5 65.8 64.3 76.6 69.9 47.8 38.7 42.8 - - -
DAA+SPOT 66.3 67.7 67.0 64.6 77.9 70.6 48.1 40.3 43.8 - - -

Table 8.2: Results on generalized zero-shot image classification on 4 challenging
benchmarks.

Datasets and Evaluation Protocol

Our method is evaluated on four challenging benchmark datasets, namely AWA [94],

CUB (Caltech UCSD Birds 200) [171], SUN (SUN Attribute) [188], and FLO [128].

CUB and SUN are fine-grained datasets, while AWA and FLO are coarse-grained

datasets. We adopt the same seen/unseen splits and class embeddings to ensure

consistency with previous work as in [186]. AWA1 contains 30,475 instances across

50 categories. CUB comprises 11,788 images of 200 bird classes (150/50 for seen/unseen

classes) with 312 attributes. SUN contains 14,340 images from 717 scene classes
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(645/72 for seen/unseen classes) with 102 attributes. FLO consists of 8,189 images

from 102 flower classes with an 82/20 class split for seen and unseen classes, re-

spectively. These datasets are widely used in the literature, enabling a direct compar-

ison of our results with those of previous studies.

Zero-Shot Learning

We compare strictly with recent state-of-the-art feature-generating approaches and

as such compare to WGAN [185], Cycle-WGAN [45], f-VAEGAN [187], NereNet [108]

and CMC-GAN [195]. Table 8.1 shows the results. We see consistent gains with

increase of up to 4.1% when we add the proposed SPOT to any of the models.

Generalized Zero-Shot Learning

We perform a much more extensive comparison in the generalized setting as this

is where most feature generating frameworks perform experiments. We compare

against WGAN [185], Cycle-WGAN [45], f-VAEGAN [187], CMC-GAN [195], NereNet [108],

FREE [24] and DAA [217]. We see consistent improvements on the unseen class

accuracies as this is where selected features make a difference. We see gains of up

to 3.3% on the unseen class accuracies. As a result, there is consistent improvement

on the harmonic mean of the seen and unseen class accuracies as well.

8.3.4 Videos

Datasets and Evaluation Protocol

For videos, we use the widely adopted Olympic Sports [127], HMDB-51 [90], and

UCF-101 [157] datasets to evaluate our method for zero-shot action recognition and

compare it against recent state-of-the-art feature generating models [116, 185, 76].

The aforementioned datasets comprise 783, 6766, and 13320 videos and are asso-

ciated with 16, 51, and 101 classes, respectively. To enable comparison with existing

works [116, 185, 76, 122, 121], we adopt the widely used 50/50 splits proposed by

Xu et al. [191], where half of the classes are considered as seen and the other half as

unseen. We report the average accuracy and standard deviation over 10 independent

runs, following previous approaches.
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Method Olympics HMDB51 UCF101

Bi-Dir GAN [121] 53.2 ± 10.5 21.3 ± 3.2 24.7 ± 3.7
Bi-Dir GAN [121] + SPOT 56.6 ± 10.1 25.1 ± 3.4 27.7 ± 3.5
GGM [122] 57.9 ± 14.1 20.7 ± 3.1 24.5 ± 2.9
GGM [122] + SPOT 62.4 ± 12.4 25.1 ± 2.8 27.4 ± 2.5
OD [116] 65.9 ± 8.1 30.2 ± 2.7 38.3 ± 3.0
OD [116] + SPOT 68.7 ± 7.5 34.4 ± 2.2 40.9 ± 2.6
WGAN [185] 64.7 ± 7.5 29.1 ± 3.8 37.5 ± 3.1
WGAN [185] + SPOT 68.1 ± 7.1 33.8 ± 2.4 40.6 ± 2.4
FFG [76] - 32.4 ± 2.3 27.6 ± 2.4
FFG [76] + SPOT - 35.9 ± 2.5 30.9 ± 2.2

Table 8.3: Results on zero-shot action recognition on the Olympics, HMDB51 and
UCF101 datasets.

Moreover, we extend our evaluation to include TruZe [65], which was recently intro-

duced to address the issue of overlapping classes between the pre-training dataset

(Kinetics [20]) and the unseen classes in zero-shot settings. The TruZe split acknow-

ledges the presence of such overlapping classes, which contradicts the fundamental

assumption that the unseen classes have not been previously seen.

Zero-Shot Learning

Table 8.3 shows the effect of using our proposed SPOT selector to enhance the per-

formance of state-of-the-art feature-generating frameworks on the zero-shot setting.

We compare with the most recent best-performing methods, which include the Bi-Dir

GAN [121], GGM [122], OD [116], WGAN [185] and FFG [76] (fine-grained feature

generation framework).

We observe that the proposed method consistently outperforms all approaches across

all datasets by gains of up to 4.5%.

Generalized Zero-Shot Learning

We evaluate SPOT on the generalized setting where at test time both seen and

unseen class samples are used. Table 8.4 shows the results, with the harmonic mean

of the seen and unseen class accuracies. The proposed SPOT selector consistently

improves all approaches across all datasets by gains of up to 4.2%.
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Method Olympics HMDB51 UCF101

Bi-Dir GAN [121] 44.2 ± 11.2 7.5 ± 2.4 22.7 ± 2.5
Bi-Dir GAN [121] + SPOT 48.4 ± 10.3 10.9 ± 3.1 25.1 ± 3.8
GGM [122] 52.4 ± 12.2 20.1 ± 2.1 23.7 ± 1.2
GGM [122] + SPOT 55.3 ± 11.9 23.4 ± 2.3 27.1 ± 3.1
WGAN [185] 59.9 ± 5.3 32.7 ± 3.4 44.4 ± 3.0
WGAN [185] + SPOT 62.4 ± 5.5 34.4 ± 2.9 46.2 ± 2.6
OD[116] 66.2 ± 6.3 36.1 ± 2.2 49.4 ± 2.4
OD [116] + SPOT 69.1 ± 6.5 38.2 ± 2.5 51.8 ± 2.5
FFG [76] - 37.4 ± 1.9 40.4 ± 2.2
FFG [76] + SPOT - 39.8 ± 1.4 42.8 ± 1.7

Table 8.4: Results on generalized zero-shot setting. Reported results are the
harmonic mean of the seen and unseen class accuracies.

Method UCF101 HMDB51
ZSL GZSL ZSL GZSL

WGAN 22.5 36.3 21.1 31.8
WGAN + SPOT 25.3 39.1 23.8 33.3

OD 22.9 42.4 21.7 35.5
OD + SPOT 25.5 44.1 24.0 37.1

Table 8.5: Results on TruZe. We report the mean class accuracy for zero-shot;
for generalized zero-shot, we report the harmonic mean of seen and unseen class
accuracies.

8.3.5 Results on TruZe

We also evaluate on the stricter TruZe [65] split that ensures no overlap between

the pre-trained model and test classes. Results are shown in Table 8.5. We only

evaluate on OD and WGAN as these are the two feature-generating approaches that

have results reported on the TruZe split. Again, we see that using SPOT for selection

consistently improves the performance of the feature-generating framework.

8.4 Limitations

While SPOT demonstrates improved performance over prior generative models, it

has some limitations. First, it requires access to seen class data which may not al-

ways be available. Second, the selector model itself introduces additional complexity.

More recent works [206, 101] take a different approach by learning a parameterized

Mahalanobis distance in the VAEGAN framework, improving model structure to dis-

tinguish between seen and unseen samples. These avoid SPOT’s dependence on
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seen classes. However, SPOT’s core idea of selecting synthetic samples that directly

optimize the end goal remains relevant. Follow-up works [100, 8] adopt a similar

strategy but on text-based zero-shot learning. So while later methods improve over

SPOT, its insight on selection criteria is still influential.

8.5 Conclusion

In conclusion, although generative techniques have made significant progress in trans-

forming traditional GZSL to fully supervised learning, they often generate redundant

synthetic features, which can lead to reduced accuracy. To overcome this limitation,

we have proposed an approach for synthetic feature selection using reinforcement

learning, which involves training a transformer-based selector using proximal policy

optimization (PPO) to select synthetic features based on the validation classification

accuracy of seen classes as the reward. Our proposed method is model-agnostic and

data-agnostic and hence is suitable for images and videos. The experimental results

of our approach demonstrate its superiority over existing feature-generating methods,

with improved overall performance observed across multiple benchmarks. Overall,

our approach represents a significant contribution towards addressing the issue of

synthetic feature redundancy in GZSL, and we believe that it has the potential to be

widely applied in real-world scenarios.



Chapter 9

Learning to Augment Video Datasets

by Compositing Quality Videos for

Action Recognition

9.1 Introduction

Recent efforts in video focus on relieving the strong dependency of current methods

to the size of labeled datasets. Some of these efforts [160, 223] involve increasing

the number of data samples through data augmentation. This strategy aims to create

new videos in the training set by performing transformations on the original annotated

videos, where labels are known. This process adds diversity to the training data, while

new videos are still realistic and plausible. In the simplest version of data augmenta-

tion in video, new data samples are generated by flipping the input video horizontally,

or by cropping a subsection of the video. New methods [223, 204] propose more

sophisticated processes like combining two videos. VideoMix [204] randomly crops

regions of one video and pastes them onto another. ActorCut [223] goes one step

further and uses the bounding box detections of humans on one video to paste them

onto the background of another video. This increases the diversity of the new videos,

and despite the lack of visual realism of the resulting videos, this strategy helps.

However, as datasets become larger, such data augmentation strategies become

computationally expensive. The search space of possible video pairs and transform-

ations is enormous and difficult to explore. The solution is often to sample the space

randomly, or to manually design augmentation heuristics. Any exploration process is

particularly burdening in the context of video data, where the augmentation process

needs to be repeated in every frame, which may be orders of magnitude more ex-

pensive than for images.

136
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Figure 9.1: Standard video augmentation techniques generate data using hand-
designed heuristics (left). We propose to learn to select videos for augmentation,
based on how effective they will be for learning to classify (middle). Our approach,
Learn2Augment, improves classification across datasets and settings, including
UCF101 (right).

In this chapter, we address the problem of sampling for data augmentation, and

propose to learn to select pairs of videos. We show that this reduces the search space

of augmented data points by orders of magnitude and improves the final accuracy of

the classifier significantly. We leverage two observations. First, not all data points are

as useful for classification. This idea has been exploited in the context of frame or clip

selection [62, 89, 77]. Second, we can learn to predict which data points will be useful

without actually generating them. This is essential, as the space of transformations

is huge, and if we needed to create each candidate augmented video, the process

would be prohibitively expensive.

More concretely, we propose a data augmentation method which we call Learn2Augment.

The proposed method contains a “Selector” network, which predicts a score of how

useful a combination of two videos will be, without having to actually composite them.

The Selector is trained using the accuracy of the classification as the cue. Since this

metric depends on the classifier, it is not differentiable with respect to the Selector’s

parameters. Therefore we optimize the network using reinforcement learning. Once

the Selector network is trained, we use it to choose good pairs of videos, composite

them, and train a classification network. In our experiments, for example in the case

of the UCF101 dataset, using the Selector reduces the number of augmented videos

by 92% while increasing the classification accuracy.

In the proposed method, each augmented video is created from a pair of videos using

a composition of the segmented foreground of one video, including actor and objects,

onto the background of the other video. This process yields diverse and realistic

new data samples, which we demonstrate is important for learning. More concretely,

results show an improvement of 4.4% over using a simpler transformation.
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The Selector is indeed useful to reduce the number of videos for training the classifier.

However, we also need to reduce the space of possible pairs for training the Selector

network itself. For example, the number of possible pairs of videos in video datasets

can be in the order of millions for small datasets or billions for large datasets. For this,

we leverage the natural correlation between the occurrence of foreground activities

and background scenes [25]. This is, it is more likely to find someone playing football

in a football field than at a restaurant. Instead of sampling at random the pairs of

videos to train the Selector on, we sample pairs from classes that are semantically

similar. In particular, we use the class names to obtain a semantic embedding, and

match each class to their nearest neighbor in this space. Experiments show that this

extremely simple design choice of Semantic Matching reduces the space of possible

pairs of videos by several orders of magnitude (from quadratic to linear on the number

of videos). This yields better results than choosing pairs at random, which may result

in non-plausible scenarios, or choosing pairs from the same class, which may not add

as much diversity.

In summary, the proposed Learn2Augment contains three core components: a Se-

lector that learns to choose good videos to augment, a semantic matching method

that improves optimization, and a video compositing that composites video pairs

for augmentation. Experimental results show that all components contribute to the

performance of the system in different ways, and the overall method obtains state-of-

the-art in all datasets, and in all settings that involve limited training data. In addition,

in the setting which considers the full training set, the proposed data augmentation

technique improves upon the baseline on all datasets, including UCF101, HMDB51,

and the large-scale Kinetics-400.

9.2 Method

In this section we describe in detail the architecture of the proposed Learn2Augment.

In a nutshell, the goal is to learn to augment novel data points which are realistic

and diverse, such that we can train a better classifier with them. For this, we train

a Selector network, which predicts a score of how useful a given pair of videos

is for augmentation. We pick pairs that have a high score to be augmented. The

transformation we use for augmentation is Video Compositing. Training the Selector
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using the entire dataset is infeasible, and sampling pairs of videos at random will yield

unlikely pairs. Thus we sample pairs of videos using Semantic Matching. Figure 9.2

shows an overview of the proposed method and in Sec. 9.3 we describe how we train

our approach.

Figure 9.2: Overview of the proposed Learn2Augment. Given a pair of videos and
their labels, a Selector network gives a score ω of the quality of the potential
composited video. At training time, the Selector is trained with the validation loss of
the classification network. Once the Selector is trained, pairs of videos are sampled,
and only the promising combinations with high score ω are composited and used for
training the classifier.

9.2.1 Selector

Given two input videos V 1 and V 2, the goal of the Selector is to predict a weight ω ,

rating the quality of the potential composited video. Note that the input to the Selector

is two putative videos instead of the composited one. This means that at test time, we

can predict how useful the composited video will be without having to actually create

it.

The architecture of the Selector includes a standard video classification network to

extract video features, which is ResNet3D-18 [74] followed by a simple multi-layer

perceptron (MLP) with 3 hidden layers of sizes 2048, 1024 and 512. Two videos are

input to the Selector at a time, and their features and labels are concatenated and

input to the MLP.

Since there is no ground truth of how “good” a video sample is for learning, we train

the Selector using the change in validation loss of the classifier. This is, we argue that

a “good” training sample is one which, if used for training, improves the validation loss

of the classification network. In other words, if we take one optimization step training

the classifier, after updating the weights, the validation loss will go down. Section 9.3.1

describes the training process in detail.
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Figure 9.3: Pipeline for compositing a single frame. The foreground is from the class
“soccer juggling” and the background from the class “soccer penalty”, which are
semantic class neighbors. We can see objects such as ‘person’ and ‘ball’ are detected
as objects of interest.

At test time, we use the Selector by sampling pairs of videos, choosing those pairs

with high score ω , and input to the Video Compositingmodule, which we describe

in Sec. 9.2.3. The resulting video is finally used to augment the training set for the

classification network.

9.2.2 Semantic Matching (SM)

The number of pairs in the full dataset can be very large, as it grows with the square of

the number of videos. For Kinetics [20], for example, we would encounter 360 billion

pairs. Training the classifier using these is clearly infeasible, and thus we use the Se-

lector. But training the Selector itself with all these samples is infeasible too. Sampling

uniformly is a reasonable solution, but many video pairs may not be useful for learning.

We leverage the observation that all combinations of actions and backgrounds are not

equally likely [25]. This natural correlation between actions and backgrounds helps to

prune unlikely class combinations.

For this, we make the assumption that classes that are semantically similar are more

likely to contain a foreground and a background that are plausible in the real world,

and therefore more realistic for our data augmentation purposes. Thus, we use the

class names to extract a language embedding using sen2vec [130], and use these

embeddings to match each class to its nearest neighbor. We sample videos V 1 and

V 2 from class c1 and its closest neighbor c2 respectively. This simple decision reduces

the number of pairs to grow linearly with the size of the dataset, and furthermore
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Figure 9.4: Sample frames of rendered videos. While the segmentation contains
errors, such as missing limbs or portions of the object, the action category remains
clear.

increases the accuracy significantly with respect to sampling video pairs at random.

More details on the numerical impact can be found in Sec. 9.3.5. Semantic class

pairs and additional experiments using intra-class augmentation can be found in the

supplementary material.

9.2.3 Video Compositing(VC)

The goal of the augmentation process is to composite two videos, to produce realistic,

plausible and diverse new videos, that will improve the classification. Figure 9.3 shows

the overall pipeline for compositing a single frame.

Given two videos which will be used for foreground V f and background V b, we use a

standard object segmentation network (MaskRCNN [73]) to segment out people and

objects in every frame of both videos. Objects categories in action datasets are not

completely contained in the image dataset COCO [105], which is used for training

MaskRCNN. However, we observe that object detections with high confidence tend to

correspond to actual objects, even if the category is not correct (boxing bag is often

classified as fire hydrant), and therefore are useful to our purpose. We could also

have selected only the humans in the video, as action categories tend to be focused

on humans. However, we find that the presence of specific objects is highly correlated

with action categories (musical instruments in the classes “playing guitar" or “playing

violin"). Therefore removing the original objects from the background and adding the

ones from the foreground is essential for recognition. See numerical results of the

impact of these decisions in the ablation study of Sec. 9.3.5.

We remove the segmented objects from the background video and fill in the holes

using image inpainting [107], to obtain a clean background video V ′
b. Finally, we com-

bine the foreground objects and the background at each frame by simple composition,

as in:

Ṽ
t
=V t

f ⊙Mt
f +V ′t

b ⊙ (1−Mt
f ), (9.1)
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where Ṽ
t

is the resulting composited frame at time t, V t
f and V ′t

b are frames of the

foreground and background videos respectively, Mt
f is the binary mask with the union

of all detected objects, and ⊙ is the element-wise multiplication. Figure 9.4 shows

sample frames of the resulting videos.

9.3 Optimization of Learn2Augment

The optimization of the proposed Learn2Augment method has two stages. In the first

stage, we train the Selector network using RL, as described in Sec. 9.3.1. Once the

Selector network is trained, in the second stage, we perform data augmentation to

train the classifier. That is, we sample pairs of videos, pass them through the trained

Selector, choose the pairs with high score, create new videos with these pairs through

Video Compositing, and add them to the training set. We now describe the details of

these two training stages.

9.3.1 Training the Selector

As mentioned before, there is no ground truth to tell us how good an augmented data

sample is. Instead, we use the validation loss of the classification network to train the

Selector network. This function is not differentiable with respect to the parameters of

the Selector. A common solution to dealing with this is to use RL [200].

Specifically, the state st at time t is the batch of video pairs sampled using SM. The

action at is the subset of these video pairs selected for compositing and is represented

as a vector of values between 0 and 1. The environment is the classification network

and the validation process. This environment is used to compute a reward R(θ) for

choosing a particular action, where θ are the parameters of the Selector.

We calculate the reward in a single step, as the difference between the loss in the

current batch and the moving average of losses in the previous S steps (where S = 5)

denoted as δ , as in Eq. 9.2:

R(φ) =

(
1

|Dval|

|Dval|

∑
i=1

Lcls( fφ (V i),yi)

)
−δ (9.2)
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where Lcls is the classification cross-entropy loss, fφ is the classifier network of

parameters φ , V i and yi are an input video and its label respectively, Dval is the

validation set and |Dval| is the number of samples in Dval. The objective function that

we want to maximize is the expected value of the reward:

J(θ) = E(R(φ)). (9.3)

To find the optimal policy, we would typically differentiate the objective function with

respect to the parameters θ . However, the reward function is dependent on the val-

idation loss, calculated with the classifier network, which does not involve θ . Instead,

using REINFORCE [179], we approximate the objective function as:

∇θ J(θ)≈ 1
M

M

∑
i=1

Rτ i(φ)

(
T−1

∑
t=0

∇θ logπθ (at
i|st

i)

)
, (9.4)

where, τ i is the ith state-action trajectory under the policy πθ , M is the number of

sample trajectories and T is the number of actions performed in a trajectory. Note

that as we have single-step episodes, we can make several simplifications as M = 1,

as T = 1, and as there is only one trajectory τ i, and thus Rτ i(φ) is just R(φ). With

these simplifications and substituting Eq. 9.3 in Eq. 9.4, we obtain:

∇θ J(θ)≈ R(φ)∇θ logπθ (DM|DB), (9.5)

where DM corresponds to the subset of pairs of samples to composite and DB to all

the pairs of samples in the batch. The Selector is updated by α∇θ J(θ) where α is

the learning rate and δ is updated with the last calculated loss as seen in Eq 9.6.

δt =
S−1

S
δt−1 +

1
|Dval|

|Dval|

∑
i=1

(Lcls( fθ (V i),yi)) . (9.6)

Note that this training process does involve generating the composited videos for

pairs in DM, to input to the classifier and compute the loss. However, crucially, during

training this is a small portion (one order of magnitude smaller) of how many videos

would need to be generated if we were to composite all pairs of videos.
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Once the Selector is trained, we use it for actually filtering good pairs. At that point,

given two videos and their labels, the Selector network predicts a policy π of how

likely it is to select the pair. The score ω is the value of π for each pair. We use a

threshold on that score to select the pairs of videos to augment. In our experiments,

we first determine a budget on the number of videos that we want to augment, and

then pick the threshold to select the top-ranked video pairs. We use these selected

pairs of videos as input to Video Compositing, add them to the training set, and use

them to train the classifier.

9.3.2 Training the Classifier

Similar to previous work which combines multiple samples for augmentation [203,

223], composited/mixed samples should include mixed labels. We adopt the strategy

of Cutmix [203], where the foreground label y f and the background label yb are

combined using a ratio λ , as:

ỹ = λy f +(1−λ )yb, (9.7)

to obtain the mixed label ỹ. A simple way to choose λ is to use the ratio of the

foreground mask with respect to the overall video. Given the foreground video V f

of dimensions T ×H ×W , and mask at each frame M f , the foreground ratio would be

γ = ∑M f /(T HW ). Instead of choosing λ to be directly proportional to the foreground

ratio γ , we give slightly more weight to the foreground [223], as in Eq. 9.8, where

α = 4.

λ =−(γ −1)α +1,γ ∈ [0,1] (9.8)

We add composited videos Ṽ , and their mixed labels ỹ to the training set, and train

the classifier network using a standard cross-entropy loss, with stochastic gradient

descent.

The choice of classifier is not tied to our method. In our experiments, we choose the

widely used 3D ResNet-18 architecture, which allows us to compare directly to other

approaches.
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9.3.3 Experimental Details

Datasets. In order to provide comparison to prior work (e.g. [223, 154]), we use

standard datasets for evaluation in action recognition, including HMDB51 [90], UCF101 [157],

Kinetics-400 [20], and Kinetics-100, which includes the 100 classes with the largest

amount of samples in Kinetics, as it is used in prior work [84] and helps us compare

directly. For experiments on the effect of pre-training the Selector, we use Kinetics-

400. For the semi-supervised setting, we split the datasets following the protocol of

VideoSSL [84] and ActorCut [223]. For few-shot we use the standard split [209] and

the Truze split [65] which ensures no overlap of novel classes with Kinetics-400.

Problem Settings. We test the proposed method in three different settings. In the

semi-supervised setting, a portion of the training set is artificially held out, and the rest

of the training data is assumed to be available, but unlabeled. Tests are performed on

different percentages of held out data. In the few-shot setting, some classes (novel

classes) are assumed to have a very small number of training samples (one to five

instances), while other classes have the full number of samples (seen classes). We

effectively change the n-shot learning problem to a n+ k-shot problem where k is the

number of augmented samples. Finally, in the standard full set setting, all training

data is available.

Training Settings. We use mini-batch stochastic gradient descent, with momentum

of 0.9 and weight decay 0.001. For each video, we use an 8-frame clip, where the

frames are uniformly sampled. We use batch size of 8. For UCF101 and Kinetics100

in the SSL setting, we train the model for 400 epochs and for HMDB51, we train

for 500 epochs. The initial learning rate is set to 0.1 and then decayed using cosine

annealing policy. For the SSL setting, we use the data split proposed in VideoSSL [84].

For the few-shot setting, we use the default hyperparameters of TRX [133], ARN [209]

and C3D-PN [155], respectively. In the fully supervised setting, we train R(2+1)D for

100 epochs on UCF101, HMDB51 and 50 epochs on Kinetics-400.
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9.3.4 Architectural Changes for Different Settings

We briefly explain the structural adaptations of our approach for each of the settings.

Semi-supervised Learning. Similar to VideoSSL [84], we first train the classifier on

the available labeled data using the categorical cross-entropy loss. Once this network

is trained, we do a forward pass of the unlabeled examples and assign pseudo-labels

to those samples with high confidence. We use these pseudo-labels as additional data

for augmentation. We also add a knowledge distillation loss inspired by VideoSSL

[84].

Few-shot Learning. We only augment the novel classes using Learn2Augment. We

also do not perform label mixing and simply use the foreground label for the augmen-

ted sample. This incorporates our composited samples seamlessly into the meta-

learning framework typically followed. We show results on the standard split, as on

the recently proposed TruZe [65]. TruZe ensures that the novel classes do not overlap

with Kinetics-400.

Fully-supervised Learning. This is the simplest setting, where the Selector is trained

on the full training set, and used for data augmentation to train the classifier. We

explore two scenarios: training the classifier from scratch and using a model pre-

trained on Sports1M [86].

9.3.5 Ablation Study

Table 9.1 shows the ablation study of Learn2Augment, which illustrates the impact of

each of the proposed elements in the design. The experiment is done on the UCF101

dataset, using 20% of the data i.e. in a semi-supervised setting. All three contributions

(Selector, Semantic Matching and Video Compositing) improve accuracy. Crucially,

Semantic Matching and the Selector also reduce greatly the number of possible video

combinations, and the overall reduction is around three orders of magnitude. We see

that Learn2Augment obtains a 13.4% improvement over the baseline. While there are

improvements of up to 7.4% for each component, the combination of all three gives

the best results.
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Pairs Video Semantic Accuracy #Videos
Selector Compositing Matching in % (S)

✓ ✓ ✓ 58.9 12K
× ✓ ✓ 55.8 99K
✓ × ✓ 54.5 12K
✓ ✓ × 55.2 (1.2M)
✓ × × 52.9 (1.2M)
× ✓ × 48.6 (10.4M)
× × ✓ 50.8 99K
× × × 45.5 (10.4M)

Table 9.1: Ablation study to explore the impact of each proposed component. All
settings use the same number of samples for training, so that they can be compared
fairly. The # Videos (S) corresponds to the search space in each scenario. As we
can see, we obtain the best accuracy using just 12K instead of the standard scenario
which would have had 10.4M i.e. a reduction of over 1000x.

Method Accuracy
L2A 58.9
L2A w/o Inpaint 57.6
L2A w/o Segmentation 56.8
L2A w/o Objects 55.7
L2A w/o All 54.5

Table 9.2: Ablation study of compositing components. The version “w/o Inpaint" refers
to pasting the foreground without first filling in the holes of removed objects in the
background. The version “w/o Segmentation" refers to using bounding boxes instead
of object segmentations. “w/o Objects" refers to copying and pasting only the humans
in the scene, leaving the objects.

The Video Compositing module also has multiple components. In Table 9.2, we ablate

these components and observe that removing objects is actually essential, and has

the most significant impact, followed by using segmentation instead of a bounding

box, and finally inpainting.

Although the compositing process is more computationally expensive than previous

simpler mixing strategies, it is important to note that 1) the overall accuracy indeed

improves, 2) the actual composition for training the classifier is done on a small subset

of pairs of videos and 3) the Selector can be trained on a large dataset (e.g.: Kinetics)

just once and can be reused for the smaller datasets without the need of fine-tuning

(see Table 9.3).



9.3. Optimization of Learn2Augment 148

Kinetics 100 UCF101 HMDB51
Method Conference 50% 20% 10% 5% 50% 20% 10% 5% 60% 50% 40%
CutMix [203] ICCV19 53.7 46.1 43.2 39.9 46.1 36.5 34.6 25.8 33.9 30.8 27.8
MixUp [207] ICLR18 53.4 45.5 43.0 39.6 45.8 36.1 34.2 25.5 33.7 31.0 27.5
CutOut [33] Arxiv17 52.8 45.1 42.3 38.8 45.2 35.6 33.9 24.6 33.0 30.5 27.1
ST-VideoMix [204] Arxiv21 55.3 46.6 43.9 40.4 46.4 36.4 35.2 25.9 34.8 31.3 28.7
PseudoLabel [97] ICMLW13 59.0 48.0 38.9 27.9 47.5 37.0 24.7 17.6 33.5 32.4 27.3
MeanTeacher [165] Neurips17 59.3 47.1 36.4 27.8 45.8 36.3 25.6 17.5 32.2 30.4 27.2
S4L [205] ICCV19 54.6 51.1 43.3 33.0 47.9 37.7 29.1 22.7 35.6 31.0 29.8
VideoSSL [84] WACV21 65.0 57.7 52.6 47.6 54.3 48.7 42.0 32.4 37.0 36.2 32.7
ActorCut [223] Arxiv21 68.7 61.2 56.8 52.7 59.9 51.7 40.2 27.0 38.9 38.2 32.9
ActorCut+ID [223] Arxiv21 72.2 68.7 63.9 59.1 64.7 57.4 53.0 45.1 40.8 39.5 35.7
TCL [154] ICCV21 70.4 64.7 61.1 58.2 62.1 55.4 52.1 42.8 41.2 40.4 34.8
L2A 75.9 72.1 67.5 63.7 72.1 60.3 56.1 48.0 44.5 43.2 37.9
L2A+Pre-training - - - - 73.3 64.8 60.1 50.9 47.1 46.3 42.1

Table 9.3: Results on the semi-supervised setting. Results for TCL and ActorCut are
obtained by us running the author’s code. All methods are run with a 3D ResNet-18
backbone for fair comparison. L2A+Pre-training refers to pre-training the selector and
fixing it.

9.3.6 Augmenting in the Semi-supervised Setting

In this setting we artificially hold out a portion of the training set, with the goal of

observing the behavior of different methods as the size of the training set changes.

In this setting, we use the remaining part of the dataset by producing pseudo-labels,

similar to VideoSSL [84]. Table 9.3 shows results in this semi-supervised setting.

The L2A version of the method uses a Selector and a classifier trained only on the

target dataset (in this case UCF101, HMDB51 or Kinetics-100). We observe that

Learn2Augment improves on all settings over all previous methods.

The “L2A+Pre-training” row refers to Learn2Augment where the Selector has been

pre-trained on Kinetics-400, without fine-tuning on the target dataset. We make two

observations: First that pre-training on a large dataset helps, as the results from the

pre-trained model are higher for all datasets and settings. Second that the Selector

trained on Kinetics generalizes quite well to the smaller datasets without the need for

fine-tuning. We do not test on Kinetics-100 with the pre-trained model, as this would

mix training and testing sets.
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UCF101 HMDB51
Method Split 1 2 3 4 5 1 2 3 4 5
C3D-PN [155] S 57.1 66.4 71.7 75.5 78.2 38.1 47.5 50.3 55.6 57.4
C3D-PN + L2A S 60.8 68.9 73.3 76.6 79.1 39.8 48.9 51.5 57.3 58.2
ARN [209] S 66.3 73.1 77.9 80.4 83.1 45.5 50.1 54.2 58.7 60.6
ARN + L2A S 67.7 74.2 79.6 81.1 84.4 47.3 51.7 55.5 60.1 61.8
TRX [133] S 77.5 88.8 92.8 94.7 96.1 50.5 62.7 66.9 73.5 75.6
TRX + L2A S 79.2 89.2 93.2 95.0 96.3 51.9 63.8 68.2 74.4 77.0
C3D-PN [155] T 50.9 61.9 67.5 72.9 75.4 28.8 38.5 43.4 46.7 49.1
C3D-PN + L2A T 52.5 63.8 70.1 75.2 78.2 29.9 40.1 44.5 47.7 50.8
ARN [209] T 61.2 70.7 75.2 78.8 80.2 31.9 42.3 46.5 49.8 53.2
ARN + L2A T 63.9 73.1 77.4 80.4 81.3 33.6 43.7 48.0 51.1 53.8
TRX [133] T 75.2 88.1 91.5 93.1 93.5 33.5 46.7 49.8 57.9 61.5
TRX + L2A T 76.8 88.9 92.7 93.8 94.1 35.0 48.1 51.1 59.2 62.1

Table 9.4: Results on UCF101 for the Few-Shot Learning setting, with different splits.
Accuracies are reported for 5-way, 1, 2, 3, 4, 5-shot classification. S corresponds to
the split used in [209, 133] and T is the TruZe split [65], which avoids overlapping
classes with Kinetics.

9.3.7 Augmenting in the Few-shot Setting

We also explore the impact of the proposed method on the more extreme few-shot

setting, where there are only a few examples per class. This is interesting because

few-shot methods are already designed to address data scarcity.

We compare with the current state of the art in this setting, including CD3-PN [155],

ARN [209] and TRX [133], on the UCF101 and HMDB51 datasets. We observe that

the proposed Learn2Augment method improves upon all existing approaches, sug-

gesting data augmentation is complementary to few-shot methods. Table 9.4 shows

the results of the experiments.

9.3.8 Augmenting the Full Training Set

We finally explore the effect of augmenting the full dataset, both for smaller datasets,

and the large-scale Kinetics. Results can be found on Table 9.5. Again, Learn2Augment

improves the performance on all datasets even for a pre-trained model.
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Augmentation Dataset Pretrained Top-1
Standard UCF101 No Pretraining 55.7
ActorCut [223] UCF101 No Pretraining 68.3
L2A UCF101 No Pretraining 73.1
Standard HMDB51 No Pretraining 40.8
ActorCut [223] HMDB51 No Pretraining 44.5
L2A HMDB51 No Pretraining 46.4
Standard UCF101 Sports1M 93.6
L2A UCF101 Sports1M 95.3
Standard HMDB51 Sports1M 66.6
L2A HMDB51 Sports1M 68.4
Standard Kinetics Sports1M 75.4
L2A Kinetics Sports1M 76.3

Table 9.5: Augmenting standard datasets improves classification even with a model
pre-trained on the largest existing dataset (Sports1M).

9.4 Why Not Intra-class Augmentation?

One other possibility we explored is intra-class augmentation instead of using se-

mantic classes. However, when we followed the same procedure on 20% labeled

data of UCF101 we obtain an accuracy of 41.4% in comparison to 58.9% when using

semantically similar classes. Similarly, in Kinetics100 we obtain an accuracy of 50.1%

and 54.4% using 5% and 10% labeled data respectively. That is 9.4% and 8.9% lower

than the results using semantic neighbors. We believe there to be two main concerns

in intra-class augmentation. The first is that Cutmix [203] has been shown to be an

excellent regularization technique. This is aided by having samples that have soft

labels (since they are a ratio of samples from different classes). However, using intra-

class augmentation would force the labels to be the same as the ground truth class.

The second reason is that samples of a particular class are clips that were part of the

same video. This is the case in both HMDB51 and UCF101 and not so in Kinetics100.

If we cut the background from one sample and paste the foreground onto this, it

results in an identical sample to the original foreground sample. This is because the

background is the same in both cases. All we end up doing then is training the model

on multiple instances of the same data which leads to overfitting and hence a poor

accuracy at test time. However, since the results are much worse for Kinetics100 as

well, we believe that this could be a smaller contributing factor.
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9.5 Distillation Loss for Semi-Supervised Learning

Given frame a from video v, to distill appearance information of objects of interest,

we use the softmax predictions of a ResNet [74] image classifier. This network is pre-

trained on Imagenet and not modified during training. Let the output of the ResNet be

denoted as h(a) ∈ RM where M = 1000 which is the number of classes in Imagenet.

We randomly select a frame from all videos (labeled, unlabeled and augmented) for

training. The classifier model in our architecture, produces an embedding q(v) ∈ RM

which is of the same dimensions and space of h(a). We train q(v) to match the output

of h(a) by using a soft cross-entropy loss that treats the ResNet outputs as soft labels.

This loss Ld can be seen in Eq. 9.9. Our final loss function is a combination of Ld

and Ls (categorical cross-entropy loss for video samples). This is done following the

work in VideoSSL [84].

Ld =− ∑
vε(X∪Z),aεv

h(a) log(q(v)) (9.9)

9.6 Analysis of Number of Augmented Samples

We see a common pattern when adding augmented samples to the different SSL

settings. This basically refers to increasing the number of augmented samples in the

training set. We see that the accuracy increases initially, reaches a peak performance

and then starts dropping slowly as can be seen in Figure 9.5. This makes sense as

we don’t expect every mixed example to be helpful for training. In fact, this helps us to

define ωi for the selector. We can see Figure 9.5 for the results from 0 augmentations

to 5000 for 10% and 20% labeled data on UCF101. The sweet spot for the 10%

labeled data is around 1200 augmentations and for the 20% labeled data is around

2000 augmentations. Both of which are obtained using ωi = 0.6. We decide the value

of ωi based on these and results and use the same for HMDB51 and Kinetics100 for

all settings. If we increase the value of ωi we obtain fewer samples and decreasing

the value of ωi results in more number of samples for training. The value of ωi thus

determines the number of augmented samples and also their quality.
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Figure 9.5: Comparison of performance with increasing number of augmented
samples. Results are for 10% and 20% of labeled data UCF101. We see that the
performance increases initially, reaches a peak and slowly starts dropping.

9.7 Other Selector Choices

The design of the selector is a crucial aspect of our model. We want the selector

to be able to learn what makes a good pair of videos for mixing without actually

having to mix every single pair. However, for lower percentages of labeled data, we

can generate all possible samples of semantic classes and convert a state-of-the

art frame selection model (SMART) [62] to do sample importance instead of frame

importance. We also consider a simple baseline of using a discriminator network to

pick only realistic samples. We report the results in Table 9.6. Another approach was

to randomly pick a certain amount of samples to train the classifier network.

We not only outperform all alternative approaches, we also do this by saving on both

memory and computation cost. For example, in the 20 percent setting, SMART sees

99K videos and these 99k videos have to be precomputed and stored before training

SMART. However, the proposed approach only needs 12K videos and outperforms

SMART by up to 1.4%. This analysis is only to show a comparison to possible al-

ternatives when storing data is feasible. The idea of trying these alternatives is only

feasible in low percentage labeled data of small datasets like UCF101 and HMDB51.

Even 50% labeled data in UCF101, results in having to mix over 400k videos while

large scale datasets like Kinetics400 would lead to millions of mixes being needed

making it practically unfeasible.
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50% 20% 10% 5%
Method Acc SS Acc SS Acc SS Acc SS
Random 61.9 430K 56.2 99K 51.8 44K 42.3 9.7K
Discriminator 62.8 430K 57.3 99K 52.2 44K 41.1 9.7K
SMART [62] 68.9 430K 58.9 99K 57.8 44K 46.5 9.7K
Proposed 72.1 39K 60.3 12K 56.1 5.2K 48.0 1.2K

Table 9.6: Comparison of approaches for the use of Selector. All results are reported
on UCF101. ’Acc’ corresponds to accuracy and ’SS’ corresponds to the number of
mixed videos that the Selector looks at. All results are on different percentage of
labeled data in UCF101.

9.8 Why Re-train the Classifier Network?

Here, we are talking about the classifier network in our proposed architecture that

the selector learns from (based on the validation loss). Training the Selector and the

Classifier together is also possible. But we decide against this for 2 reasons. First, and

the most important reason is that we want to save out on computational cost needed

to generate an augmented sample. We showed that the selector network looks only

at a fraction of samples before it understands what makes a good pair. Hence, we first

train the selector by generating augmented samples taken from random samples of

semantically similar classes. Once the selector is trained, we don’t need to generate

the mixed sample for all possible pairs and only generate the mixed samples for

good pairs (the selector need not have seen these pairs before). We then augment

the original dataset by samples that the selector believes will improve the classifiers

performance We compare the performance of the joint training and re-training of the

classifier network in Table 9.7. We see that re-training the classifier network always

yields the best performance.

Method 50% 20% 10% 5%
Jointly trained 66.5 57.4 53.1 44.7
Retrained 72.1 60.3 56.1 48.0

Table 9.7: Comparison of jointly training classifier and re-training it. We see that there
is a consistent large improvement in re-training the classifier.
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Figure 9.6: Visualizing selected examples. From top to bottom as (foreground,
background) pairs: (flic-flac, cartwheel), (smile, laugh), (playing violin, playing cello),
(front crawl, swimming backstroke). The first two are examples from HMDB51 and the
last two from UCF101.

9.9 Examples of Selected and Discarded Samples

To understand what made a good sample we visualize a few samples that were

selected by the selector model and a few samples that were discarded. These can

be seen in Figure 9.6. The samples are displayed as 4 frames for better visualization.

Based on the small subset of examples seen, we believe that for good pairs to be

selected some of the criteria could be coherent inpainting, similar camera movement,

not too drastic a background change.

We see some samples of discarded examples in Figure 9.7. Based on the small

subset of examples seen we think possible bad pairs are due to bad video compositing

(example 2 in Figure 9.7), varying camera movements (example 3 in Figure 9.7) or

a drastic change in background (example 1 in Figure 9.7). These are however based

on the few examples we see.
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Figure 9.7: Visualizing discarded examples. From top to bottom as (foreground,
background) pairs: (somersault, diving), (climbing stairs, falling floor), (baby crawling,
walking dog), (hammering, hammer throw).

9.10 Effect of Semantic Match in generalization ability

We test the generalization ability of the semantic matching by comparing it with

random matching which would correspond to row 4 of Table 1. We observe that the

performance does decrease. To strengthen this test, we tried the same experiment in

the FSL setting, which is an extreme case for generalization. We augment data for two

different methods, using the proposed L2A, using both semantic and random match-

ing of classes. We observe that even in this setting, which is the most susceptible to

overfitting, the semantic matching outperforms random matching. We will add this to

the final version.

Method Class Matching 1-shot 3-shot 5-shot
C3D-PN Random 28.1 42.9 47.7
C3D-PN Semantic 29.9 44.5 50.8
TRX Random 33.5 49.9 60.3
TRX Semantic 35.0 51.1 62.1

Table 9.8: Results on FSL using the proposed Semantic Matching vs random
matching using the TruZe [65] split.
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9.11 Limitations and Future Work

The main area of improvement is the time needed for training. Optimizing the Selector

with RL is time-consuming, and so is compositing the initial samples for training it.

Future work could address this by parameterizing the composition process and learn

these parameters instead of compositing the pairs directly. It could also learn to select

particular frames in a video, and avoid the computational cost of temporal redundancy.

Finally, another possible direction is to learn what samples to discard from the initial

dataset itself.

9.12 Conclusion

While standard data augmentation strategies in action recognition are hand-crafted,

we propose to learn which pairs of videos are good to composite. In order to do this,

our approach leverages three components. We train a Selector optimized with RL to

choose which pairs of videos are good to composite. We reduce the search space by

using samples from semantically similar classes. We perform a clean segmentation

for mixing samples and remove actors as well as objects from foreground and back-

ground samples. With this, we obtain state-of-the-art results in semi-supervised and

few-shot action recognition settings, and improve in the fully supervised setting. In

particular, we see gains of up to 8.6% and 3.7% in the semi-supervised and few-shot

settings. We also see an improvement of up to 17.4% when compared to standard

augmentation in the fully supervised setting when training from scratch.



Chapter 10

Conclusion and Future Work

In this thesis, we focused on efficient action recognition and address efficiency in both

data and memory. We showed two key principles that helped effectively contribute

towards these goals.

The first is that we only need a subset of the data to obtain best performance for a

model and contrary to popular belief more data can actually deter accuracy. Crucially,

this subset is learnable i.e. we can learn how to choose this subset. In context of

memory efficiency, we see that selecting the most important frames is a crucial step

in fully supervised action recognition of 2D and 3D models. This can reduce overall

cost of both training and inference of the model whilst boosting the accuracy at

the same time. In context of data efficiency, we show that we can learn to choose

synthetic samples of generated samples and such an approach is both data and

model-agnostic i.e. it improves feature generating approaches in both images and

videos. Further, we show that we can learn to select pairs of videos for compositing

as a form of data augmentation without actually compositing them saving significant

time and memory.

Second, we show that obtaining richer features by enriching feature learning through

either joint multimodal learning or sophisticated language descriptions is crucial for

zero-shot learning. Traditional works train visual encoders and semantic encoders

separately and use a common latent space in either visual or semantic space to train

the model. We show that learning this jointly can significantly boost performance. Also,

a lot of research is being done on the visual side of learning with less importance on

the semantic side. We propose a large scale textual dataset that we show can improve

multiple zero-shot learning models.
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Along with this, we have proposed a new split for true zero-shot action recogni-

tion, ensuring zero overlap between unseen test classes and training or pre-training

classes. This split is essential for evaluating the true performance of zero-shot action

recognition algorithms.

We have also proposed a unique training regime for factorized encoder variants of

video transformer architectures. First we pretrain a cheaper version of the model using

fewer frames. Then we fine tune with more frames, freezing the spatial encoder and

adding an adapter between the frozen spatial representations and temporal trans-

former. This includes pretraining the temporal transformer, often overlooked in current

models.

We believe that these contributions make significant advances in the field of action

recognition. They pave the way for more efficient, resource-friendly, and robust video

processing and understanding techniques.

10.1 Short-Term Improvements and Future Work

The works presented in the PhD make significant contributions towards more data-

efficient and computationally-efficient video action recognition, with demonstrated state-

of-the-art results on multiple benchmarks. However, there remain opportunities for

further enhancements and extensions of these methods in the short-term.

For the frame selection strategy SMART, while it achieves strong improvements in

efficiency, there is room to explore more advanced relation modeling between frames,

such as graph neural networks or transformer-based approaches. The current frame

scoring mechanism could also potentially be improved with attention over spatial

regions rather than entire frames.

The training optimizations for ViViT could be expanded to other video Transformer

models, assessing their impact on larger and more complex architectures. The adapter-

based fine-tuning may also benefit from exploring different adapter designs or integ-

ration strategies.



10.1. Short-Term Improvements and Future Work 159

For zero-shot learning methods like TruZe, CLASTER and Stories, while they push

towards more realistic evaluation, there is scope for further improving generalization

on unseen classes. Semi-supervised learning using unlabeled videos may help learn

more universal visual representations. Exploring different semantic spaces beyond

Word2Vec embeddings could also be beneficial.

The data augmentation approach Learn2Augment could be extended to generate

more complex transformations like mixing background scenes or manipulating fore-

ground objects. The integration between foreground and background could also be

improved with more advanced compositing techniques like matting.

The synthetic sample selection strategy Spot currently operates on pre-generated

features. An end-to-end approach jointly optimizing feature extraction and sample

selection may further enhance efficiency and performance. Expanding the method to

other data modalities like text could also be worthwhile.

Overall, there are significant opportunities to build on these works to further advance

efficient and generalizable video understanding. Focused investigation of neural ar-

chitectural improvements, enhanced objective functions, and multi-modal representa-

tions will likely yield additional gains.

10.2 Long Term Directions

Stepping back, the PhD research points towards some promising longer-term dir-

ections for video analysis. Continued efforts toward generalizable representations

that can effectively handle novel classes and domains seems inevitable. This entails

learning robust visual-semantic spaces, regularizing for redundancy, and leveraging

massive unlabeled video data. Tighter integration of visual, textual and audio under-

standing. Learning joint representations across modalities can enhance generaliza-

tion and mirror real-world semantic understanding.

Scaling up video transformer architectures as can be seen in recent works such as

ViVit [5] and Uniformer [99]. Designing efficient attention mechanisms and sparser

interactions to enable longer sequences, more frames, and higher resolutions. Video

generation for data augmentation. As generation models advance, synthesized video
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could provide unlimited data for training to handle long-tail novelty. Online adaptation

and lifelong learning for video models. Enabling systems to incrementally update

over time to handle changing distributions and new classes, rather than training from

scratch.

Video understanding for embodiment and robotics related tasks is another promising

direction. Moving beyond passive observation to agents that can learn grounded,

interactive representations through physical experience. Creating new video bench-

mark datasets with greater diversity. Current datasets have limited generality - creat-

ing varied benchmarks with long-tailed distributions can drive progress in generaliza-

tion. Video understanding with less supervision. Leveraging massive unlabeled video

along with self-supervision and multi-task learning to reduce annotation dependence.

In summary, advancing scalable, generalizable video understanding will remain a key

challenge in computer vision research. The PhD works provide promising steps in this

direction, while highlighting many open problems for continued investigation. Develop-

ing robust and adaptable video intelligence could enable transformative applications

across domains like healthcare, education, home automation, and transportation.

10.3 Ethical Impact

Data-efficient techniques like zero-shot learning, few-shot learning, semi-supervised

learning, and memory-efficient methods have significant ethical implications in the

context of action recognition in video, with implications for privacy, sustainability, and

broader ethical considerations in AI. Let’s discuss these aspects in detail:

• Privacy Concerns:

Zero-Shot Learning: Zero-shot learning enables models to recognize ac-

tions without the need for large labeled datasets. This can be beneficial for

privacy because it reduces the reliance on personally identifiable data. In ap-

plications like surveillance or video analysis, where privacy concerns are para-

mount, zero-shot learning can be used to extract information from video feeds

without storing sensitive data about individuals.
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Few-Shot Learning: Similar to zero-shot learning, few-shot learning also

reduces the dependence on extensive labeled data. It allows AI systems to

adapt quickly to new tasks with only a few examples. This adaptability can

be applied to privacy-preserving scenarios where recognizing specific actions

without collecting large amounts of personal data is crucial.

• Sustainability:

Efficiency Gains: Data-efficient techniques contribute to the sustainability

of AI systems by reducing the need for large-scale data collection. Collecting

and storing massive datasets can have a significant environmental impact due

to the energy required for data centers and the carbon footprint associated

with data storage. Data-efficient methods consume fewer resources, making AI

models more sustainable.

• Ethical Aspects:

Bias Mitigation: Data-efficient techniques can help mitigate biases present

in large labeled datasets. When action recognition models are trained with

limited data, there is less chance of reinforcing biases present in the data. This

can lead to more fair and equitable AI systems.

Transparency: Using memory-efficient techniques, such as compact mod-

els, can make AI systems more interpretable and transparent. Understanding

how a model recognizes actions can enhance accountability, as it is essential to

know how decisions are made, particularly in applications like law enforcement

or healthcare.

Accessibility: Data-efficient techniques make AI more accessible to smaller

organizations and researchers who may not have the resources to collect or

label vast datasets. This democratization can lead to more diverse and ethical

AI development.

• Regulatory Compliance:

In some regions, there are strict regulations regarding data privacy and

protection. Data-efficient methods can help organizations comply with these

regulations by minimizing the need to store and process sensitive data.

• Potential Ethical Concerns:

While data-efficient techniques can have ethical advantages, they also have

challenges. Models trained on limited data may not perform as well as those

trained on larger datasets, leading to reduced accuracy, which can impact fair-

ness and safety.
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There is a risk that data-efficient techniques might be used to create AI sys-

tems with limited generalization and accuracy, potentially leading to unintended

consequences, especially in critical applications like autonomous vehicles or

medical diagnosis.

In summary, data-efficient techniques in action recognition have several ethical im-

plications. They can enhance privacy, sustainability, fairness, and transparency in AI

systems. However, careful consideration and monitoring are necessary to ensure that

these techniques are used responsibly, balancing the benefits with the potential limita-

tions and risks associated with reduced data usage. Ethical guidelines and regulatory

frameworks should be in place to guide the development and deployment of data-

efficient AI methodologies in action recognition and other domains.
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