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Abstract

The optical flow task is an active research domain in the machine learning commu-
nity with numerous downstream applications such as autonomous driving and action
recognition. Convolutional neural networks have often been the basis of design for
these models. However, given the recent popularity of self-attention architectures,
many optical flow models now utilize a vision transformer backbone. Despite the dif-
fering backbone architectures used, consistencies in model design, especially regarding
auxiliary operations, have been observed. Perhaps most apparent is the calculation
and use of the cost volume. While prior works have well documented the effects of
the cost volume on models with a convolutional neural network backbone, similar
research does not exist for optical low models based on other architectures, such as
the vision transformer. Naturally, a research question arises: what are the effects of
utilizing a cost volume in vision transformer-based optical low models? In this thesis,
a series of experiments examine the impact of the cost volume on training time, model
accuracy, average inference time, and model size. The observed results show that cost
volume use increases the model size and training time while improving model accu-
racy and reducing average inference time. These results differ from those regarding
the effects of the cost volume on convolutional neural network-based models. With
the results presented, researchers can now adequately consider the potential benefits

and drawbacks of cost volume use in vision transformer-based optical flow models.
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Chapter 1

Introduction

1.1 Introduction

The optical flow problem is a computer vision task to characterize the apparent
motion within a scene from the point of view of a particular observer. In this sense,
optical flow differs from the well-known concept of motion fields which represent the
true motion within a scene. Given sequential, two-dimensional (2D) input images,
the inferences provided by an optical flow model provide insights regarding the three-
dimensional (3D) motion of the scene as depicted by the images provided. The
representation of the inferred apparent motion is a series of 2D displacement vectors
resulting from object movement within the scene, camera movement, or a combination

of both.

A=
ESR
R

e

(a) (b) (c)

Figure 1.1: An example of the optical flow for a particular scene: (a) scene at time ¢1,
(b) scene at time ¢2, (c) associated optical flow. Image source: [1].
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The optical flow problem takes two forms in computer vision: sparse or dense.
In sparse optical flow, the calculation of displacement vectors is only for a subset
of the entire scene as defined by the input images. This subset may be detected
objects within the frame, detected corners, or the result of any other pre-processing
technique to reduce the number of pixels for which an optical flow model generates
a hypothesis. Dense optical flow, however, calculates the apparent displacement of
every pixel within a scene. While each variation has its uses, benefits, and drawbacks,
only dense optical flow is examined in this document. All references within this
document to ”optical flow” are analogous to "dense optical flow” and operate with
the definition as the apparent motion of all pixels within a scene established by two
sequential, 2D images.

The rise of deep learning in the computer vision domain has rapidly accelerated
the development of new optical low models. As with many other computer vision
tasks, there is a strong correlation between advancements in addressing the optical
flow problem and overarching trends within the machine learning community. For ex-
ample, many held convolutional neural networks (CNNs) as the premier deep learning
architecture for many years. During this time, optical low models with a CNN back-
bone predominately held the title of state-of-the-art [7, 12, 13, 14, 15]. Over time,
recurrent architectures began to gain notoriety in the machine learning community
for their ability to characterize sequential data. Given the temporal nature of the
optical flow task, recurrent-based optical flow models garnered significant interest
from researchers. It was not long until these models with recurrent-based backbones
held state-of-the-art status in the optical flow domain [8, 16]. Most recently, vision
transformer architectures have consumed much of the research focus across the com-
puter vision domain due to their ability to effectively characterize spatiotemporal
data. At present time, optical flow models with a vision transformer backbone are

largely recognized as state-of-the-art [9, 17, 18].
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Regardless of the variations in the underlying backbones of models used to address
the optical flow problem, some consistency between models exists regarding auxiliary
operations. One example is the computation and use of a cost volume as a pre-
processing operation for model backbones [7, 8, 9]. While a cost volume may take
various forms in the machine learning and computer vision domain, this document
operates with the term ”cost volume” referring to the similarity matching costs from
the explicit correlation of raw pixels, or the extracted features thereof, from two
subsequent frames of a scene for which the calculation of optical flow is performed.

Despite the extensive use of the cost volume in various optical flow models, lim-
ited research exists in examining the direct effects of the cost volume on overall
model performance. To the author’s knowledge, the few studies that do exist have
only examined the effects of the cost volume on optical low models with CNN-based
backbones [7]. Thus, a research problem naturally arises. How does utilizing a cost
volume impact vision transformer-based models in addressing the optical flow prob-
lem? Only vision transformer-based models are examined throughout this document

as these are of the most significant research interest in the optical low community.

1.2 Motivation

Researchers have long realized the benefits of optical flow in numerous applications,
such as mobile robotics, biomedical, and virtual reality [19, 20, 21, 22, 23, 24]. Optical
flow has also assisted various downstream computer vision tasks. For example, Huang
et al. [25] use optical flow in video frame interpolation, while Zhu et al. [26] detail
video recognition applications. For these reasons, the domain has attracted signifi-
cant research interest. However, optical flow and other spatiotemporal tasks present
inherent challenges that have hindered the effectiveness of addressing the applications
mentioned. Challenges include large object displacements, occlusions, and variable

lighting [27]. Numerous techniques have been proposed to address these challenges.
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Utilization of the cost volume in deep learning-based models is one technique that
has found prior success and continued use today. As shown by Dosovitskiy et al.
[7], a cost volume can assist CNN-based optical flow models when it is used as a
pre-processing operation for the CNN backbone. Rather then use uncorrelated data,
the cost volume allows model backbones to operate with pre-processed information
regarding the per-pixel similarity between the input images. The pre-processing pro-
vides preliminary insights regarding the spatiotemporal relationships of the input
data. In a sense, the cost volume provides a head start to the model backbone in
forming an optical flow inference. While Dosovitskiy et al. [7] detail some drawbacks
of cost volume use, the community has largely regarded its use as net beneficial.

However, the success of the cost volume in CNN-based optical flow models should
not be assumed for models with vision transformer backbones as these architectures
differ drastically. Transformer architectures, including vision transformers, are cel-
ebrated for their inherent effectiveness in learning the spatiotemporal relationships
between input data [5]. For this reason, questions naturally arise regarding the ben-
efits provided and the trade-offs required for incorporating the cost volume as a
pre-processing operation in vision transformer-based optical flow models. The effects
of the cost volume on the time required to train a model, the accuracy of model
inferences, model inference time, and model size are all unknown.

Given the downstream applicability of optical flow inferences, understanding the
impacts on the metrics mentioned is critical for developing models to suit specific ap-
plication needs as various applications may prioritize different metrics. For example,
in the case of biomedical applications, the accuracy of inferences may be the most
critical metric of those mentioned. In real-time applications, such as virtual reality,
model inference time may be the most significant metric. Given resource-constrained
applications, including for both the training and execution of models, metrics such

as the time required to train a model and model size may take precedence.
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1.3 Contributions

With the research problem and motivation presented, the following research questions
arise regarding the utilization of a cost volume as a pre-processing operation in vision
transformer-based optical low models. The thorough analysis of these questions is the

focus of this document and the primary contributions to the optical low community:.

How does the cost volume affect model training time and convergence?

How does the cost volume affect model accuracy?

e How does the cost volume affect model inference time?

How does the cost volume affect model size in terms of the number of learnable

parameters?

By answering these specific questions presented, full consideration of the multiple
aspects of the effects of the cost volume can be given. With answers to these questions,
those designing optical flow models with vision transformer-based backbones can make
more informed decisions regarding the use of the cost volume in consideration to each

unique application.

1.4 Document Structure

This chapter concludes with a brief outline of the remaining structure of this docu-
ment. Chapter 2 provides a review of related materials and background information.
Chapter 3 outlines the exact method used to answer the research questions specified.
Chapter 4 discusses specific implementation details of the method outlined. Addi-
tionally, Chapter 4 reports the observed results of the method described. Chapter 5
provides a discussion of the results. This document finishes with concluding remarks

in Chapter 6.
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Background

2.1 Convolutional Neural Network

CNNs are among the most recognizable architectures in the machine learning and
computer vision domains. These architectures are a derivative of the more general
artificial neural network (ANN) and often operate on visual data. CNNs are often
identifiable by their stacks of convolution, pooling, and fully connected layers. These
architectures have found success in various computer vision and machine learning
tasks such as object detection and classification, segmentation, optical flow, and other

pattern recognition tasks.

Fully

Convolution Connected

Input

Figure 2.1: An example of a typical CNN architecture. Image source: [2].

The primary function of convolution layers within the CNN architecture is to
refine data through the extraction of significant features. To do such, several filters

known as kernels are utilized. The representation of each kernel is a series of learnable
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weights refined through a traditional ANN training sequence with backpropagation.
Following a sliding window technique, the dot products between a kernel and receptive
field of the input data are calculated and provided to an activation function. The
result is a new feature map utilized by subsequent layers of the CNN architecture.
The spatial dimensionality of the resulting feature map is controlled by the kernel
size, padding of the layer input data, and sliding window stride. The number of
kernels within the convolution layer affects the depth of the resulting feature map.

Each kernel is responsible for learning and extracting a particular feature of the layer

input data.
1 1 113 -
4| 6| 4|8 @ 1 0 - s
30|01 (5 0 1
0|22 4

Figure 2.2: An example of the convolution layer within a CNN. The left of the figure
represents the input data to the convolution layer. The highlighted section is the receptive
field that a kernel, shown in the middle of the figure, operates on. The right of the figure
details the resulting feature map with the highlighted field corresponding to the extracted
feature associated with the highlighted receptive field. Image source: [3].

The pooling layers within a CNN are non-learnable layers used to reduce the
spatial dimensionality of data. A pooling region, in sliding window format, compresses
a feature map to generate a downsampled version. Various techniques are used to
compress the data. In the often-used max pooling technique, only the maximum
value within the pooling region is kept for the reduced resolution feature map. For
the mean pooling technique, the resolution is reduced by calculating an average of the
values within the pooling region. A combination of the pooling region size, padding of
the layer input data, and sliding window stride affect the degree to which the spatial
dimensionality of data is reduced. The depth of the data remains unchanged from

the pooling operations.
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3| 4
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Figure 2.3: An example of the pooling layer within a CNN. Mean pooling and maximum
pooling are shown. The left of the image details the layer input. The darker lines of the
input distinguish the pooling fields used in generating the downsampled feature maps shown
to the right of the figure. Image source: [3].

A fully connected layer within a CNN resembles the arrangement of neurons found
in traditional ANNs. Every neuron is directly connected to each previous layer output
and subsequent layer input. The purpose of the fully connected layers within a CNN is
to correlate the features extracted from the layers prior. Utilizing these correlations, a
CNN-based model can form a hypothesis for downstream tasks such as classification,
segmentation, and optical flow. Often, a fully connected layer is the last layer of a
CNN architecture.

While CNNs can address numerous computer vision tasks, various limitations exist
in comparison to traditional ANNs. Some of these limitations include the requirement
of large amounts of training data, a tendency to overfit, and a large model size [28].
Various CNN-based architectures have been proposed to address these issues. Some
of the most popular include AlexNet [29], VGGNet [30], and ResNet [31], which have
been used as the basis of numerous models for various downstream tasks. However,
as Albawi et al. [32] discuss, CNNs as a whole struggle with applications in which the
spatial positioning of input data is necessary to form inferences. Such a limitation
is significant in addressing the optical flow problem as the spatial information of the

input is key to forming optical flow inferences.
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2.2 Recurrent Neural Network

Recurrent neural networks (RNNs) are another variant of ANNs. These networks
minimally contain an input layer, a number of hidden layers, and an output layer.
The differentiating factor of an RNN from a generic ANN is the recurrent connections,
or feedback loops, within the hidden layers of the network. Because of their recurrent
connections, RNNs can effectively characterize the temporal dependencies within an
input sequence. Additionally, each generated inference is directly influenced by all

prior inferences.

& ®
I I

A A
Figure 2.4: An example of a RNN where X represents the input layer at a given time ¢,

A represents the hidden layer, and h represents the output layer at a given time ¢. Image
source: [4].

v
> —>

\ 4

While having found success in temporal applications such as time-series predic-
tions, limitations of RNNs exist. As discussed by Salehinejad et al. [33], RNNs
struggle to model data with long-range dependencies due to the vanishing gradient
problem. To address this issue and others, various RNN-based architectures have
been introduced. Some of the most well-known include Long Short-Term Memory
(LSTM) [34] and Gated Recurrent Unit (GRU) [35] which are frequently used as
backbone architectures to address various downstream tasks. Perhaps a more signif-
icant limitation, in terms of addressing the optical flow problem, is that RNNs tend
to struggle with spatiotemporal data [33]. Such a limitation is consequential as both

spatial and temporal information is required in forming an optical flow hypothesis.
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2.3 Transformers

Introduced by Vaswani et al. [5], transformer architectures have been of great interest
to researchers in the machine learning domain due to their successes in sequence-to-
sequence tasks. These architectures are identified by the self-attention-based encoder
and decoder modules. Rather than operate on an input sequence sequentially, as
would be the case in a traditional recurrent architecture, a transformer works with
the entire input sequence at once. The encoder transforms a sequence of input data
into a latent representation by correlating the most relevant details of the entire input
sequence. The decoder then decodes this latent representation into an associated

target sequence.

Output
Probabilities

Add & Norm
Feed
Forward
(~Giwem)
[_Add & Norm ] .
AT T Multi-Head
Feed Attention
Forward T 7 ] MNx
S
Nix Add & Norm  Jee—
(—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
1t L
\L\_ _/ \ —
Positional o) Q Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Oulpuls
(shifted right)

Figure 2.5: The original transformer architecture. The left of the figure details the trans-
former encoder. The right of the figure details the transformer decoder. Image source: [5].

10
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The transformer must first prepare the input data for processing by the encoder.
Preperation includes the tokenization of the input sequence by parsing the discrete
values into tokens. Then, each token undergoes an embedding procedure to convert
the token to a continuous-valued vector. A positional encoding is also added to
the tokenized data to indicate the position of each token within the original input
sequence.

The first operation of the transformer encoder is multi-head attention. The basis
of multi-head attention is the more general concept of self-attention which was first
introduced by Lin et al. [36]. While the specific implementations of self-attention
mechanisms vary, the base functionality is similar to that of a recurrent architecture
in that both are used to characterize the dependencies between the individual tokens
of a sequential sequence. However, a self-attention mechanism operates on the entire
input sequence at once rather than on the individual tokens in a sequential manner.
Figure 2.6 details the specific self-attention mechanism, scaled dot-product attention,
used in the original transformer architecture. In the context of multi-head attention
in the encoder, the Q, K, and V values shown are identical matrices representing the

tokens of a sequence.

MatMul
SoftMax
Mask (op Scaled Dot-Product JA
. h
Attention ~

Scale 1 1 T

|
MatMul mear l Linear |]| Linearl]

]

v K Q

AHotly

Figure 2.6: The self-attention mechanism utilized in the original transformer architecture.
Left: The scaled dot-product attention mechanism. Right: The multi-head attention mech-
anism composed of multiple scaled dot-product attention units. Image source: [5].

11
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Scaled dot-product attention first matrix multiplies the Q and K vectors. The
result is scaled and provided to a softmax layer whose output is then matrix multiplied
with the V vector. The resulting attention scores characterize the dependencies of
each token in relation to the rest of the input sequence. Multi-head attention employs
several scaled dot-product attention mechanisms in parallel as shown by Figure 2.6.
Each mechanism operates with a unique representation of the , K, and V matrices
obtained through learnable linear projections. This design allows for the examination
of various representations of the input sequence when calculating attention. Before
using the self-attention calculations, the various representations are concatenated and
provided to a linear layer.

The feed-forward network, similar to that found in a traditional ANN, is ap-
plied to the resulting attention calculations of the input sequence. In doing such,
the transformer encoder further learns the dependencies between input tokens by
characterizing the relationships of the attention scores for each token.

Figure 2.5 also details layer normalization and residual connections in the trans-
former encoder. Both of these aspects, which are also present in the decoder module,
help to stabilize model training.

For the decoder, the transformer must also prepare the input data. During train-
ing, the complete ground truth target sequence is provided as input to the decoder
and is shifted forward by one unit, tokenized, and embedded. A positional embedding
is also applied to each token. As the transformer is an autoregressive model, shifting
the target sequence is necessary to ensure proper training. Without the shift, the
decoder would learn to generate target tokens utilizing the ground truth value of the
associated target token. In actuality, the transformer decoder must form a hypothesis
with only the encoded input sequence and the previously generated output tokens.
During testing, the predicted target sequence up to and including the last generated

token is utilized as decoder input instead of the ground truth sequence.

12
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Within the decoder, the masked multi-head attention layer is used to calculate the
attention scores between all previously generated target tokens. During training, the
self-attention scores are calculated between the ground truth target tokens instead.
This layer is functionally similar to the multi-head attention layer found in the encoder
but contains one notable difference. During the training process, future tokens of
the ground truth target sequence are masked. Doing such ensures that the attention
calculations do not include tokens that would otherwise not be available to the decoder
during testing. In both cases, Q, K, and V are identical matrices.

The output of the masked multi-head attention layer is then provided to a multi-
head attention layer that is much the same as that in the encoder. However, in this
instance, the multi-head attention layer utilizes the encoded output sequence as the
K and V matrices and the output of the masked multi-head attention layer as the Q
matrix. This is known as cross-attention. By utilizing cross-attention the decoder can
calculate attention scores relating the encoded input sequence and the target tokens
to assist in forming the output sequence. As such, the generation of each token of
the output sequence is dependent on all prior target tokens

The feed-forward network of the decoder is then applied to the output of the
multi-head attention layer. Through using the feed forward network, the decoder is
able to further characterize the attention calculations that relate the encoded and
target sequences.

Lastly, a linear layer converts the final decoder output to a probability of an
output token’s particular value given the specific application. Probabilities are based
on potential target sequence values.

In expanding the transformer, Dosovitskiy et al. [6] introduce the vision trans-
former. The vision transformer strongly resembles the original transformer but with
some slight modifications to adapt the architecture for use with visual and grid-like

data.

13
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Figure 2.7: The original vision transformer architecture. This particular model is used

for the image classification task. Image source: [6].

The first modification is in the preparation of data provided to the transformer
encoder. Data tokenization occurs by splitting the input image into flattened, fixed-
sized patches. Embedding and positional encoding is then performed as is done in
the original transformer design. Figure 2.7 also details the use of an additional token
to assist the model in performing the classification task. This extra token is optional
with its usage dependent on the specific downstream task. The prepared data is
then provided to a transformer encoder identical to that of the original transformer
proposed by Vaswani et al. [5].

The second modification introduced by the vision transformer is that a self-
attention-based decoder is not expressly required. In the case of the model shown in
Figure 2.7, a multi-layer perceptron (MLP) head serves to generate class predictions
by decoding the encoded representation of the input sequence. The specific method
to generate inferences from the latent representation should be chosen based on the
downstream task. The design may utilize a transformer decoder, an MLP head as

shown, any other method, or nothing at all.
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Vision transformers have largely been an effective means to close the gap between
spatial and temporal machine learning applications. Vaswani et al. [5] was the first
to detail the successes of the transformer architecture in natural language processing
tasks. Dosovitskiy et al. [6] further detailed the successes of the transformer in vision
tasks. However, the work by Jaegle et al. [17] demonstrated that the transformer can
be successfully used in a variety of machine learning tasks including spatiotemporal

tasks like optical flow.

2.4 Optical Flow

Before it was considered a computer vision and machine learning task, the optical
flow problem was first introduced in the psychology domain. In the mid-20th century,
J.J. Gibson theorized that observers utilize the apparent motion of objects within a
particular frame of reference to draw conclusions about the environment they reside in
[37]. It was not until the work by Marr and Poggio [38] in the 1970s that researchers
began to consider the implications of optical flow in the computer vision domain
due to the significant potential to assist downstream tasks. Since then, optical flow
has remained an active research field in the computer vision domain with numerous

advances over the years.

2.4.1 Variational Approaches

Many of the first models to address the optical flow problem as a computer vision
task are based on variational approaches. Perhaps the most well-known is the Horn-
Schunck method [39] which many consider one of the first successful methods to
address the dense optical flow problem using differential equations. The basis of the
Horn-Schunck method is the minimization of the energy function given by Equation
2.1 where £? is represented by Equation 2.2, &, is represented by Equation 2.3, and

« is a weighting factor.
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Equation 2.2 characterizes the smoothness between two images for which optical
flow is calculated. Equation 2.3 assists in characterizing the changes in brightness
between the images. Within these equations, u and v represent the individual dimen-
sions of a 2D displacement vector that characterizes the calculated optical flow for a
particular pixel. x and y represent the spatial positioning of a particular pixel and
t represents the temporal positioning between the two images. Lastly, F,, F,, and
E; represent the partial derivatives of image brightness with respect to the specific
subscript.

While numerous other variational approaches have been built upon the work by
Horn and Schunck, several limitations to the fundamentals of the approach exist.
Often, assumptions are required that limit the generality and applicability of mod-
els to downstream tasks. In the case of the Horn-Schunck method, smoothness and
brightness assumptions are both made. In addition to limitations regarding prelimi-
nary assumptions of the data utilized by the models, variational methods have also
struggled with modeling occlusions as well as large displacements [40]. While signif-
icant progress had been made in addressing these limitations, the improved models

are often significantly more complex with increased inference times.
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2.4.2 Convolutional Neural Network Backbone

The rise of deep learning has had tremendous impacts on the computer vision do-
main. Given the profound success of CNNs in pattern-based computer vision tasks,
researchers began to explore whether optical flow models would also benefit from uti-
lizing a CNN backbone architecture. The pioneering work by Dosovitskiy et al. [7]
in proposing the CNN-based FlowNet model showed promising results, which paved
the way for future research. Since then, optical low models have trended away from
traditional approaches to addressing the optical flow task and instead towards deep
learning methods that continually achieve state-of-the-art results in numerous bench-

marks.

FlowNetSimple

Figure 2.8: The FlowNet models. Top: FlowNetSimple. Bottom: FlowNetCorr. Image
source: [7].

While two variations of FlowNet [7] exist, the underlying designs both utilize a
CNN backbone to directly form an optical flow hypothesis. In FlowNetSimple, the
two input images are stacked and then provided to a CNN feature extractor. On
the contrary, in FlowNetCorr, each image is first independently provided to identical

CNN-based feature extractors. A correlation between the extracted features is then
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obtained via a cost volume that is then provided to another CNN-based feature
extractor. In both designs, the latent representations from the CNN backbone are
utilized by a refinement network composed of convolution and reverse pooling layers.
The purpose of this refinement network is to up-sample the extracted features and
form the final optical flow hypothesis for the provided images. The authors find that
both methods were comparable to existing methods in terms of accuracy but are
much more efficient in terms of run time.

Since the seminal work of Dosovitskiy et al. [7], numerous CNN-based optical
flow models have built upon the proven success of FlowNet with various modifica-
tions. For example, SpyNet [41] applies a coarse-to-fine approach with a spatial-
pyramid network. In this design, low-resolution optical flow predictions are updated
to form accurate final predictions. FlowNet2.0 [12] utilizes a stacked architecture
of FlowNetSimple and FlowNetCorr sub-modules. PWC-Net [14] employs a combi-
national approach using various aspects of optical flow domain knowledge including
pyramidal processing, warping, and cost volumes. MR-Flow [13] employs the seman-
tic segmentation task to assist in generating optical flow predictions. While numerous
other variants of CNN-based optical flow models exist, these are some of the most

popular that have achieved once state-of-the-art status in various metrics.

2.4.3 Recurrent Backbone

The next major shift in addressing the optical flow task came with the introduction
of recurrent architectures within model designs. Recurrent architectures, including
LSTM [34] and GRU [35], were found to achieve favorable results in temporally
dependent machine learning tasks. Researchers were quick to explore the applicability
of recurrent designs in the optical flow domain due to the temporal nature of the task.
One of the most well-known optical flow models to use a recurrent design is Recurrent

All-Pairs Field Transforms (RAFT), proposed by Teed and Deng [8].
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Figure 2.9: The RAFT model. Image source: [8].

RAFT [§] first uses a CNN-based feature encoder to perform per-pixel feature
extraction of both input images. Additionally, the first image of the sequence is
provided to a separate CNN-based context encoder. The extracted information from
the feature encoder is then utilized by a correlation layer to construct a cost volume
via the inner product of all feature vector pairs. The recurrent-based update operator
is then used to form an optical flow inference. This step calculates and recurrently
updates optical flow inferences until the final prediction is produced. The basis of the
update operator is a derivative of the GRU model [35] that utilizes the cost volume,
context encoder output, and the prior iteration of the optical flow inference. At the
time of publication, RAFT [8] achieved state-of-the-art status for accuracy across
several optical flow datasets. The model is also efficient regarding inference time, the
number of learnable parameters, and the time required to train the model.

With the success of RAFT [8], there was a rise in optical flow models containing
recurrent elements. These models often outperformed pure CNN-based approaches
that did not incorporate recurrent elements. Global Motion Aggregation (GMA) [16]
is one model that utilizes CNNs, self-attention mechanisms, and the recurrent GRU
[35] network for refinement. GMA [16] has performed notably well, especially in the
case of occlusions. It has also been once considered state-of-the-art and outperforms

CNN-based models.
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2.4.4 Vision Transformer Backbone

Many celebrate transformer architectures for their effectiveness in learning spatiotem-
poral dependencies while overcoming the limitations of recurrent architectures. While
initially popular with natural language processing tasks, the success of Dosovitskiy et
al. [6] in applying transformer architectures to the computer vision domain prompted
researchers to explore the potential applications of use in the optical flow problem.
While transformer architectures within optical low models are a recent trend, one of
the most promising models is FlowFormer, proposed by Huang et al. [9].
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Figure 2.10: The FlowFormer model. Image source: [9].

FlowFormer [9] follows an encoder-decoder design in which an encoder produces
a latent representation of the input data that is subsequently decoded to form an op-
tical flow hypothesis. However, before calculating the latent form, Siamese encoders
extract features from each of the two input images. A cost volume is then obtained
from the extracted features on which the FlowFormer [9] encoder operates. While also
containing some novel aspects, the encoder is largely based on a vision transformer ar-
chitecture. The latent cost memory obtained from the encoder, as well as the result of

separate context encoding from the first image, is provided to the decoder to produce
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an optical flow hypothesis. The decoder also uses some additional operations but is
primarily modeled from a recurrent version of the vision transformer. FlowFormer [9]
has achieved state-of-the-art status regarding accuracy in terms of average endpoint
error and generalizes well across various optical flow datasets.

While transformer-based optical flow models are still a new design trend, other
models in addition to FlowFormer [9] have been proposed. Perceiver 10 [17] is largely
regarded as the first model to address optical flow with a transformer backbone. Per-
ceiver 10 [17] outperforms non-transformer-based optical flow models while perform-
ing well on large displacements and occlusions. GMFlow [18] is another transformer-
based optical flow model that sought to address the problem of large displacements. In
addition to performing well on large displacements, GMFlow [18] is found to be more
computationally efficient than many non-transformer-based approaches. Despite the
vast differences in their designs, a common trend is observed in that transformer-based
optical flow models frequently outperform non-transformer-based designs across var-
ious metrics. In general, optical flow models with transformer architectures are the

most accurate and efficient models to date.

2.4.5 Cost Volume Utilization

As Hur and Roth [42] discuss, many of the first optical flow models to utilize the cost
volume chose to use a 3D cost volume. Typically, the costs associated with the direct
matching of all features between two images would result in a four-dimensional (4D)
vector. However, due to concerns regarding computational feasibility, many models
sacrificed the accuracy of a 4D cost volume for the computational efficiency of a 3D
cost volume. It was not until the work of Xu et al. [43] in the DCFlow model that 4D
cost volumes became common. The DCFlow model [43] demonstrated a method to
efficiently construct a 4D cost volume using the learned features of the input images

while achieving once state-of-the-art status in terms of accuracy.
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The seminal work by Dosovitskiy et al. [7] in FlowNet provides a comprehensive
and direct analysis of the effects of utilizing the cost volume as a pre-processing
operation for a CNN-based optical low model. With two models of similar design,
the authors find that the model employing a cost volume achieves better accuracy
than an alternate model that does not utilize the cost volume. The authors also find
that cost volume use increases the time to generate optical flow inferences. However,
the number of learnable parameters in both models is similar. Numerous CNN-based
models have since utilized the cost volume as a pre-processing operation to assist the
backbone architecture. To the author’s knowledge, the work by Dosovitskiy et al. [7]
is the only work in the optical flow domain to provide a direct and comprehensive
comparison of the effects of cost volume use in optical low models.

As both recurrent and transformer-based optical flow models rose in popularity,
cost volume use as a pre-processing operation continued. However, to the author’s
knowledge, no work exists in directly examining the associated effects in these models.
Despite the lack of research, some have offered critiques. Xu et al. [18] discuss that
cost volume use limits the ability to handle large displacements. Lu et al. [44] discuss
similar concerns in that the cost volume results in a limited receptive field, heightened
susceptibility to outliers, and increased computational complexity. To address their
concerns, Xu et al. [18] introduce GMFlow, and Lu et al. [44] introduce the current
state-of-the-art optical flow model TransFlow. Both are vision transformer-based and
do not use the cost volume as a pre-processing operation. While the authors of both
papers provide an extensive analysis of the benefits of their designs, neither provides
a direct analysis of how the cost volume specifically affects vision transformer-based
optical flow models. An analysis of this type requires the comparison of two models
that only differ in the use of the cost volume, similar to how Dosovitskiy et al. [7]

examined the effects of the cost volume in the CNN-based FlowNet design.
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Methodology

3.1 Model Design

The typical optical flow model utilizes a backbone architecture to produce a latent
representation of the input data. Then, using the latent form, a model head generates
the optical flow hypothesis. As such, the effects of using the cost volume as a pre-
processing operation for the model backbone would be most apparent in the process
of creating the latent data. Regarding latent forms, the work by He et al. [45] has
shown that the latent representation, and the creation thereof, significantly influences
the overall performance of machine learning models. Tong et al. [46] verified these
findings regarding video data. To examine how the utilization of the cost volume as
a pre-processing operation affects vision transformer-based optical flow models, the
process of creating the latent representation of input data is the primary focus for

analysis. Two autoencoder models are developed for this analysis.

3.1.1 Autoencoder Network

An autoencoder network consists of an encoder and decoder module and follows a
self-supervised training strategy [47]. The encoder transforms input data into a latent
representation while the decoder converts the latent data back to the original form

of the encoder input. While not required, the decoder often resembles the inverse
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of the encoder. The overall goal of an autoencoder model is that the decoded data
resembles the original input data as closely as possible. From the training process,
the decoder learns to decode the latent form, and the encoder learns how to create
a feature-rich latent space to represent input data. Data collected from this training
process can be collected to characterize the encoder’s ability to form meaningful latent
representations of the input data. In consideration of the work by He et al. [45], if
the encoder were to produce the latent form of input data in a manner similar to
an optical flow model, the data collected would also provide subsequent insights into
that associated optical flow model.

Two autoencoders are used to examine and compare the effects of the cost volume
on the creation of the latent form. One autoencoder utilizes the cost volume as a pre-
processing operation for the encoder, while another does not. In comparing the data
collected from both models, the effects of the cost volume on the latent representation
can be understood. By extension, the overall impact of the cost volume on a complete

optical flow model is also understood.

3.1.2 Direct Model

The first autoencoder model, known as the direct model, does not utilize a cost
volume. In following the FlowNetSimple [7] optical flow model, two input images
are first stacked along the channel dimension resulting in a vector of shape [1 X
2D x H x W], where D represents the number of channels of the input images,
and H and W represent the spatial dimensionality of the images. This input data
vector is provided directly to a vision transformer-based encoder to generate a latent
representation of the input images. Another vision transformer, used as the decoder,
returns the latent representation to the original form of the input data provided to
the autoencoder model. An additional linear layer up-samples the decoder output to

ensure the correct output resolution.
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Figure 3.1: The direct autoencoder model.

While the encoder design is relatively simplistic, the primary functionality of the
encoder produces a latent representation of the input data in a manner similar to
popular vision transformer-based optical flow models. FlowFormer [9], Perceiver 10
[17], and GMFlow [18] each operate with various auxiliary operations but ultimately
rely on a vision transformer backbone to produce a latent form of the input data.

In following the typical autoencoder scheme, the decoder implementation strongly
resembles the inverse of the encoder. A vision transformer similar to that of the
encoder is utilized, but with slight modifications to ensure the proper handling of the
latent data and the correct output format. All other aspects of the vision transformer
decoder are identical to that of the encoder.

Due to concerns regarding the overall size of the autoencoder and resource limits,
the implementation of the vision transformer decoder may not be able to produce
an output that matches the original resolution of the input images. Therefore, an
additional linear layer is employed to obtain the correct resolution of the decoded

output.

3.1.3 Cost Volume Model

The second autoencoder developed is the cost volume model. In this design, the
input image data is pre-processed rather than provided directly to the encoder. The
basis of the pre-processing operations is the construction of a cost volume from the
extracted features of the input images. Utilizing the constructed cost volume, the
encoder produces the latent representation of the input images. With the encoded

data, the decoder forms a reconstruction of the original input images.
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Figure 3.2: The cost volume autoencoder model.

Since DCFlow [43], many of the optical flow models that use a cost volume as a pre-
processing operation do so by constructing a 4D cost volume from a learned feature
map of each image. In following this trend, and explicitly following the design of
FlowFormer [9], a learnable Siamese encoder is used to extract a feature map for each
of the two input images provided to the autoencoder model. A cost volume is then
formed by calculating the dot-product similarity between each of the feature vector
pairs across the two feature maps. Equation 3.1 [8] characterizes this calculation in
which go(I1);;n represents the extracted features of the first image I, and go(12)kn

represents the extracted features of the second image Is.

Cijul = Zg@(ll)ijh - 9o(L2) kin (3.1)
h

In the described calculation, the resulting cost volume of the extracted features is
of shape [I x J x I x J] where I and J represent the spatial dimensions of the extracted
feature vectors. To further illustrate this calculation, consider Figure 3.3 which details

a cost volume calculated from feature maps with a spatial dimensionality of 2 x 2.
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Figure 3.3: An example of the calculation and representation of the 4D cost volume. xi
and yi represent the extracted features of the input images from the Siamese encoder.
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The cost volume is then provided to the encoder to produce the latent represen-
tation of the input data. As with the direct model, the basis of the encoder design
is a vision transformer architecture. Aside from the input data size parameter of the
vision transformer, all aspects of the encoder design are identical to that of the direct
model. The latent representation of the input data is then provided to the decoder to
reconstruct the original input data. The decoder implementation is identical to that
of the direct model as the latent representation of input data is the same between
model designs. An additional linear layer not part of the decoder is also employed to
obtain the correct resolution of the output data due to concerns regarding the model

size and resource limitations.

3.2 Model Evaluation

To examine the impacts of the cost volume between model designs, the training and
evaluation process of each autoencoder is identical. Data regarding the time required
to train each model, the accuracy of model validation inferences, model inference
time, and model size are collected. As each autoencoder is identical apart from the
utilization of the cost volume, any differences observed are directly attributable to the
cost volume and associated pre-processing operations. By having ensured that each
autoencoder constructs a latent representation of input images in a manner similar
to state-of-the-art vision transformer-based optical flow models, the data collected
provides valuable insights that also apply to the optical flow domain. Unlike the
work of Xu et al. [18] and Lu et al. [44] this comparison of two models differing
only in cost volume use allows for a direct examination of how the cost volume affects

vision transformer-based optical flow models.
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3.2.1 Training Sequence

The training and evaluation processes of each autoencoder is with identical sequences
of data to ensure an accurate comparison of the data collected from each model. In
a random but reproducible manner, a dataset is shuffled and split to form separate
training and validation sequences consistent between the training process of each
autoencoder.

The mean squared error (MSE) loss function is the basis of evaluation for the
training sequence of each autoencoder. In following the MSE loss function given by
Equation 3.2, an average of the squared difference between each pixel of the recon-

structed images and the associated input images is calculated.

1 2
MSELoss = @x D He W) Z(y—x) (3.2)

Within Equation 3.2, y represents the reconstructed input images produced by

the autoencoder, and the variable x represents the original input images.

3.2.2 Evaluation of the Effects on Training Time

The number of epochs required for each autoencoder to converge on a training set is
used to characterize the effects of the cost volume on model training time. To assist
in the determination of model convergence, the average MSE loss associated with a
validation sequence is of primary focus. When plotting the average validation MSE
loss per training epoch the observation of a consistent and non-random increase or
plateau indicates that the model has converged since additional training provides no
benefit to the model. After identifying model convergence, the epoch associated with
the global minimum of the plot is used to quantify the number of epochs required for

model convergence.
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3.2.3 Evaluation of the Effects on Accuracy

The average MSE loss of a validation sequence is also used to characterize the effects
of the cost volume on model accuracy as both metrics are related. A low MSE loss
indicates a high reconstruction accuracy of a validation sequence and thus a high-
quality latent representation of the input data. In plotting the average validation
MSE loss for each epoch of each autoencoder’s training sequence, the effects of the

cost volume on overall model accuracy is easily compared between models.

3.2.4 Evaluation of the Effects on Inference Time

By examining the average elapsed wall clock time for inference generation across a
validation set, a thorough and accurate comparison of the effects of the cost vol-
ume on model inference time is provided. Software timers are employed to perform
these measurements. Auxiliary operations, like the calculation of the MSE loss, are
not included in timing measurements as they are irrelevant outside the training pro-
cess. In further keeping with potential real-world use cases, the batch size for timing

measurements is one image pair.

3.2.5 Evaluation of the Effects on Model Size

The number of learnable parameters within each autoencoder are counted to examine
and compare the effects of the cost volume on model size. A larger model will contain

more learnable parameters, while a smaller model will utilize less.
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Findings and Results

4.1 Implementation Details

The design of each autoencoder is strongly influenced by the FlowFormer optical flow
model introduced by Huang et al. [9]. The specific implementation of the vision
transformer architectures within each autoencoder draws inspiration from the work

of He et al. [45], who have prior utilized vision transformers in an autoencoder format.

4.1.1 Direct Model

The encoder of the direct model follows the original vision transformer architecture
proposed by Dosovitskiy et al. [6]. The encoder utilizes a patch size of 8 to operate
on the input data vector. The depth of the encoder of the vision transformer is 12.
The number of attention heads is also 12. The raw latent data shape is [1 x (1/8H x
1/8W % 2)], which is reshaped to [1 x 2 x (1/8H % 1/8W)]. A decoder is not employed
within the transformer architecture utilized.

The design of the decoder of the direct model is also based on the Dosovitskiy
et al. [6] vision transformer architecture. The decoder operates on the latent data
with a patch size of 8. The depth of the encoder of the transformer architecture is
8, and the number of attention heads is 16. The decoded output vector is of shape

[1x (1/8H*1/8W xDx2)]. No decoder is utilized within the transformer architecture.
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4.1.2 Cost Volume Model

The design of the Siamese encoder utilized in the pre-processing operations of the
cost volume model is a variation of the Twins-SVT-L architecture [48] pre-trained
on the ImageNet-1k dataset [49]. The Siamese encoder contains the first two stages
of the Twins-SVT architecture [48] followed by a convolution layer. The resulting
feature map for each image is of shape [1 x 256 x 1/8H x 1/8W]. The resulting cost
volume is of shape [1/8H x 1/8W x 1/8H x 1/8W]. To assist in the processing of the
4D cost volume by the vision transformer-based encoder, the cost volume is reshaped
to [1 x (1/8H % 1/8W) x 1/8H x 1/8W].

Aside from adjusting the expected size of the input sequence, all aspects of the
cost volume model encoder implementation are identical to that of the direct model.
The size of the latent space remains [1 x (1/8H x 1/8W x 2)|, and is reshaped to
1 x2x (1/8H % 1/8W)]. In regard to the decoder module, the implementation is
identical to that of the direct model. As such, the resulting decoded output vector is
also of shape [1 x (1/8H % 1/8W x D % 2)].

4.1.3 Environment and Training Sequence

The implementation and evaluation of both models are in Python with the PyTorch
framework. For the training and evaluation sequences of each model, a batch size of
1 is utilized. The optimizer used during the training process is stochastic gradient
descent (SGD), with a learning rate of 0.1. A seed value of 1933 is employed to ensure
reproducible results and an accurate comparison between each model.

Regarding the training environment, 3 NVIDIA A100 GPUs are utilized for the
direct model, and 4 NVIDIA A100 GPUs for the cost volume model. The multiple
GPUs are employed to support model parallelism. In both models, the encoder, the
decoder, and the linear up-sample mechanisms exist on dedicated GPUs. For the cost

volume model, the Siamese encoder also utilizes a dedicated GPU.
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4.2 Flying Chairs Dataset

Both models are trained and evaluated on the Flying Chairs dataset, a synthetic
dataset proposed by Dosovitskiy et al. [7] as part of their paper introducing the
FlowNet model. It has since become one of the most widely used datasets in the
training and evaluation of optical flow models.

The Flying Chairs dataset [7] contains 22,872 RGB image pairs and associated
ground truth optical flow fields. Given the self-supervised training process of autoen-
coders, the optical flow fields are not required. The dimensions of each image are
(512 x 384) pixels. For training and evaluation, all images are center cropped to a
size of (256 x 192) pixels.

In following the widely accepted practice in the optical flow domain, the complete
Flying Chairs dataset [7] is split into pre-defined training and validation sets of 22,232
samples and 640 samples, respectively. Both models are trained and evaluated on the
same sequences for 100 epochs, the maximum amount given the run-time constraints

of the training environment.

Figure 4.1: An example of two training samples from the Flying Chairs dataset [7]. Black
borders are added to help distinguish the individual images. Left: scene at time t1, Center:
scene at time t2, Right: associated optical flow represented in the color coding format
introduced Baker et al. [10].
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4.2.1 Training Time

The average MSE loss of the validation set is recorded after each training epoch

to assist in determining model convergence and the required training time for each

model. The per-epoch average MSE loss of every one-thousandth training sample is

also shown. Figure 4.2 and Figure 4.3 detail the observed results.
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Figure 4.2: A plot of the average MSE losses per training epoch of the Flying Chairs
dataset [7] for the direct model.
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Figure 4.3: A plot of the average MSE losses per training epoch of the Flying Chairs
dataset [7] for the cost volume model.
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In both figures, a consistent increase, or plateau, of the average validation losses
is not observed. Further, the training set losses do not diverge from the validation
set losses, nor have they reached near-zero. As a result, neither model has converged.

No determination can be made as to the training time required for either model.

4.2.2 Accuracy

The average validation MSE loss of each epoch for each model is displayed on the
same plot to examine the accuracy’s of the direct model and the cost volume model.

Figure 4.4 details the plot comparing the results.
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Figure 4.4: A plot of the average validation MSE loss per training epoch of the Flying
Chairs dataset [7] for each model.

Although neither model has converged, the trend of the average validation losses
provides qualitative insights into the overall accuracy of each model. The direct
model is initially more accurate than the cost volume model as it has a lesser average
validation MSE loss. However, by the third epoch, the cost volume model becomes
more accurate than the direct model. This observation holds for the remainder of the
100-epoch training sequence. In following the trend line of the losses for each model,

it is likely that the cost volume model is overall more accurate than the direct model.
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4.2.3 Inference Time

Following the completion of the 100-epoch training sequence of each model, the time
to generate inferences for the complete validation set is measured. The average in-
ference time is then calculated to characterize the inference time requirements of
each model. Table 4.1 details the total validation inference time and the resulting

calculated average.

Table 4.1: Model Inference Time Results - Flying Chairs Dataset [7]

Direct Model | Cost Volume Model
Total Validation Inference Time (Seconds) | 15.78 15.34
Validation Samples 640 640
Average Inference Time (Seconds) 0.02466 0.02397

For the direct model, 15.78 seconds are required to produce the 640 inferences
of the validation sequence for the Flying Chairs dataset [7]. Therefore, the average
inference generation time for the direct model is 0.02466 seconds.

For the cost volume model, 15.34 seconds are required to produce those same
inferences. Therefore, the average inference generation time for the cost volume

model is 0.02397 seconds.

4.2.4 Model Size

PyTorch is utilized to count and report the number of learnable parameters for each
model. In addition to the overall parameter counts, the number of parameters for the
individual aspects of each model is recorded as well. The size of the encoder, decoder,
and linear up-sample modules are recorded for the direct model. For the cost volume
model, the size of the Siamese encoder is also recorded. Table 4.2 details the observed

results.
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Table 4.2: Model Size Results - Flying Chairs Dataset [7]

Direct Model | Cost Volume Model
Siamese Encoder (parameters) | X 4,284,160
Encoder (parameters) 341,752,320 415,498,752
Decoder (parameters) 2,039,569,920 2,039,569,920
Linear Up-Sample (parameters) | 339,886,080 339,886,080
Total Parameter Count 2,721,208,320 | 2,799,238,912

The encoder of the direct model contains 341,752,320 learnable parameters, while
the decoder contains 2,039,569,920. The linear up-sample module contains 339,886,080
learnable parameters. The total size of the direct model is 2,721,208,320 learnable
parameters.

The cost volume model includes a total of 2,799,238,912 learnable parameters. The
makeup is 415,498,752 learnable parameters for the encoder module and 2,039,569,920
for the decoder. The linear up-sample module contains 339,886,080 learnable param-
eters. The Siamese encoder, unique to the cost volume model, contains 4,284,160

learnable parameters.

4.3 Sintel Dataset

To further verify findings, each model is also trained and evaluated on the Sintel
dataset introduced by Butler et al. [11]. Like Flying Chairs [7], this is a synthetic
dataset frequently used to train and evaluate optical flow models. The ”clean” version
is utilized for all experiments.

The training set of Sintel [11] contains 1,041 RGB image pairs and associated
ground truth optical flow fields. The optical flow fields are not required for the
training sequence of either autoencoder. The dimensions of each image are (1024 x

436) pixels. For training, all images are center cropped to a size of (256 x 192) pixels.
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The Sintel dataset [11] also contains a dedicated test sequence that is used in the
validation of each autoencoder model. The test set contains 552 RGB image pairs.
No ground truth optical flow fields are provided as part of the test set, however, they
are not needed for the validation of either autoencoder. As with the training set, each
test set image used for validation is (1024 x 436) pixels center cropped to a size of
(256 x 192) pixels.

Each model is trained for 1,500 epochs, the maximum amount given the run-time

constraints of the training environment.

Figure 4.5: An example of two training samples from the Sintel dataset [11]. Black
borders are added to each image to distinguish the individual images. Left: scene at time
t1, Center: scene at time ¢2, Right: associated optical flow represented in the color coding
format introduced Baker et al. [10].

4.3.1 Training Time

Figure 4.6 and Figure 4.7 detail plots of the average validation MSE losses of the
direct model and the cost volume model, respectively. The average validation loss is
calculated and plotted after each training epoch to assist in determining model con-
vergence and model training time. The per-epoch average MSE loss of every fiftieth
training sample is also shown to assist in the determination of model convergence on

the training set.
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Figure 4.6: A plot of the average MSE losses per training epoch of the Sintel dataset [11]
for the direct model.
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Figure 4.7: A plot of the average MSE losses per training epoch of the Sintel dataset [11]
for the cost volume model.

Figure 4.6 details a clear and non-random increase in the average MSE loss of
the validation sequence for the direct model. The training set losses further indicate
convergence as they diverge from the average validation losses. The minimum MSE
loss occurs at epoch 89.

Figure 4.7 details the convergence of the cost volume model via a plateau of the
average validation MSE losses, and near-zero training losses. The minimum observed

MSE loss of the cost volume model occurs at epoch 1,282.
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4.3.2 Accuracy

The average validation MSE losses for both models are shown in the same plot to
support analysis of the accuracy’s of the direct and the cost volume models. Figure

4.8 details the associated plot.
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Figure 4.8: A plot of the average validation MSE loss per training epoch of the Sintel
dataset [11] for each model.

In a qualitative analysis of the average validation losses of each model, the direct
model is initially more accurate than the cost volume model, as indicated by lower
average validation MSE losses. However, by epoch 51, the cost volume model becomes
more accurate than the direct model, where it remains for the rest of the 1,500 epoch
training process.

A quantitative comparison can also be made regarding the overall accuracy of each
model as both have converged on the training set. The minimum observed average
MSE loss of the validation sequence for the direct model is 0.02924 at epoch 89. For
the cost volume model, a 0.02022 average validation MSE loss is observed at epoch

1,282.
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4.3.3 Inference Time

The average inference time for each model is calculated from the total observed time
to generate all inferences of the Sintel dataset [11] test sequence. Table 4.3 details

the observed and calculated results to characterize the required inference time of each

model.
Table 4.3: Model Inference Time Results - Sintel Dataset [11]
Direct Model | Cost Volume Model
Total Validation Inference Time (seconds) | 15.65 15.27
Validation Samples 552 552
Average Inference Time (seconds) 0.02835 0.02766

For the direct model, 15.65 seconds are required to produce the 552 inferences
of the Sintel dataset [11] test sequence. From such, the average inference generation
time is 0.02835 seconds.

The cost volume model requires 15.27 seconds to produce those same inferences.
Therefore, the average inference generation time for the cost volume model is 0.02766

seconds.

4.3.4 Model Size

The number of learnable parameters for each model is reported according to PyTorch.
Table 4.4 details the observed results regarding the overall size of each model as well

as the size of the individual components that contribute to the total model sizes.
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Table 4.4: Model Size Results - Sintel Dataset [11]

Direct Model | Cost Volume Model
Siamese Encoder (parameters) | X 4,284,160
Encoder(parameters) 341,752,320 415,498,752
Decoder (parameters) 2,039,569,920 2,039,569,920
Linear Up-Sample (parameters) | 339,886,080 339,886,080
Total Parameter Count 2,721,208,320 | 2,799,238,912

All images from the Sintel dataset [11] are cropped to (256 x 192) pixels, the
same size used for the Flying Chairs dataset [7]. As a result, the direct model and
the cost volume model are structurally identical across both datasets. Therefore, the
overall model size and composition results reported in Table 4.4 are identical to those

reported in Table 4.2.
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5.1 Analysis of Results

Discussion

The reported results are summarized in Table 5.1. The percentage change of the

training time, model accuracy, average inference time, and model size from the direct

model to the cost volume model is also reported to assist in analyzing the effects of

cost volume use. For all reported values in Table 5.1, those on the left of the cell

correspond to the Flying Chairs dataset [7], and the values on the right correspond

to the results for the Sintel dataset [11].

Table 5.1: Summary of Results (Flying Chairs [7]/Sintel [11])

Direct Model | Cost Volume Model Difference
Training Time (epochs) | X/89 X/1282 X /1,340 %
Accuracy (MSE Loss) X/0.02924 X/0.02022 X/-30.8 %
Average Inference

0.02466,/0.02835 | 0.02397/0.02766 -2.80/-2.43 %
Time (seconds)
Model Size (parameters) | 2,721,208,320 2,799,238,912 2.87 %

42



Chapter 5. Discussion

5.1.1 Training Time

In regards to training time, an analysis cannot be provided for the models trained
on the Flying Chairs dataset [7], as neither the direct model nor the cost volume
model has converged. However, an analysis is provided for the Sintel dataset [11]
as convergence is achieved for both models. Given the significant difference in the
size of the training sets, 22,872 samples versus 1,041 samples, it is not unexpected
that convergence is only observed on the Sintel dataset [11] due to run-time limits
of the training environment. Since the Sintel dataset [11] is smaller than the Flying
Chairs dataset [7], the per-epoch iteration time is less. As a result, the models can be
trained for more epochs within the run-time limit of the training environment. While
increasing the training set batch size can reduce the per-epoch iteration time, this is
not possible due to memory constraints.

On the Sintel dataset [11], the direct model converges in 89 epochs, while the
cost volume model converges in 1,282 epochs. The result is a 1,340% increase in
training time for the cost volume model over the direct model. While the training
time will vary between specific model implementations and training datasets, the
substantially differing results show that utilizing the cost volume as a pre-processing
operation increases model training time. As the production of the latent form in each
autoencoder is consistent with complete optical flow models, the reported results
signify that cost volume utilization increases the training time for vision transformer-
based optical flow models.

These results are consistent with other works, such as that by Cordonnier et
al. [50], who show that as the number of learnable parameters increases for self-
attention-based models, the number of epochs required for model convergence also
increases. As increasing the number of parameters within a model effectively increases
model complexity, additional training is required for models to learn the relationships

between input data and generate accurate inferences.
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5.1.2 Accuracy

As discussed prior, neither the direct model nor the cost volume model has converged
on the Flying Chairs dataset [7], meaning a quantitative analysis is not possible to
examine how the cost volume affects model accuracy. However, an analysis is possible
for the Sintel dataset [11] given that convergence is observed for both models.

The best observed average validation MSE loss for the direct model is 0.02924.
For the cost volume model, the best observed average MSE loss is 0.02022, a 30.8%
improvement. These results indicate that cost volume use to assist in producing the
latent form of input data improves model accuracy. One reason for this improve-
ment is an increase in the quality of the latent representation of input data. As the
production of the latent form is similar to that of complete optical low models, the
reported results also indicate that cost volume use in vision transformer-based optical
flow models can improve the latent space quality, and thus accuracy of optical flow
inferences.

These findings coincide with those of Dosovitskiy et al. [7], who examined the
use of the cost volume in CNN-based optical flow models. They find that on the
Sintel clean test set [11], the FlowNetSimple model achieves an average endpoint
error of 7.42. The model that utilizes a cost volume, FlowNetCorr, has an average
endpoint error of 7.28, a 1.89% increase in model accuracy. While one might conclude
that utilizing the cost volume in vision transformer-based optical flow models is more
beneficial than in CNN-based models, this assertion is not necessarily accurate. The
results by Dosovitskiy et al. [7] detail the accuracy of complete optical flow inferences.
The results reported in this document detail the quality of the latent form used in
producing optical flow inferences. While the quality of the latent form is directly
related to overall model accuracy, a direct comparison can not be made between the
differing backbone architectures. However, the holistic observation holds that the

cost volume benefits both styles of optical flow models.
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5.1.3 Inference Time

Regarding the average model inference generation time of the Flying Chairs dataset
[7], the direct model requires 0.02466 seconds while the cost volume model requires
0.02397 seconds, a 2.80% improvement. Similar results are found for the Sintel dataset
[11]. The direct model inference generation requires 0.02835 seconds, while the cost
volume model produces inferences in an average of 0.02766 seconds. In this instance,
the cost volume model is 2.43% faster than the direct model. As the latent data pro-
duction of the autoencoders is in a manner similar to complete optical low models, the
results indicate that cost volume use provides a slight benefit to vision transformer-
based optical flow models regarding average inference time.

These results differ from those observed for CNN-based optical flow models as
reported by Dosovitskiy et al. [7]. In the case of FlowNet, cost volume use results in
an average inference time of 0.15 seconds, an 87.5% increase over the 0.08 seconds to
generate inferences without the cost volume. One explanation for this discrepancy is
differences in how reducing the resolution of input data affects the different backbone
architectures. As indicated in the original vision transformer paper, reducing input
resolution by a factor of 2 reduces inference generation time by about 70% [6]. For
a CNN, the same reduction of input resolution only results in a 27.4% improvement
in inference time [51]. For all experiments performed within this document, the cost
volume reduces input resolution by a factor of 8. While Touvron et al. [52] indicate
that the increased size of the vision transformer-based cost volume model would typ-
ically increase inference time, it is likely that the magnitude of the benefits provided
from reduced input resolution outweighs the negative impacts of increased model size.
The result is that cost volume utilization provides an overall net decrease in the in-
ference time for vision transformer-based models. In the case of CNN-based optical
flow models, the lesser magnitude of improvement from reduced input resolution is

likely insufficient, resulting in a net increase in inference time from cost volume use.
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5.1.4 Model Size

The input data from the Flying Chairs dataset [7], and the Sintel dataset [11], is
cropped to a standard size of (256 x 192) pixels resulting in identical model sizes
between datasets. The overall model size of the direct model is 2,721,208,320 learnable
parameters. The cost volume model size is 2,799,238,912 learnable parameters, a
2.87% increase over the direct model. Table 4.2 and Table 4.4 indicate that the
source of the increase in overall model size is the addition of the Siamese encoder
for feature extraction as well as an increase in the size of the encoder to generate
the latent representations of the input data. As both of these differences would also
be present for a complete optical flow model, these results indicate that cost volume
utilization results in a slight increase in model size for vision transformer-based optical
flow models.

The reported results are consistent with those regarding the effects of the cost
volume on model size for CNN-based optical flow models. While Dosovitskiy et
al. [7] do not provide official FlowNet source code or report the exact model sizes,
an unofficial implementation by Clément Pinard [53] reveals that the cost volume-
based model requires 39,179,152 learnable parameters. The model that does not
utilize a cost volume requires 38,680,336 parameters. In the case of the CNN-based
FlowNet model, cost volume utilization increases model size by 1.29%. While the
cost volume-based FlowNet model does not utilize an additional Siamese encoder for
feature extraction, overall model size still increases from cost volume use. Despite
the fact that the cost volume has a smaller resolution than the raw input images,
the overall size of the cost volume is greater due to increased depth. For a CNN to
accommodate the increased depth, the convolution layers must increase their number
of learnable parameters, thus increasing overall model size. Vision transformers must
also increase in size to accommodate the increased depth, which in addition to the

use of Siamese encoders, increases overall model size from cost volume utilization.
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5.2 Limitations

The results reported regarding the effects of the cost volume on vision transformer-
based optical flow models only apply to models in which the cost volume is used as
a pre-processing operation to assist the model backbone in forming latent represen-
tations of the input data. While this is the typical method employed by optical flow
models, some models use the cost volume in an alternate manner, such as the vision
transformer-based GMFlow model introduced by Xu et al. [18]. Rather than utilize
the cost volume to assist in pre-processing the input images, GMFlow uses the cost
volume as the basis of an optical flow hypothesis which is refined to a final prediction.
In this instance, the cost volume is a primary feature of the model rather than an
auxiliary pre-processing operation used to assist the model backbone. For models
such as these, the reported effects of cost volume use do not apply.

Additionally, the generalization of the results on non-synthetic datasets is un-
known since all experiments were performed on synthetic datasets. Given the require-
ments for large amounts of labeled training data, especially in the case of transformer
architectures [5], many rely on synthetic datasets such as FlyingChairs [7] and Sintel
[11] to assist in training optical flow models. While these synthetic datasets are of
high quality, they do not accurately represent data encountered in "real world” sce-
narios. Unfortunately, very few realistic optical flow datasets exist. Of those that do,
such as KITTI [54], they are often smaller than synthetic datasets and are typically
for sparse optical flow predictions. This discrepancy is a direct result of the difficulty
in labeling realistic data for the optical flow task. As the reported results examine
the latent representation of input data rather than the construction of complete opti-
cal flow fields, it is unlikely that a non-synthetic dataset would produce significantly

different results. However, this claim cannot be made with complete certainty.
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Conclusion

In the typical use of a cost volume in optical flow models, the most direct impact is
observed in producing the latent form of input data. Therefore, to ensure the gen-
eralization of results across various implementations of complete optical flow models,
only the effects of the cost volume on the latent form are examined. To do such,
two autoencoders are utilized in performing all experiments. The first autoencoder
provides input images directly to the encoder module. The second produces a cost
volume of the input data which is then provided to the encoder. In both models, the
encoder is implemented as a base vision transformer architecture to ensure that the
production of latent data is in a generic manner applicable to various optical flow
implementations.

As discussed in Section 3.1, numerous works have shown that the process of cre-
ating a latent representation of input data directly influences overall model behavior,
regardless of the target application. Because the direct model (Section 3.1.2) and
the cost volume model (Section 3.1.3) produce the latent form of input data similar
to that of an optical flow model, the following conclusions can be drawn regarding
the effects of the cost volume on vision transformer-based optical flow models: cost
volume use improves model accuracy and reduces inference generation time, but in-
creases model training time and overall model size. As the latent representation used

to form an optical flow hypothesis was examined in this thesis, rather than the optical

48



Chapter 6. Conclusion

flow hypothesis itself, the exact improvement or detriment provided by cost volume
use is unknown. However, given the careful attention to the construction of the latent
space, these overarching conclusions are made with confidence as to their applicability
to a complete optical flow model.

Supplemental work on this topic could provide additional insights regarding cost
volume use to further benefit those researching vision transformer-based optical flow
models. One potential area for further work is to train and evaluate each autoencoder
model on non-synthetic datasets. In doing such, the results presented could be further
verified for the non-synthetic domain. This additional work may benefit researchers
developing models for "real world” applications such as autonomous driving. Another
area for further work would be to repeat the described experiments with a complete
vision transformer-based optical flow model, rather than autoencoders. While the
overarching trends of the reported results are unlikely to change, this additional ex-
periment would provide insights into how specific models are affected by cost volume
use. With insights regarding complete optical flow models, and in consideration of
specific applications, those designing complete vision transformer-based optical flow
models can more precisely weigh the benefits and drawbacks of cost volume use.

In conclusion, the work presented in this thesis advances the optical flow domain
by addressing a knowledge gap previously overlooked. Before this work, the effects
of the cost volume were only examined for CNN-based optical low models. This is
despite the fact that the cost volume is widely used in vision transformer-based optical
flow models as well. As this work has shown, backbone architectures are affected
differently by cost volume use. Therefore, with the findings reported, researchers
can now properly consider the various effects of the cost volume in designing vision

transformer-based optical flow models.
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