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Concept Vectors for Zero-Shot Video Generation

Riya J. Dani

(ABSTRACT)

Zero-shot video generation involves generating videos of concepts (action classes) that are
not seen in the training phase. Even though the research community has explored conditional
video generation for long high-resolution videos, zero-shot video remains a fairly unexplored
and challenging task. Most recent works can generate videos for action-object or motion-
content pairs, where both the object (content) and action (motion) are observed separately
during training, yet results often lack spatial consistency between foreground and background
and cannot generalize to complex scenes with multiple objects or actions. In this work, we
propose Concept2Vid that generates zero-shot videos for classes that are completely unseen
during training. In contrast to prior work, our model is not limited to a predefined fixed
set of class-level attributes, but rather utilizes semantic information from multiple videos
of the same topic to generate samples from novel classes. We evaluate qualitatively and
quantitatively on the Kinetics400 and UCF101 datasets, demonstrating the effectiveness of

our proposed model.



Concept Vectors for Zero-Shot Video Generation

Riya J. Dani

(GENERAL AUDIENCE ABSTRACT)

Humans are able to generalize unseen scenarios without explicit feedback. They can be
thought of as self-learning Artificial Intelligence agents that can collect data from various
modalities (video, audio, text) found in surrounding environments, to develop new knowledge
and acclimate to unseen situations without explicit feedback. Many recent studies have
learned how to perform this process for images, but very few have been able to extend it to
videos. Videos provide rich multi-modal data, such as text, audio, and images, and hence
are composed of multifaceted knowledge that can introduce more complex temporal and
spatial constraints. Leveraging videos in combination with text and audio data can assist
intelligent systems to learn similar to how humans do. Zero-shot video generation (ZSVG)
involves generating videos of concepts that are not seen in the training phase of a machine
learning model. Generating a zero-shot video requires a multitude of temporal and spatial
dependencies. In generating a video, not only does the model need temporal coherence
but also the understanding of object properties. Current approaches for ZSVG are not well
suited due to these challenges. We propose Concept2Vid which generates zero-shot videos for
classes that are completely unseen during training. In contrast to prior work, our model is not
limited to a predefined fixed set of class descriptions, but rather utilizes semantic information
from multiple videos of the same topic to generate samples from novel classes. We evaluate
qualitatively and quantitatively on the Kinetics400 and UCF101 datasets, demonstrating

the effectiveness of our proposed model.
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Chapter 1

Introduction

1.1  Motivation

The advancements in video-capturing technologies and the increase of social media video
platforms have led to exponentially growing volumes of available video data covering a wide
range of application domains. While image generation models exhibit impressively realistic
results [17, 36, 68], video generation and understanding remain fairly challenging. Many of
the existing works propose variants of conditional generative models to address video gen-
eration [15, 64, 79, 96, 97]. Yet, videos of new concepts are being created daily and the
ability to generalize to new complex scenes heavily depends on the availability of video an-
notations, e.g., objects detected and actions recognized. Obtaining annotations that capture
the spatio-temporal dependencies found in video data can quickly become time-consuming,
expensive, and inefficient. To effectively address these issues, a couple of recent methods

have also targeted zero-shot conditional video generation [41, 55].

Zero-shot conditional video generation aims to generate videos for a specified class or concept
that is not seen during training. Methods typically involve class-conditional deep generative
models such as Generative Adversarial Networks [41, 55|, with varying inputs as starting
points for initiating the video generation process, e.g., synthesizing videos from action-object
pairs, each encoded with real-valued predefined vector representations, alongside a starting

image frame [55] or from encoded motion-content pairs [41]. Hence, conditional classes are

1



2 Chapter 1. Introduction

frequently decomposed into motion and content or action and object [41, 55]. However,
motion, content, action, or object labels are not easily available for all existing videos,
and learning such disentangled representations may not be possible for all concepts and
scenes. Moreover, the proposed zero-shot methods can only generate videos when both
objects and actions or motions and contents are seen during training (but not necessarily
their combination, e.g., for an unseen object-action pair “cutting tomato”, there should be an
example of “cutting” an object and an example with an action on a “tomato”). In practice,
the set of possible visual contents such as actions, objects, etc. is huge, and therefore such
methods lack the required flexibility for realistic zero-shot settings, as they cannot properly

handle multiple objects simultaneously or complex combinations of actions.

On a related video understanding subfield, multi-video summarization targets the task of
summarizing multiple videos by selecting representative frames from the input videos. Al-
most all the previous multi-video summarization techniques are extractive [50, 58], i.e., they
select a subset of frames from multiple videos to form a summary. As a result, the sum-
maries generated by these methods lack temporal consistency. Recent works in abstractive
single-video summarization generate textual summaries of open-source videos by utilizing
either only the video modality [18] or transcripts along with video [57] or audio and text
(transcript) [46, 47]. However, these methods solve the inverse problem and are not able
to generate videos. Moreover, these video2text summarization methods rely on rich infor-
mation from additional modalities, such as lengthy documents and transcripts, which may
not always be available and could result in ambiguous outcomes, either due to misalignment
between modalities [25, 51, 92], missing information such as described entities not seen in
video [70, 74, 98], or the inherent challenges in fusing modalities, which remains an open
problem [5, 45]. Overall, abstractive text summarization methods for videos are not extended

to either summarization from multiple videos or zero-shot settings. Generating videos for
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Figure 1.1: Overview of Concept2Vid. Given a set of training video examples, e.g., “playing
badminton”, “ice skating”, etc., a zero-shot video generation process can utilize semantic
class-level information to generalize to unseen concepts, e.g., “ice dancing”.

novel classes and complex scenes remains a fairly challenging and open problem with limited

prior work.

In this work, we introduce a more flexible zero-shot video generation framework. To address
the aforementioned challenges, we propose Concept2Vid, a conditional generative model that
can generate videos of concepts (topics) that are not observed during training. In contrast
to prior work in zero-shot video generation, our model is not limited to a predefined fixed
set of class-level attributes, but rather utilizes semantic information from multiple videos of
the same topic to generate samples from novel classes. To the best of our knowledge, we are
the first to introduce a zero-shot video generation method that can generalize to an open-set
scenario for novel out-of-distribution classes. Starting by mapping the videos in a latent
semantic space, Concept2Vid creates concept vectors that are utilized as class-conditional

input when generating a video. We present two variations for concept vector generation,
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a simple centroid-based approach and a set-based method that employs a permutation-
equivariant Transformer network to embed multiple input videos to concept vectors. By
mapping video concepts into a continuous space, Concept2Vid is capable of generating videos
of new topics, actions or objects, even if these were not observed in the training phase. To
the best of our knowledge, this is the first work that utilizes continuous conditional labels

for video generation.

1.2 Contributions

The contributions of our work can be summarized as follows:

o We propose Concept2Vid, a conditional generative model that can generate videos in

zero-shot settings, i.e., videos of novel concepts that are not seen during training.

e In contrast to prior works that condition the generation process with one-hot or word
embedding vectors for a pre-defined set of attributes, we enhance the generalizability
to novel classes and complex topics, by conditioning on per-video latent features. More
specifically, our method utilizes continuous concept (class) representations extracted

from multiple input videos.

o We empirically demonstrate the effectiveness of the proposed Concept2Vid model via a
series of qualitative and quantitative experiments, showing that the proposed method

results in videos that are more realistic.
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Related Work

2.1 Zero-Shot Learning

Zero-Shot Learning (ZSL) is a recent research area. In ZSL methods, the learner observes
samples from classes that have not been seen during training. A ZSL approach is able to
recognize a category of an object without it being seen before. ZSL is dependent on a labeled
training set of seen and unseen classes. Both seen and unseen classes are related in a semantic
space where the knowledge from seen classes can be applied to those that are unseen. ZSL
techniques aim to learn semantic knowledge, attributes, and apply this to predict a new

unseen class.

Essentially for a concrete example, let us say a model that has never seen a horse before
is shown a picture of a horse. However, the model has seen a zebra before and is taught
that a zebra looks like a horse but possesses black and white stripes. Then, the model can
most likely identify it. Similarly, in ZSL methods, models are able to predict the label of an
image without it being seen before in the training data. For more information on zero-shot

learning, we refer the reader to a recent survey [86].

Narayan et al. [53] suggests enforcing semantics consistency in all the steps of ZSL, including
training, feature synthesis, and classification, by leveraging a feedback loop from a Semantic

Embedding Decoder (SED) that repeatedly looks over and updates the generated features

5



6 Chapter 2. Related Work

during both the training and feature synthesis step. Their method leverages a VAE-GAN
architecture to propose a feedback module for zero-shot recognition. They evaluate their
method on two generalized zero-shot action recognition in video datasets, HMDB51  [87]

and UCF101 [71].

Xian et al. [93] provides a comprehensive evaluation of ZSL by providing a ZSL benchmark.
This is done by evaluating three major aspects: methods, datasets, and evaluation protocols.
These were evaluated on several datasets and the authors found that unlabeled data of unseen
classes can accelerate zero-shot learning results. They also show that generative models and
compatibility learning frameworks produce better results than attribute classifiers, learning

independent objects, and hybrid models for zero-shot learning.

Changpinyo et al. [14] tackles the ZSL problem of classifying images from unseen classes into
a label space via manifold learning. They align the two spaces: semantic and model. The
model space coordinates should be the projection of the graph vertices from the semantic
space to the model space. This would ensure the relatedness of similar classes encoded in
the graph. Then, they leverage adaptable phantom classes to connect the seen and unseen

classes together.

There has been a lot of work recently on ZSL [59, 61, 69, 100], but traditional ZSL meth-
ods are designed with one modality in mind. However, there is an added complexity of
multi-modal data. Multi-modal data requires the fusing of modalities, re-aligning informa-
tion between sources, and capturing spatio-temporal information between modalities. The

following section describes multi-modal ZSL problems.
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2.2 Multi-modal Zero-Shot Learning

Liu and Tuytelaars [48] provides a Deep Multi-modal Explanation (DME) model for zero-
shot learning, that generates visuals and text to help with classification. By building a
DME model, which incorporates a visual-attribute embedding and multi-channel explana-
tion module from end-to-end, they are able to generate visual and textual explanations for

classification tasks.

Felix et al. [22] proposes a technique for Generative Adversarial Network (GAN) training that
makes the visual features produced to reconstruct to their original semantic features. Their
model is trained with a multi-modal cycle-consistent semantic compatibility that allows the

creation of more representative visual representations for the seen and unseen classes.

Bendre et al. [8] offers a Multimodal Variational Auto-Encoder (M-VAE) that can learn
about the semantic latent space of image features. They use a multi-modal loss when they
reconstruct the feature embeddings via the decoder. The reconstructed feature embeddings

and the original labels are leveraged to train a Multi-Layer Perceptron (MLP) Classifier.

Several additional studies for multi-modal zero shot learning exist [21, 23, 33, 49]. In the
subsequent sections, we will review zero-shot object recognition models that can be generally
useful components for visual tasks. Finally, we will focus on zero-shot related works designed

specifically for video.

2.3 Object-Recognition

Cacheux et al. [12] studies zero-shot learning with deep neural networks for object recogni-
tion. The general approach was to learn a mapping from visual data to semantic prototypes.

Then, this is used to classify objects from the class prototypes. This paper presents a review
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of a few different approaches using deep neural networks that work towards solving zero-shot
learning. The approaches are under three different categories: regression methods, ranking

methods, and generative methods.

The Ridge Regression approach views zero-shot learning as a regression problem. This
means predicting the continuous attributes from a visual instance. Provided an image that
is unseen, its corresponding semantic representation is estimated and the class with the
nearest semantic prototype is predicted. The Embarrassingly Simple approach to Zero-Shot
Learning (ESZSL) [62] follows similar ideas but instead of predicting the class prototypes

from the visual features, it predicts the visual features from the class prototypes’ features.

Triplet-loss approaches are ranking methods that learn a compatibility function. The com-
patibility of matching pairs is expected to be higher than the compatibility of non-matching
pairs. In triplet loss approaches for zero-shot learning, the compatibility function is a bi-
linear mapping between the visual and semantic spaces, parameterized by a matrix. For
example, the Deep Visual-Semantic Embedding model (DeViSE) [24] is a direct example of
a triplet loss with a linear compatibility function for zero-shot learning, because the total loss
is the sum of the triple loss over all training triplets. The Structure Joint Embedding (SJE)
approach [4] is similar to DeVISE but when applied to zero-shot learning, only the class that
violates the triple-loss constraint the most is used for each sample. The Attribute Label
Embedding (ALE) [2, 3] approach views the zero-shot learning task as a ranking problem.

The objective is to rank the correct class as high as possible on the list of unseen classes.

Generative approaches solving zero-shot learning create visual samples for unseen classes
based on their semantic description, and then these samples can be used to train classifiers.
The Generative Framework for Zero-Shot Learning(GFZSL) [84] makes the assumption that
visual features are normally distributed given their class. The parameters of the distribution

of a class depend on the class prototype. The models’ parameters can be retrieved with
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ride regression. The Synthesized Samples for Zero-Shot Learning (SSZSL) approach [27]
estimates parameters for seen classes similar to GFZSL and predicts parameters for unseen
classes. For a non-parametric approach, assumptions of the shape of the distribution of visual
features are not made, and instead, generative methods such as Variational Auto-Encoders
(VAEs) or Generative Adversarial Networks (GANs) are used to directly synthesize samples.
The Synthesized Examples for GSL (SE-GZSL) approach [85] utilizes a conditional VAE.
The VAE encoder maps an input to an R-dimensional internal representation or latent code,
while the VAE decoder tries to rebuild the input from the internal representation. The

feature-GAN (f-GAN) approach [94] also uses conditional GANs to generate visual features.

2.4  Human-Object Recognition

There has been recent work on scaling Human-Object Interaction (HOI) recognition to cate-
gories using zero-shot learning. Shen et al. [66] create a factorized model for HOI detection
that can produce detection for verb-object pairs after disentangling reasoning on verbs and
objects. The factorized model is compromised of visual feature extraction layers, disentan-
gled verb detection, and object detection networks. They model and learn verb and object

representations to create combinations for zero-shot learning.

Ollah Maraghi and Faez [56] in their study offers an approach for human-object interaction
recognition in videos via zero-shot learning, by recognizing a verb and object from a video to

make a human-object interaction (HOI) class. Their model can detect unseen HOI classes.
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2.5 Zero-Shot Video Classification

There are few existing zero-shot learning video classification frameworks currently exist-
ing. As mentioned, zero-shot classifiers work towards making generalizations to unseen test
classes. Brattoli et al. [10] in their recent study explore zero-shot learning for video action
recognition. Video action recognition is an area for which data sourcing and annotating are
expensive. The paper contributes to a few important areas of zero-shot learning for video
classification: novel modeling, evaluation protocol, and in-depth analysis. Novel modeling
refers to the first end-to-end trained model for zero-shot action recognition. The evaluation
protocol is the first training and evaluation protocol that targets a zero-shot setting for this

task. This paper essentially defines zero-shot learning in the context of video classification.

The authors leverage a trainable 3D CNN to learn the visual features of videos. Evaluation
is performed on the UCF101 [71], HMDB51 [87], ActivityNet [11], and SUN397 [95] datasets.
For training, the authors use 2 protocols. In the initial training method, Kinetics700 [13]
classes are filtered out after comparing the distance to classes in UCF101 or HMDBb51. This
results in a subset of Kinetics with 664 classes. In the second training protocol, certain classes
are removed after comparing whether the distance to any class in UCF101 or HMDB51, or
ActivityNet is smaller than the same value in the initial protocol. This results in Kinetics

with 605 classes.

In the proposed evaluation framework, there exist two testing protocols. In the first protocol,
the authors randomly choose half of the test dataset’s classes from UCF101 and HMDB51.
Then evaluate on this test set, and the results are averaged over 10 independent runs. In

the second protocol, they evaluate on all UCF101 classes and HMDB51 classes.

In the pretrained setting, an R(2+1)D-18 model [77] is pre-trained on Kinetics400 [37] and

C3D model [75] is pretrained on Sport-1M [35]. Word2Vec encodes every word and then
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the multi-world class names are averaged. The proposed zero-shot classification method

outperforms previous works, even after using stricter evaluation protocol.

Hong et al. [29] is another study on generalized zero-shot video classification via Generative
Adversarial Networks (GAN). This was the first study to add class descriptions to zero-shot
video classification. It does so by creating a loss function that combines both visual and text
features. They extract text features from a text data set, assuming that videos with similar

text dataset types should be considered generally similar.

The aforementioned works are designed for classification tasks and have a simpler output
space than video generation tasks. In the next section, we briefly describe works that target

zero-shot video generation specifically.

2.6 Zero-Shot Video Generation

The unprecedented success of GANs in generating images inspired video generation research
that introduced a plethora of generative models such as VGAN [99], TGAN [63], MoCo-
GAN [79], DVD-GAN [15], VideoGPT [96], TGAN-v2 [64], DIGAN [97], etc.. Most recently,
DIGAN [97] utilized implicit neural representations to generate longer high-resolution videos.
However, these methods are not capable of generating videos for unseen classes that are not

observed during training.

There has been limited work on zero-shot or few-shot video generation [41, 55]. For example,
Nawhal et al. [55] consider action-object pairs as well as a starting image frame as inputs
and utilize graph neural networks to map the relation between objects in the same frame and
subsequent frames. However, this technique is restricted to a pre-defined fixed set of objects

and actions and can generate videos only when both objects and actions are seen separately
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during training, e.g., for an unseen object-action pair “cutting tomato”, there should be an
example of “cutting” an object and an example with an action on a “tomato”. Moreover,

the generated videos lack consistency between foreground and background.

A Motion and Content decomposed GAN (MoCoGAN) [80] model decomposes a video into
two features capturing motion and content. It then generates a video by sampling every
input noise vector from a different latent feature space. Kimura and Kawamoto [40] proposes a
conditional-MoCoGAN that is able to learn a conditional generative model which divides the
latent feature space into different classes via detailed class information on the two features’
motion and content. The model is trained on two datasets, the Weizmann action video
database [26] & the MUG facial expression video database [1|. Evaluation performed is

both quantitative and qualitative.

Kimura and Kawamoto [40] develop a conditional generative adversarial network (GAN)
model for zero-shot video generation that is able to generate unseen videos from training
samples with missing classes. The proposed model is a conditional-MoCoGAN. A GAN
model architecture is comprised of a generator and a discriminator. A generator inputs a
noise vector and then generates data pertaining to the training data. A discriminator inputs
data and tries to distinguish between fake and real data outputted by the generator. A
conditional GAN (cGAN) is similar to a GAN structure, but in a cGAN both the noise vec-
tor and a condition vector are passed as input to the generator and discriminator. Kimura
and Kawamoto [41] utilize conditional MoCoGAN [79], a video generation framework, to
generate zero-shot videos given motion-content pairs as conditional class inputs. However,
this technique also suffers from the same limitations and is restricted to generating videos
with a static background. The challenge lies in utilizing class-level information that is en-
coded with one-hot or embedding vectors learned for a fixed set of attributes, i.e., actions,

objects, motion or content classes. Such conditional inputs cannot generalize to complex
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scenes with varying combinations of attributes or an open set of unseen classes. To alleviate
the challenges with class-conditional video generation, we propose a zero-shot video gener-
ation method that relies on semantic continuous latent representations of concepts, learned
from multiple videos capturing the same concept. Our experiments show that the proposed
continuous conditioning can generate more realistic videos for classes that are unseen during

training.

Nawhal et al. [54] is one of the first to generate human-object interaction videos for unseen
compositions. They use an adversarial framework termed HOI-GAN, which leverages many
discriminators to focus on different parts of a video. Their framework produces a fixed-length
video clip when provided an action, object, and target scene for a context. For the human-
object interaction (HOI) video to be realistic, it needs to contain an object with a semantic
label, show the interaction with the object, be temporally consistent, and may occur in a
specific scene. To this end, the authors train a generator network with four discriminators:
frame, gradient, video, and relational. This will help the generator create accurate object
layouts in a video. They also use pre-trained word embeddings that the discriminators are

conditioned with.

From this literature review, it can be observed that there exists limited work on zero-shot

video generation. There are other recent studies regarding video generation.

Bar et al. [7] is a recent work from 2020 that proposes to represent actions in a graph
structure named Action Graph (AG) and shares a new synthesis task "Action Graph To
Video.” AG creates a generative model for ”Action Graph To Video.” which decomposes into
motion and appearance features as well as includes a scheduling mechanism for actions to
create a timely and coordinated video generation. A graph structure is used to represent

coordinated and timed actions.
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Huang et al. [30] introduces an unsupervised layered controllable video generation method
that decomposes the initial frame of a video into foreground and background layers. The
user can have input in the video generation process by manipulating the foreground mask.
The paper describes a two-stage learning process. In the first stage, the model is learned
how to separate the frame into the foreground and background layers to generate the next
frame using a VQ-VAE [82] generator. In the second stage, the network is fine-tuned to

foresee the edits to the mask.

2.7  Multi-Video Summarization

There have been several recent works in Multi-Video Summarization (MVS) [34, 50, 58, 90,
91]. Messaoud et al. [50] introduce a hierarchical attention network, trained with reinforce-
ment learning, that can create a query-aware chronologically-sound summary from multiple
videos. Ji et al. [34] utilize additional side information (title, description) while training a
sparse auto-encoder for selecting keyframes from multiple videos. Panda et al. [58] propose
a diversity-aware MVS method that selects complementary frames from each video to gen-
erate a diverse summary. Wu et al. [91] propose a dynamic graph convolutional network to
select representative keyframes from multiple videos. All aforementioned MVS methods are
extractive, i.e., they select a subset of frames from the input videos. However, given the lack
of ground-truth summaries and the visual differences between videos (colors, audio, etc.),
the final summary produced is often temporally and spatially incoherent. In addition, these

methods cannot extend to video generation.

Another line of work deals with the task of abstractive single-video text summarization,
where the goal is to generate a textual summary of one single video, by utilizing LSTM-based

models [18] or hierarchical attention mechanism to integrate transcrips [57] or transformer-
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based models to integrate multi-source data (audio, text) [6, 46, 47]. Nevertheless, these
works rely on audio and text transcripts and generate abstractive textual summaries rather
than video-based summaries. Additionally, such works are not extended to zero-shot or

multi-video settings.

2.8 Latent class embeddings for conditional Generative Models

There have been a few works with conditional GANs (cGANs) that utilize latent class em-
beddings, mostly for image generation. Ding et al. [19] propose a Continuous conditional
Generative Adversarial Network (CcGAN), the first generative model for image generation
that is conditioned on continuous regression-based labels. Ditria et al. [20] present an open-
set GAN architecture (OpenGAN) that is conditioned on a feature embedding drawn from
a metric space. This metric space is defined by using a metric learning model that encodes
class-level and scrupulous semantic information. Using this information, the generator pro-
duces images with features similar to the metric features extracted from real source images.
Conditioning the generator on these semantically rich features allows for the generation of

novel images.

Triess et al. [78] introduces the generation of 3D point cloud shapes conditioned on a con-
tinuous parameter, which is used to guide the generation process to create custom-fit 3D
objects. Huh et al. [31] present a method that projects an input image into the space of
a class-conditional generative neural network. Given an input target image, the method
searches for a transformation to apply. Then, the latent vector that is most similar to the
object in the target image is recovered via projection. The generative model can then be
fine-tuned to reconstruct missing details and the image can be edited by altering the latent

code or the class vector. This image is then inverted and blended back into the original
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image. In terms of class-conditional models for video generation, Bar et al. [7] describe
a method to represent actions in a graph structure (Action Graph) and an Action Graph
to Video (AG2Vid) synthesis task. AG2Vid disentangles motion and appearance features
and generates video using a scheduling mechanism. To the best of our knowledge, there
has not been prior work on learning latent class embeddings for zero-shot conditional video

generation.
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Methodology

3.1 Problem Definition

Let V, = {(zs,v:)}Y, set of N videos, where each video x; = [xz(-o), ot

@

7

| is a sequence of L
frames x,” € RE>*W>3 that is associated with a class label y; € V. Zero-shot video generation
aims at learning a function G: Z — V to synthesize videos from latent representations in Z,
such that G generalizes to unseen test classes. Previous works decompose Z to subspaces of
content and motion, or object and action. Yet, this limits the flexibility of the framework
to sampling based on one attribute from each of these predefined sets. Concept2Vid aims
at first extracting semantically rich vector representations that can generalize well to novel
classes and then generating videos with a generative adversarial network that is conditioned
on embeddings drawn from the learned concept space. Concept2Vid is therefore composed

of three sequential parts: i) visual feature extraction, ii) concept vector generation, and ii)

zero-shot video generation.

3.2 Visual Feature Extraction

We first extract visual features from the video frames. We utilize a feature extractor that
has achieved state-of-the-art performance on zero-shot action recognition [10]. More specif-

ically, and for a given video z;, a label encoder embeds label into a semantic embedding

17
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Figure 3.1: Pictorial overview of our model, Concept2Vid illustrating two types of input to
the video generation model. First, videos are mapped to an embedding space with a visual
encoder model f,. Then, Concept2Vid ¢ (left) treats class centroids as concept vectors passed
to the video generation process. In contrast, Concept2Vid ¢ (right) utilizes a permutation-
equivariant Transformer to directly learn representations for semantic classes.

fs(y;) € R% and a separate 3D CNN encoder embeds the video into a visual embedding
folz;) € R%* where d.,d, denote the dimensionality of the learned semantic and visual
vector representations, respectively. The model is trained end-to-end by minimizing the
MSE loss L, (z:) = || fs(y:) — fo(z;)]]?, and the final classification utilizes a nearest-neighbor

approach f.(z;) = argmingey cos (f,(z;), fs(v:)), where cos denotes the cosine distance [10].

3.3  Concept Vector Generation

After mapping each video to a feature representation, we leverage representations from
multiple videos to create semantic concept (class) vectors. We experiment with two variants,

a simple centroid-based and a set-based approach.

3.3.1 Centroid-based Concept Vectors

The centroid method aims to analyze the effect of simpler concept vector creation. More

specifically, let V. = {(z;,y;): vi = ¢ € Y,i € Z. C {1,...,N}} C V be the subset of
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videos with the same class label c¢. Similarly, we create |)| subsets for all unique classes,
namely Vi, ..., V., ..., V)y. To create a concept vector v, for class ¢ € ), we employ simple
averaging of the visual embeddings extracted from the feature extractor f,(z;) for all videos

originating from the same class

ve= =3 fulai), (3.1)

and utilize this averaged representation as the conditional concept vector input for the video
generation process. Note that compared to a one-hot vector embedding, the feature extractor
can create such concept vectors for classes that are unseen during training. We term this

model Concept2Vid ¢.

3.3.2  Set-based Concept Vectors

While centroid-based vectors offer simplicity and no overhead, averaging is sensitive to out-
liers and may not work well for low-tail classes with fewer samples. To create a more robust
method, we can directly learn vector representations for semantic classes. A target semantic
class vector v, can be extracted from autoencoding the visual embeddings originating from
multiple videos z; € V.. To this end, we design a Set Transformer model for learning concept

representations.

Specifically, we train a permutation-equivariant Transformer model to learn semantic con-
cepts shared by videos of the same classes. Prior work has shown that Transformers gen-
eralize first-order permutation models such as DeepSets, and has proposed modifications to
generalize to higher-order invariance [39, 42, 44]. Hence, a similar Transformer model that
can learn concept representations from multiple videos of the same concept (class) is the

most suitable for the proposed Concept2Vid approach.
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To train a permutation-equivariant Transformer, we create uniformly sampled batches of b
visual embeddings for videos in V., i.e., with slight abuse of notation B. = {f,(x;): z; €
V.,i € Ip C Z.}, with cardinality |B| = b << V.. We perform the same operation to
create several batches conditioned on class information, i.e., B = {B¥,... B~ ... ,B|’3,|}kK:1.
Then, we employ a permutation-equivariant Transformer encoder-decoder f. as a learnable
set transformation that learns to recreate the input set and can account for interactions
between the set elements. Similarly to Lee et al. [44], we make two key changes to the

original Transformer architecture [83]:

1. We exclude the positional embeddings as input to enforce the model to act similarly

to different permutations of the input visual representations f,(z;).

2. We exclude the masks that prevent the decoder ‘peaking’ ahead at the rest of the

feature representation.

The loss function for training the Transformer model f,. aims to reconstruct the set of visual
embeddings for batch B, and is defined as the cross-entropy between the predicted set of

features f.(f,(z;)) and the original input set f,(x;), computed for all batches as follows:

Lo==" 3" fula)log (folful:). (3.2)

BeeB x; €8¢

After training, we can utilize the Transformer encoder to generate concept vectors v, =

fe(fo(z;)) for all classes ¢ € Y. We term this model Concept2Vid 7.
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3.4 Zero-shot Video Generation

We built Concept2Vid on the top of DIGAN [97]. Specifically, we use the concept vector v,
as input to the DIGAN Generator so that it can learn to generate videos from a continuous
space. DIGAN is selected due to its superior video generation performance as compared
to other video generation models and the capability of generating high-quality videos in a

class-conditional setup.

DIGAN is a state-of-the-art video generation network that is capable of generating long
videos of high resolution and is an extension of INR-GAN [68] for image synthesis. The
method utilizes implicit neural representations (INR) [67, 73] to map input coordinates of the
corresponding 3D video coordinates to RGB values, where a video v is a continuous function
of images I; for time ¢t € R, and an image I; is a function of spatial coordinates(z,y) € R
The objective of INR is to model the signal with a neural network (r,g,b) = v(x,y,t; )

parameterized by ¢ using a multi-layer perceptron (MLP).

The DIGAN generator G aims to generate the function of coordinates ¢ i.e., maps a latent
vector z ~ p(z) from a given prior distribution p(z) as well as concept vector v. to an INR
parameter ¢. To improve the generation quality the latent vector z and parameter ¢ are
decomposed into motion components (z,s, ¢5r) and content components (zy, ¢), respectively
and the models learns functions ¢; = Gj(z5,v.) and ¢pr = Gu(z1, 20, v.) The DIGAN
discriminator D is an efficient 2D Convolutional Neural Network(CNN) that verifies that
video INRs are efficiently generating two frames of arbitrary times ¢, t5. More specifically,

D distinguishes the triplet consisting of a pair of images and their time difference (1, I,,

[t — t2]).
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Experiments

4.1 Experimental Details

4.1.1 Datasets

We use the Kinetics-400 [38] and UCF101 [72] datasets for training and testing, respectively.

UCF101 contains approximately 13,000 YouTube video clips from 101 human action classes.
Action classes involve person-object interactions, person-person interactions, body motion,
playing sports, and musical instruments. This is a common benchmark for video generation,

as the dataset contains variability both in motion and background.

Kinetics-400 is a large-scale video action recognition dataset that contains YouTube video
clips from 400 human action classes. Each clip is 10 seconds long and action classes involve
person-object interactions, person-person interactions, and single-person actions. There also
exist actions operating on the same object, such as “shooting basketball”, “dribbling bas-
ketball” and “’playing basketball’ as well as the same actions on different objects, such as
“playing guitar”, “playing violin” and “playing cello”. To ensure zero-shot settings, we re-
move from Kinetics-400 all the classes whose distance to any class in UCF101 is smaller than

a 0.05 threshold, similarly to Brattoli et al. [10]. After removing overlapping classes, there

remain video clips from 372 Kinetics classes for training. In 4.1, sample videos of zero-shot

22
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Zero Shot Setting Video Samples
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Figure 4.1: Examples from the benchmark datasets. The video samples presented are
Kinetics-400 ice skating (first row), Kinetics-400 playing kickball (second row), UCF-101
ice dancing (third row), UCF-101 soccer penalty (fourth row).

settings are portrayed.

4.1.2 Hyper-parameter Details

Concept Vector Generation: The resolution of the input videos is 128 x 128. For training
the feature extractor, we adopt the training settings and implementation details of Brattoli
et al. [10]. More specifically, we make use of an R(2+1)D network [77] as the backbone of the
extractor and use the semantic embeddings of individual words generated by Word2Vec [52]
(Gesim Python implementation [60]). In the case of a multi-word class name, we use the
average of the word embeddings for all words in the phrase. We train with Adam optimizer,
4 x 1073 learning rate and a batch size of 88. We extract 512-dimensional visual embeddings
from the last hidden encoder layer, i.e., before the final linear layer. For the permutation-
equivariant Transformer, we use a transformer network with 8 multi-attention heads, an
output dimension of 512, 4 hidden layers, and a dropout rate of 0.5. We train with Adam

optimizer, batch size of 1500 and learning rate of 1 x 107%.

Video Generation: For training the generative adversarial network, we make use of videos

from the following sports classes from Kinetics-400: ‘ice skating’, ‘ice climbing’, ‘jet skiing’,
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‘kicking soccer ball’, ‘playing badminton’, ‘playing ice hockey, ‘playing kickball’, ‘playing
tennis’, ‘playing cricket’, ‘playing basketball. We follow the hyper-parameter settings of
DIGAN [97]. We train the generator, image discriminator, and video discriminator models
using ADAM optimizer with a batch size of 32 and learning rate of 2.5 x 1073, The feature
dimensions for one-hot encoding, word2vec embedding, and concept vectors are 10, 300 and

512, respectively.

4.1.3 Baselines

We train all models on a single A100 Nvidia GPU for 3 days. We compare Concept2Vid in
both traditional supervised video generation and zero-shot video generation settings, with

the following baselines:

DIGAN [97]: The latest video-generation network which utilizes implicit neural representa-
tions to generate high-resolution long videos both unconditioned and conditioned on one-hot

representations of action classes.

DIGAN,2,: a zero-shot variation of the conditional DIGAN, where word2vec representa-

tions [52] of the class labels are used instead of one-hot representations.

4.1.4 Evaluation Metrics

For a fair comparison, we follow the evaluation setup of DIGAN [97] across all experiments.

Furthermore, we use the following commonly used metrics:

Inception Score (IS) [65] is a popular metric for evaluating image generation methods, and
is calculated as exp(K L(p(y|x)||p(y))), where p(y|z) is the conditional label distribution of

a pre-trained Inception model trained on the ImageNet dataset [16]. For computing the
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inception score for generated videos, we follow the setting of Yu et al. [97] and use a C3D
network [76] pretrained on Sports-1M dataset [35] and fine-tuned on UCF101 dataset [72].

Similar to Yu et al. [97], we evaluate all methods over 10,000 generated videos.

Freechet Video Distance (FVD) [81] and Kernel Video Distance (KVD) [81] metrics are built
based on Freechet Image Distance (FID) [28], commonly used for image generation. FVD and
KVD take into consideration a distribution over the whole video and avoid any drawbacks
of previous video generation metrics [32]. Similar to [97], we utilize the I3D network trained
on Kinetics-400. We present results by averaging 10 runs of scores computed from 2,054

generated and real videos conditioned on sampled concepts.

We present extensive quantitative and qualitative comparisons of Concept2Vid with baseline
methods under several experimental settings: traditional supervised video generation, zero-

shot video generation, and zero-shot video generation given an initial frame as input.

4.2 Experimental Results

4.2.1 Supervised Video Generation

We first report FVD, KVD and Inception (IS) scores for supervised video generation, i.e.,
training and evaluating on the same dataset. In Table 4.1, we present results for con-
ditional generative models trained with one-hot vectors (DIGAN), word2vec embeddings
(DIGAN,2,), set-based concept vectors (Concept2Vid r), and centroid-based concept vec-
tors (Concept2Vid ) learned on the Kinetics-400 dataset. Concept2Vid r performs better
than all baselines by 7.4% in terms of FVD and 16.4% in terms KVD distance (lower is bet-
ter). Moreover, in terms of inception score, Concept2Vid ¢ performs the best, which shows

that while Concept2Vid 1 produces temporally-coherent videos, Concept2Vid o generates
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Table 4.1: FVD, KVD and IS for video generation models trained and evaluated on Kinetics-
400, i.e., traditional supervised video generation. For FVD and KVD lower values are better
(1), while for IS higher values are better (7). Mean and standard deviation over 10 trials.

Method FVD () KVD ({) IS(71)
DIGAN [97] 564.41+29.60 85.16+6.80 8.10+0.12
DIGAN 24 614.20+41.52 83.29+8.18 8.02+0.10

Concept2Vid 7 (Ours) 522.88+25.94 69.60+5.33 8.14+0.11
Concept2Vid ¢ (Ours) 566.08+22.93 83.02+5.87  8.39+0.16

more diverse distinct videos. Qualitative video generation results for all variations are shown
in Figures 4.2, 4.3, and 4.4. Our proposed Concept2Vid models can generate fairly good

videos for challenging and diverse scenarios.

4.2.2 Zero-shot Video Generation

We also report FVD, KVD and Inception (IS) scores of zero-shot video generation in Ta-
ble 4.2. Note that unlike continuous vectors, such as word or latent embeddings, one-hot
vectors are not available in zero-shot settings. Due to their discrete nature, one-hot encod-
ings do not allow producing vectors for novel classes that are unobserved during training.
We compare Concept2Vid ¢ and Concept2Vid 7 with DIGAN,,,, in zero-shot video gen-
eration (Table 4.2), i.e., for models trained on the Kinetics-400 dataset and evaluated on
novel classes from the UCF101 dataset. We can observe that our proposed models perform
better in terms of FVD, KVD and IS. Additionally, Figures 4.5 and 4.6 present qualitative
results. Both Concept2Vid r and Concept2Vid ¢ generate understandable good videos for
novel classes originating from UCF101, which is a fairly challenging dataset that contains
a large set of diverse concept classes. In Table 4.2, we can also observe that Concept2Vid
¢ performs better than Concept2Vid 7 in zero-shot video generation, and outperforms the

next best model by 1.54% in terms of FVD, 5.6% in terms of KVD and 7.6% in terms of IS
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Ice Skating

Figure 4.2: Generated video for the Kinetics-400 category ‘ice skating’ Results for DIGAN
(first row), DIGAN,,2, (second row), set transformer based Concept2Vid ¢ (third row) and
centroid based Concept2Vid ¢ (fourth row).

score. This comparison shows that, albeit being a fairly simple and straightforward method

for concept vectors, Concept2Vid ¢ can generalize better in zero-shot settings.

Moreover, we perform per-class analysis for FVD and KVD to check whether results vary
drastically for specific classes, e.g., for semantically distant classes from intricate concepts
such as ‘field hockey penalty’ or ‘tennis swing’. Our results reported in Table 4.3 are stable,

with Concept2Vid 1 being the best performing method across all evaluated 8 classes.
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Playing Badminton

Figure 4.3: Generated video for the Kinetics-400 category ‘playing badminton’ Results for
DIGAN (first row), DIGAN,2, (second row), set transformer based Concept2Vid 7 (third
row) and centroid based Concept2Vid ¢ (fourth row).

Table 4.2: FVD, KVD and IS for video generation models trained on Kinetics-400 and
evaluated on UCF101, i.e., zero-shot video generation settings. FVD and KVD lower values
are better (), while IS higher values are better (1). Mean and standard deviation reported
over 10 trials.

Method FVD () KVD ({) IS (1)
DIGAN [97] - - -
DIGAN 9, 1312.52427.93 152.10+6.97 8.12+0.10

Concept2Vid 7 (Ours) 1148.01+21.90 132.3045.01 7.5540.14
Concept2Vid ¢ (Ours) 1130.24+16.04 124.85+4.36  8.79+0.17
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Playing Kickball
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Figure 4.4: Generated video for the Kinetics-400 category ‘playing kickball’. Results for
DIGAN (first row), DIGAN,2, (second row), set transformer based Concept2Vid 7 (third
row) and centroid based Concept2Vid ¢ (fourth row).

Table 4.3: Per-class analysis of FVD and KVD scores for zero-shot video generation
(UCF101). Lower values are better. Mean and standard deviation over 10 trials.

Method IceDancing ~ SoccerPenalty  FieldHockeyPenalty — TennisSwing TaiChi Biking Skiing HorseRiding
DIGAN,2, 1595.07+128.31  1687.98+229.26 1556.82 +104.39 1628.17 +252.92  1647.28 +254.69 1525.58+98.16  1698.30 + 23743 1571.58 +126.74
FVD Concept2Vid ¢  1736.58+222.37  1795.68+410.45 1683.19-+260.31 1761.62+397.86  1753.96+413.60 1846.24+136.50 1829.10 +419.35  1715.03 +233.10
Concept2Vid ¢ 1326.83+116.60  1343.81:+106.72 1289.38+82.37 1343.50+102.25  1340.43+105.51  1287.91480.94  1350.85+109.33  1286.07 +75.00

DIGAN 2, 166.53 +19.44 174.90 +24.70 163.18 +16.70 167.14 +£29.22 169.94 +28.59 159.15 +15.87 174.79 +25.12 163.53 +18.84
KVD Concept2Vid ¢ 184.52 +4114  182.82 +40.49 190.91 +53.91 179.81 +41.01 177.86 +41.8¢  219.96 +41.51 186.41 +41.06 185.02 +44.15
Concept2Vid 7 134.78 +19.95 139.51 +19.25 128.21 +17.70 138.91 +18.71 139.29 +19.27 130.00 +19.12 139.69 +20.06 129.56 +16.59

4.2.3 Zero-shot with Initial Frame as Input

We present evaluation results for zero-shot video generation with an initial frame passed as

additional input to the generator. In Table 4.4 we can observe that our models perform
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Ice Dancing (zero-shot)

Figure 4.5: Generated video for the UCF101 category ‘ice dancing’ (zero-shot video gener-
ation). Results shown for DIGAN o 420 (first row), set-based Concept2Vid 1 (second row)
and centroid-based Concept2Vid ¢ (third row).

Table 4.4: FVD, KVD and IS metrics for video generation models trained on Kinetics-400
and evaluated on UCF101, i.e., zero-shot video generation settings, with an initial frame as
additional input to the conditional generation. FVD and KVD lower values are better ({),
while IS higher values are better (1). Mean and standard deviation reported over 10 trials.

Method FVD () KVD ({) IS (1)

DIGAN 24 1333.96+32.04 155.34+582 7.00+0.13
Concept2Vid 7 (Ours) 1421.73+41.65 164.71+8.42  6.78+0.09
Concept2Vid ¢ (Ours) 1188.13+33.65 131.46 +7.99 7.53+0.11

outperform DIGAN,»,. We also present qualitative video generation for Zero-shot with
Initial Frame as Input as shown in 4.8. In this setting, Concept2Vid ¢ performs better than
all methods across all metrics, surpassing DIGAN, 2, by 10%, 15.4% , and 7.5% in terms of
FVD, KVD and IS scores.
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Soccer Penalty (zero-shot)

Figure 4.6: Generated video for the UCF101 category ‘soccer penalty’ (zero-shot video gen-
eration). Results shown for DIGAN ra20ec (first row), set-based Concept2Vid 1 (second
row) and centroid-based Concept2Vid ¢ (third row).

4.2.4 Qualitative Analysis

We also validate whether Concept2Vid extracts semantically rich concept vectors that encode
intra-class and inter-class information. We visualize clusters of video representations for
classes that are observed during training (Kinetics-400) as well as novel classes (UCF101).
The t-SNE visualization in Figure 4.11 shows the joint embedding space for 7 Kinetics-400
and 10 UCF101 classes, represented as triangles and circles, respectively, and with each class
being visualized with a unique color. The plot shows that examples from novel classes form
semantically coherent clusters and that similar classes are located nearby in the embedding

space, which further validates the generalization capabilities of the proposed method.
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Tennis Swing (zero-shot)

Figure 4.7: Generated video for the UCF101 category ‘tennis swing’ (zero-shot video gener-
ation). Results shown for DIGAN 5 420 (first row), set-based Concept2Vid 1 (second row)
and centroid-based Concept2Vid ¢ (third row).
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Figure 4.8: Generated video for the UCF101 category ‘baseball pitch’ (Zero-shot with Initial
Frame as Input). Results shown for DIGANora20ec (first row), set-based Concept2Vid r
(second row) and centroid-based Concept2Vid ¢ (third row).
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Concept Features of Kinetics
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Kinetics-400
playing tennis
riding unicycle
playing badminton
kicking field goal
playing volleyball
hitting baseball
ice skating
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Riding Unicycle Playing Volleyball

s & | (i
’

Figure 4.9: Visualisation of the learned concept embedding space for 7 Kinetics-400 classes
(seen during training). Triangles correspond to Kinetics-400 data points.
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Figure 4.10: Visualisation of the learned concept embedding space for 10 UCF101 classes,
represented as circles. The plot shows that examples from novel classes form semantically
coherent clusters. which further validates the generalization capabilities of the proposed

method.
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Figure 4.11: Visualisation of the learned concept embedding space for 7 Kinetics-400 classes
(seen during training) and 10 UCF-101 classes (novel classes, unseen during training). Trian-
gles correspond to Kinetics-400 and circles correspond to UCF101. Data points for different
classes are represented by unique colors. Concept2Vid is not trained on UCF101 but is able
to learn semantically meaningful concept embeddings, for which similar classes from both

datasets are located nearby in the embedding space.



Chapter 5

Discussion and Limitations

5.1  Zero-Shot Video Generation Motivation

Humans are able to generalize unseen scenarios without explicit feedback or supervision
signals. Humans can be thought of as self-learning Al-agents that can collect data from
various modalities (video, audio, text) found in surrounding environments, to develop new
knowledge and acclimate to unseen situations without explicit feedback. For instance, once
someone has learned how to cut a tomato, cutting an apple is a similar process. Humans do
this by inherently generalizing knowledge. Many recent studies have learned how to perform
this process for images, but very few have been able to extend to videos. Videos provide
rich multi-modal data, such as text, audio, images, and hence are composed of multifaceted
knowledge that can introduce more complex temporal and spatial constraints. Leveraging
videos in combination with text and audio data can assist intelligent systems to learn similar
to how humans do. Video understanding methods can learn from video data to represent,

summarize and generate videos under specific parameters.

As mentioned in the introduction, there exist limited works that propose zero-shot video
generation methods, but can only generate videos when both objects and actions are seen

during training, but not necessarily their combination.

In this work, we propose a more flexible method for conditional zero-shot video generation
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and demonstrate quantitative and qualitative improvements. However, there is still work to
be done and several limitations to tackle in the future. Below, we describe opportunities for

improvement and open future directions.

5.2 Additional Experiments

5.2.1 Conditional MoCoGAN

In our preliminary experiments, we have tried conditional MoCoGAN (cMoCoGAN) as our
video generation component [41, 79]. cMoCoGAN is trained and evaluated on the Weizmann
action database [9] and on the MUG facial expression database [1], where the class of a video
can be decomposed into two types of one-hot labels, 1) motion label i.e., the action label
such as clapping, waving etc. 2) content label i.e., the participant who is performing the
action. cMoCoGAN trains and tests on different combinations of these two types of labels,
i.e., even though the motion-content combination is not present in the training phase, the

motion and the content are present separately in the training phase.

To adopt the model to zero-shot settings and datasets that cannot be categorized as these
two types of labels, we utilize the word2vec class mapping as input, similar to DIGAN ,,.
We additionally compare against a one-hot vector representation of class labels, similar to
the original Conditional MoCoGAN [79]. Results in Table 5.1 show large score variations
between the two models. Despite our best efforts, we were not able to produce good results
with cMoCoGAN;, not even in traditional video generation settings (training and testing on

the same dataset).
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Table 5.1: FVD scores for cMocoGAN and DIGAN traditional supervised and zero-shot
video generation. FVD lower values are better (]). Mean and standard deviation reported
over 10 trials.

Method Supervised Zero-shot
cMoCoGAN 2120.93+213 -
DIGAN 564.41429.60 -
cMoCoGAN, 9, 2174.844243 3201.57+442
DIGAN 24 614.2+4152 1312.52+27.93

Table 5.2: FVD scores for DIGAN traditional supervised and zero-shot video generation for
open-set scenario. FVD lower values are better (). Mean and standard deviation reported
over 10 trials.

Method (open-set) Supervised Zero-shot

DIGAN 2, 239.35 +14.71  1024.59+17.37
Concept2Vid 7 (Ours) 217.19+1768  1003.92+16.50

5.2.2 Open-Set Experiments

In our preliminary experiments, we also experimented by training our Concept2Vid 1 on
open-ended classes that range from a variety of actions. Specifically, we trained Concept2Vid
r on the following classes from Kinetics-400: ’abseiling’, ’air drumming’, ’answering ques-
tions’, 'applauding’, 'applying cream’, ’arm wrestling’, ’arranging flowers’, "assembling com-
puter’, 'baby waking up. We evaluated with zero-shot settings on the following classes:
"ApplyEyeMakeup’, 'BabyCrawling’, 'PlayingDaf’, "PlayingDhol’, 'RopeClimbing’. Our re-
sults from this experiment, are shown in Table 5.2. Video generation results of traditional
supervised video generation and zero-shot settings are, respectively, shown in Figure 5.1
and Figure 5.2. These results show that open-set scenario zero shot video generation per-
forms poorly due to train and test classes being less interconnected and from a diverse set

of categories. We discuss many of the challenges and limitations in the next section.
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Assembling Computer (open-set)

Figure 5.1: Generated video for the Kinetics-400 category ‘assembling computer’. Results for
DIGAN (first row), DIGAN,2, (second row), set transformer based Concept2Vid 7 (third
row)

5.3  Why is Zero-Shot Video Generation a Challenging Task?

There are a variety of challenges in the task of ZSVG. In a zero-shot setting, test classes are
not seen during training. This makes it difficult for a model to understand what an object
looks like without having ever seen it, let alone learn to generate unseen objects and actions
and combinations thereof. In order to successfully train ZSVG systems, it is necessary to
understand and model objects, object relations, and spatiotemporal dependencies during
training. The understanding of objects is vital, specifically capturing the attributes of color,

texture, and style. For instance, if we want to generate a video of a Coca-Cola bottle, there
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Baby Crawling (open-set)

Figure 5.2: Generated video for the UCF101 category ‘baby crawling’ (zero-shot video gen-
eration) in an open-set scenario. Results shown for DIGAN ,prq00ec (first row), set-based
Concept2Vid 7 (second row)

are specific colors that are expected for the bottle to have. These attributes are difficult to
capture in a video and cannot easily be done in a zero-shot setting because a model would
simply not know what the object’s properties are. When constructing a complex scene
with multiple individuals, it is important to consider how these interact with each other as
well (e.g., to generate a video of playing football). Actions have long-range spatio-temporal
dependencies between interactions of objects and people. For instance, when a football
player throws the ball, all of the other players must be coordinated and carefully timed
[7]. In generating a video, not only does the model need temporal coherence but also the
understanding of object properties. For a ZSVG approach, it is necessary to understand the
foreground features, background features, and what the main properties an object should
possess to generate a comprehensible video, especially if it is an unseen object. Current

approaches for ZSVG are not well suited due to these challenges.
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5.4  Future Work in Video Generation

Overall, video generation remains a challenging task, let alone zero-shot video generation.
Most prior work on supervised video generation evaluates and trains on constraints settings
with datasets for facial expressions, specific categories of objects or motions such as food,
tai-chi, sky time-lapse, tabletop scenes with a small predefined set of objects, etc. [7, 97]
Other works present relatively good results for video prediction [43], i.e., predicting the next
frames given the first few frames, a task that also is challenging; extending such methods to

(zero-shot) open-set video generation from scratch remains unclear.

The best models on large and diverse datasets such as Kinetics-400 are typically pretrained
on additional data containing millions of videos [15, 88] and often also pre-train on a broad
spectrum of related tasks, e.g., text-to-image generation or video prediction [89]. As a
result, these models are computationally expensive, requiring more than half a hundred
GPUs (e.g., 64 V100 GPUs) and weeks of training time [88, 89] or up to 512 TPU pods
to reduce training time [15]. As such, improvements often come from the availability of
large computational resources to train models, and even then the video quality remains
generally low. Methods that are more efficient and environmentally friendly are necessary for
expanding video generation usability and practicality in realistic applications. In addition,
due to the increased difficulty, zero-shot video generation remains a fairly unexplored task.
We hope our work will fill in this gap and will help spur the development of efficient zero-shot

video generation methods.



Chapter 6

Conclusion

In this work, we introduce Concept2Vid, a conditional video generation model that can
generate videos for concepts that are unobserved in the training phase. To enable flexible
zero-shot video generation for novel classes, Concept2Vid maps videos into a visual em-
bedding space and generates latent concept representations from multiple videos covering
the same concept, either by utilizing a set transformer or by simply computing the cen-
troids of the visual embeddings. Subsequently, Concept2Vid utilizes these concept vectors

as conditional input to a video generation model.

To illustrate the effectiveness of the proposed method, we present qualitative and quantitative
results on two benchmark datasets in traditional supervised and zero-shot video generation
settings. Our experimental results show that Concept2Vid surpasses baselines and is able
to generate more realistic videos. In the future, we plan to improve the video quality and
evaluate our model on other datasets, such as Sports-1M and Howto100M. We also hope to
extend our work on latent concept representations to related video understanding tasks, e.g.,

video prediction, text-to-video generation, etc.
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