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ABSTRACT

REINFORCING GOOD DECISIONS FOR GLOBAL
MULTIPLE-OBJECT TRACKING
Taher Anjary
Master of Science in Computer Science and Engineering
June 15, 2023

Multiple Object Tracking (MOT) involves the challenge of determining the paths
followed by individual objects within a video. Recent advances in MOT achieve
tracking using the tracking-by-detection paradigm. The challenge is in resolving
ambiguous correspondences between detected objects across the temporal axis. This
has lead to learning to extract and utilize more discriminative features. Such dis-
tinguishing cues can be extracted either visually, geometrically, spatio-temporally
or from velocity. Most relevant to our work are approaches that utilize the global-
reasoning capacity of Graph-Neural-Networks (GNNs). However, many networks
that take this approach overlook the high number of False Negatives that hinder the
tracking performance. In our work, we start with an abundant set of detections. The
abundance of detections capture as many False Negatives as possible, but also in-
creases the number of False Positives. We formulate our method with REINFORCE,
and a task-specific reward formulation to reason through the vast combinatorial
space and find the optimal trajectories. Taking inspiration from two-stage-object-
detectors, we develop a Track-of-Interest head to generate track-proposals via a
learnable random walk sampler, allowing the network to present the best set of
tracks. We show that using a proposal-based approach in this way allows the agent
to leverage the global scope of data available to GNNs rather than local, pairwise
relations between detected objects. We show an improvement in commonly used
tracking metrics on the MOT17 dataset. Our code will be made publicly available
at https://github.com/tanjary21/ReiTracker.
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OZETCE

Yiiksek Lisans Tez Basglig:
Taher Anjary
Bilgisayer Miihendisligi, Yiiksek Lisans
15 Haziran 2023

Coklu Nesne Takibi (MOT), bir video i¢indeki tek tek nesnelerin izledigi yollar: belir-
leme zorlugunu icerir. MOT’daki son geligsmeler, tespit yoluyla izleme paradigmasini
kullanarak izlemeyi miimkiin kiliyor. Buradaki zorluk, zamansal eksen boyunca
tespit edilen nesneler arasindaki belirsiz yazigmalar1 ¢ozmektir. Bu, daha ayirt
edici ozelliklerin cikarilmasi ve kullanilmasinin ogrenilmesine yol acmigtir. Bu tiir
ayirt edici ipuclar1 gorsel, geometrik, uzay-zamansal veya hizdan elde edilebilir.
Cahgmamizla en alakal olan, Grafik-Sinir Aglarimin (GNN'ler) kiiresel akil yiirtitme
kapasitesini kullanan yaklagimlardir. Ancak bu yaklagimi benimseyen bir¢ok ag,
izleme performansini engelleyen ¢ok sayida Yanlig Negatifi gozden kacirir. Caligmamiza
bol miktarda tespitle bagliyoruz. Tespitlerin ¢oklugu miimkiin oldugu kadar ¢ok
sayida Yanls Negatif yakalar ancak aymi zamanda Yanlis Pozitiflerin sayisini da
artirir. Yontemimizi REINFORCE ve goreve 6zel bir 6diil formiilasyonu ile formiile
ederek genig kombinatoryal alanda akil ytiriitiip en uygun yoriingeleri buluyoruz.
Iki agsamali nesne algilayicilardan ilham alarak, ogrenilebilir bir rastgele yiiriiyiis
ornekleyici araciligiyla izleme onerileri olugturmak icin bir Ilgi Alant baghg: gelistiriyoruz
ve agin en iyi izleme dizisini sunmasina olanak sagliyoruz. Oneriye dayali bir
yaklagimin bu sekilde kullanilmasinin, aracinin, tespit edilen nesneler arasindaki
yerel, ikili iligkilerden ziyade, GNN’ler i¢cin mevcut olan kiiresel veri kapsamindan
yararlanmasina olanak tamdigin gosterdik. MOT17 veri kiimesinde yaygin olarak
kullanilan izleme oOl¢timlerinde bir gelisme oldugunu gosteriyoruz. Kodumuz su

adreste kamuya aciklanacaktir: https://github.com/tanjary21/ReiTracker
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

Multiple-Object-Tracking(MOT) is a key problem in Computer Vision. Solving
it means that one can look at a video sequence, uniquely identify all the objects
that exist in it and maintain each of the identified objects as they evolve through
the video sequence. We focus only on tracking pedestrians in our work. MOT is
a mid-level task within Computer Vision, but it provides a foundation from which
higher-level tasks can be achieved. These tasks include practical applications such
as virtual reality, pose estimation, human-computer interaction, action recognition,
behaviour analysis, visual surveillance[Luo et al., 2021], autonomous driving[Chang
et al., 2019, Wilson et al., 2021, Lambert and Hays, 2021].

MOT literature would show the following intuitive way of accomplishing MOT:
using ever-improving object-detectors trained on large pedestrian datasets, one can
extract features of objects detected at each frame, and use a similarity measure to
find the corresponding objects in adjacent frames. Determining the correspondences
i.e. deciding which detections from one frame associate to which detection in a
subsequent frame, would mean an object has been successfully tracked from one
frame to the next, and this can continue for several frames. Approaching MOT
in this way, where one first detect objects independently at each frame and then

associates them at a later step, is known as the tracking-by-detection paradigm.

1.1 Common Errors in Tracking

Tracking-by-detection works in ideal scenarios, where the objects in the video are
always, clearly visible by a sensor, and are correctly detected with precise bounding

boxes. Then, by computing a euclidean distance between each detected object in one
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frame and and that in a subsequent frame, one could construct a distance matrix, and
use a Hungarian algorithm to optimally assign a strict one-to-one matching. This is
equivalent to optimally(within the local context) associating objects based on which
object from a subsequent frame is closest to which object in the current frame.
Repeating this for the entire video would give you perfect trajectories. However, in

real world scenes;

e crowds may walk in all directions on a busy street
e crowds occlude each others’ visibility to a camera
e crowds move with inconsistent speeds and directions

e other objects that my be mistaken for a human figure such as statues, reflec-

tions, shrubs and motorcyclists may exist

e the video may be captured at low frame rates

With such real-world scenarios, MOT becomes a significantly more complex op-
timization problem to solve.

When an object that needs to be detected is not visible by a camera, the detector
may not be able to detect it. This is termed as a False Negative (FN). FN’s are
a critical problem in Autonomous Driving because it is unacceptable to not detect
an object that appears in front of a moving vehicle, especially if it is human. To
alleviate this, object detectors are being trained on extensive datasets, constantly
pushing the state-of-the-art in recall.

In an effort to capture FNs however, one may create overly-cautious detectors to

e predict objects that resemble pedestrians

e predict empty objects near the edge of a wall in anticipation of a child running

onto the street

e predict multiple objects in the vicinity of one object in anticipation of occluded

objects behind it
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Such detections are termed as False Positives (FP). This warrants the need for an
algorithm such as Non-Mazimal Supression (NMS). NMS discards predictions that
are below a certain confidence threshold and have significant overlap with other,
more confident predictions. This is robust in that in the attempt to capture FNs,
FPs increase, but can be discarded intelligently. Leaving high recall, high precision,

hence highly accurate detections that can be tracked.

1.2 Challenges in Tracking

To track the given detections, one may intialize a track with each detection’s bound-
ing box, then compute euclidean distances to the bounding boxes of detections from
the next frame, and perform one-to-one matching, then update the track with the
new bounding box location. This can be repeated over subsequent frames.

Such association, where the criterion for computing distances between detections
is based on geometric similarity in location, scale and time, are termed geometric, or
spatio-temporal association cues and can be measured via Intersection over Union
(IoU). Spatio-temporal cues are an efficient distance criterion as they are cheap and
easy to compute, especially in real time, but can fail when the frame rate is low and
motion is fast. This is because spatio-temporal cues assume that an object will move
only incrementally, given high enough frame rates, such that their loU remains high,
and warrants a confident association. This is unfortunately an unreliable assumption
as motion may be high when the camera is also moving, frames rates may be low
due to processing and bandwidth constraints.

Previous works exist to correct and account for camera motion and frame rate but
they are not robust enough to adapt to a wide range of velocities. Furthermore, the
trajectory is terminated if at any point a match cannot be made, which may happen
due to temporary occlusions or FNs. Termination is necessary for scenarios such as a
target leaving the field of view, but is undesirable if the target is only momentarily
occluded and re-appears later. Such a tracking error is called a Fragmentation
(FM). Previous works address this by using patience-windows or buffers, such that

unmatched trajectories may be stored in anticipation for re-association, if they re-



Chapter 1: Introduction 4

emerge within a specified number of frames, and then the trajectory can be re-
activated. However, if the motion suddenly changes during the occlusion, Iou may
not be a robust enough cue, especially in crowded scenes where there may be several
possible candidates for the re-association.

To address ambiguous associations from spatio-temporal distances, Person Re-
Identification (RelD)[Ristani and Tomasi, 2018] was found to be a robust cue.
ReID[Ristani and Tomasi, 2018] aims to produce a normalized similarity score for
two detections, based on feature vectors computed from their visual appearance i.e.
by encoding the pixels within the bounding box. This allowed associations to be
made effortlessly regardless of how long the target is occluded for. However, several
targets may dress similarly, resulting in similar features. Highly occluded targets,
even if detected, would contain similar pixels to the occluder, resulting in similar
features. This made visual association cues prone to ambiguity as well, and a cosine
distance between two candidate matching features would no longer suffice as the
distinguishing cue.

A common practice in real-time MOT was to use Kalman filters[Bewley et al.,
2016, Yu et al., 2016] to predict the next spatial position of a trajectory, which proved
useful as not just a cue, but also to continue propagating a trajectory through an
occlusion. This demanded that, upon re-emergence, a propagated trajectory would
have to have not only a high IoU with the re-emergent detection, but also a high
visual similarity. The issue however, was that several changes may occur under the
occlusion: the trajectory may change their velocity, which affected their appearance,
position and scale.

Since several trackers assumed linear motion, non-linear Kalman filters and/or
learnable RNN/LSTM based motion models were explored. This also allowed the
prediction of multiple possible future locations. Further advances noted that graphs
allowed interactions between targets to be considered prior to making associations.
Real-time trackers conjectured that the interactions could be the cause of non-linear
motion, akin to charged particles attracting/repelling each other when in each others’
vicinity, hence altering their velocities. Graphs naturally embedded these interac-

tions, so real-time trackers modelled interactions by including hidden embeddings
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from neighboring tracks as additional input cues to their motion predictors. But
graphs also naturally allowed visual cues to undergo interaction, recognizing that
an occluded trajectory would have high visual similarity to the occluding trajectory,
and scrutinized visual embeddings could be learned via several graph-conv itera-
tions. This corresponded to stronger, more discriminative visual embeddings to be
learned in real-time trackers via contrastive learning methods, using nearby targets
as contrastive samples to strengthen the discriminatability in the learned embedding

space.

1.3 Graph Based Solutions

Meanwhile, graphs were gaining popularity in tracking because they allowed a global
view of the scene in both spatial and temporal dimensions; all detections from the
past and future can be simultaneously considered before making association deci-
sions. A track that is temporarily occluded could immediately re-associate to its
re-appearance ten time-steps in the future rather than greedily associating to the
next best object in the next time-step. While offline-graph methods, by design, can-
not operate in real-time tracking, they proved more robust in offline visual analysis
tasks[Bras6 and Leal-Taixé, 2020]. Furthermore, graph trackers provided clues as
to how real-time trackers could be improved; by utilizing buffers/patience windows
to mitigate greedy decisions, and more recently, segregating the association process
into two rounds; associate high confidence objects first, then associate the low con-
fidence and leftover objects. The buffers/patience-windows would allow real-time
trackers to track through occlusions, alleviating IDSw and FMs, while two-round
associations would allow capturing more FNs and carefully discarding FPs.
Graphs also showed that utilizing both visual and spatio-temporal cues was not
only possible, but allowed synergistic advantages: visual similarities could be used
when spatio-temporal cues became uninformative such as during temporary occlu-
sions, and spatio-temporal cues could be used when visual similarities were ambigu-
ous such as when two targets dressed the same. The disadvantage of offline graphs

are that they cannot run in real-time, and that the increased, global scope created
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a larger search space, hence increasing the label imbalance and making them sus-
ceptible to tracking errors from more ambiguities. Such were the ambiguities with
graph trackers that violations were occurring; detections could associate to multi-
ple other detections, implying that the trajectory split into multiple futures, and
vice versa is true for the past. Hence, flow constraints and linear solvers had to
be adapted to resolve conflicts/violations, but they were non-differentiable and sim-
plified the constraints only on the associated decisions(edges) rather than also the
detections(nodes). For both graphs trackers and real-time trackers, more discrimi-

native visual and spatio-temporal cues were necessary.

1.4 Our Proposed Method

Our work hence began with MPN[Brasé and Leal-Taixé, 2020], a graph-tracker that
utilized preprocessed detections from Traktor[Bergmann et al., 2019] to improve de-
tection recall. We chose this approach due to the ability of graph-trackers to consider
information from a global scope of the scene before making association decisions,
consequently eliminating the need for hard-coded processes such as buffers/patience-
windows to handle occlusions.

The popular observation in tracking-by-detection is that the quality of detec-
tions is a strong factor in determining the quality of the tracker. Furthermore, we
conjecture that detection could benefit from tracking cues; an FP detection could be
discarded not based on its confidence but on whether a visually, spatio-temporally
similar detection exists in adjacent frames. Such is our motivation for utilizing un-
suppressed detections; discard them only after all information has been considered,
such that recall and precision can be optimized.

Upon closer investigation however, we found that quality detections are not easy
to obtain on unseen data, implying overfitting. Furthermore, we found that state-
of-the-art trackers on the benchmark had few FPs but struggled to capture FNs,
implying a very cautious detector. Hence, we utilize a dense set of raw, unprocessed
detections from QDTrack[Pang et al., 2021]. We chose QDTrack due to its power to

exploit local scopes to not just generate high-quality detections, but also several con-
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trastive targets for contrastively learning a discriminative embedding space to sub-
stitute ReID[Ristani and Tomasi, 2018]. The approach involves keeping all Regions-
of-Interest(Rols), prior to being filtered via Non-Maximum-Suppression(NMS) such
that our detection set captures the majority FNs, but necessarily results in a surge
of FPs. Nevertheless, we found the dense detection set significantly increases the
oracle performance of our tracker; an upper bound on the accuracy that our tracker
has the potential to obtain if it made all the right decisions with the given data.
The tracker simply has to learn to identify and avoid tracking FPs. We found this
challenging since the increased FNs comes at the cost of significantly more FPs that
the tracker has to reason through.

MPN utilized a simplified flow-solver that only constrained the associations; a
detection-node can have at most one edge(association) going in and one edge going
out. While this resolved the violations, it assumed that the node is a TP. This was
sufficient for MPN since they used cautious detections that contained a fairly low
number of FPs. In the case of dense detections however, where FPs are plentiful, we
found the solver to be susceptible to incorrect associations, since the solver’s design
assumed that every detection-node is a TP. Therefore, we extend MPN to predict
not just probabilities on the edges, but also probabilities on the nodes. We design
the solver such that both edge and node probabilities are used as part of the costs
and constraints in the solver; if a detection-node has a low probability(predicted to
be an FP), then no edges should go in or out of it, whereas if the detection-node
has a high probability(predicted to be an TP), at most one edge can go in and out
of it.

While our inclusion of additional, more flexible constraints on the solver were
reasonable, the performance was not; the FPs were too many for the solver to resolve,
the class imbalance was too high. Hence, we adopt focal loss to weigh and balance
the supervision signals according to the positive-negative sample ratio. This helps
slightly, but proves insufficient.

The literature showed that two-stage detectors such as Faster-RCNN[Ren et al.,
2015] resulted in higher detection recall due to its innovative, trainable Region-of-

Interest(Rol) head; it proposes an abundance of possible detection locations which
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captured several FNs, to be filtered by NMS in an attempt to reduce the subsequent
surge in FPs. Hence, we conjecture that a similar approach in tracking would prove
advantageous. Hence, we create a Track-of-Interest(Tol) head to extract such track-
proposals from within a window of T frames. We design the Tol head to enumerate
every possible non-violating tracklet on the graph as a proposed tracklet of interest.
The process is exhaustive in the combinatorial space, as is the Rol head in the
spatial activation map. Furthermore, each tracklet is in itself non-violating; each
tracklet has no more than one edge going in and out of a node. Similar to how Rol
heads generated several overlapping bounding-boxes as possible detected objects,
Tols generated tracklets that had nodes that were common with other tracklets.
This prompted a form of NMS to be designed for Tols; so we adapted the de-
overlapping algorithm from [Yang et al., 2019b, Dai et al., 2021] and optimized for
GPU processing. The result would give a set of tracklets that did not conflict with
each other; a node cannot participate in more than one Tol. The Track NMS also
allowed final trajectories to be generated easily -via sliding window merging with a
Track-IoU[Cetintas et al., 2022] criterion- without the need of a flow-solver to resolve
conflicts. What remained was a way to utilize the Tols as training samples.
Task-specific supervision such as with rewards and Reinforcement Learning(RL)
algorithms are known to be effective at converging to an optimal solution when direct
supervision on individual steps becomes not just impractical but also unknowable;
a decision made in the past that led to an eventual success of an episode may
lead to failure in other episodes due to varying scenarios; the search space for the
optimal solution is not only vast, but can also be considered a combinatorial problem.
For search spaces where several unfavorable states exist, exploration and variety
encourages discovery and focus on a large portion of the rare favorable states|ben, ].
Trackers that utilize RL methods rely on modelling multiple single-object-trackers(SOT)
as agents, each responsible for tracking its target via a Markov-Decision-Process(MDP).
However, MDP approaches tend to exploit a good state once it is discovered, lead-
ing to possibly unexpected and undesirable behaviour[ben, |. Instead, we design a
high-level, task-specific reward which encourages longer and purer tracklets, pro-

viding supervision to guide learning towards a high-level tracking goal rather than
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directly supervising each decision. This complements our offline graph-tracker ap-
proach while avoiding the MDP model. Furthermore, the exhaustive enumeration
of possible tracklets on a single graph provides the diverse set of samples required
to explore rare favorable solutions that may exist in the large combinatorial space
of unfavorable ones plagued by FPs.

Our contributions are hence 4-fold:

exploiting the global scope of GNNs to make more informed tracking decisions

e cxploiting the power of local scopes of real-time trackers to generate an abun-
dant set of detections that are likely to capture FNs, and enabling tracking
to benefit detection by following a disjoint tracking-by-detection paradigm to

eliminate FPs

e a Minimum-Cost-Flow(MCF) solver adapted to provide additional constraints

to tackle the surge of FPs in the data.

¢ a REINFORCE formulation that encourages tracking from proposals such that
a high-level tracking-specific reward is maximized, while retiring the need for
flow solvers and reasoning through a large combinatorial space of ubiquitous

FPs.
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Chapter 2

BACKGROUND

2.1 Deep Learning on Graphs

When performing 2D Convolution on image data, a central pixel in the subsequent
activation layer is a weighted average of the central pixel in the in current activation
layer and the pixels in the kernel’s receptive field, where the weights are embedded
as learnable parameters in the kernel. 2D Convolution is however only convenient on
input that has regular, grid-like structure. Furthermore, it would not be possible for
a pixel on one end of the image to include a pixel from the other end of the image,
without sufficient layers. Such problems with irregular data exist in the fields of
biochemical research, recommender systems, social networks, natural language and
computer vision.

Applications. In computer vision, dynamic scenes such as objects moving in
a video or irregular data such as point clouds can be represented as graphs [Wu
et al., 2020]. The ability to recognize interactions between objects and represent the
scene’s semantic relationships [Xu et al., 2017, Yang et al., 2018, Li et al., 2018a]
becomes critical to solve a task such as tracking on video data from a camera or
segmenting point clouds from a 3D LiDAR sensor [Wang et al., 2019a, Landrieu and
Simonovsky, 2018, Te et al., 2018]. Other vision tasks being tackled using GNNs in-
clude visual reasoning[Chen et al., 2018], semantic segmentation [Qi et al., 2017, Yi
et al., 2017], few-shot image classification [Garcia and Bruna, 2017, Guo et al., 2018],
question answering[Narasimhan et al., 2018] and human-object interaction[Qi et al.,
2018].The syntactic dependency between words in a sentence from Natural Language
can also be modelled on graph structures [Marcheggiani and Titov, 2017, Marcheg-
giani et al., 2018] and can then be used with GNNs to solve NLP tasks such as

Neural Machine Translation [Bastings et al., 2017], or document classification [Kipf
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and Welling, 2016, Hamilton et al., 2017, Velickovié¢ et al., 2017]. GNN’s have also
been applied to recommender systems [Gao et al., 2023, Berg et al., 2017, Ying
et al., 2018, Monti et al., 2017] where a link prediction between an item and a user
can score the importance of the item and provide customized recommendations to
each user. GNN'’s have allowed researchers to not just model biochemical struc-
tures, but also synthesize new chemical compounds [Li et al., 2018b, De Cao and
Kipf, 2019, You et al., 2018], predict molecular properties [Gilmer et al., 2017],
and determine protein-protein interactions [Fout et al., 2017]. GNNs are becom-
ing ubiquitous in not just the aforementioned domains but also for tasks such as
combinatorial optimization[Li et al., 2018¢|, social influence[Qiu et al., 2018], brain
networks[Kawahara et al., 2017] and event detection[Nguyen and Grishman, 2018].

Global Receptive Field. Graphs provide a natural way to represent irregular
data structures such as social networks or molecular configurations. A Graph G, is
made of N nodes and F edges. Nodes in a graph are akin to pixels on an image,
while the edges describe which nodes(pixels) are immediately adjacent to which
other nodes(pixels). Such an edge specification can be represented as an adjacency
matriz, A € RV*N_ The difference between graphs and images is that a node
can be adjacent to any other node in the graph, while the pixel in an image can
be adjacent to at most 8 other pixels. While a graph of N nodes can have N2
different connections, an image with N total pixels can only have upto 8N total
connections. This allows graph activations to consider any other activation in the
previous layer, while 2D Conv is restricted to only the activations within the kernel
window. Hence, graphs become very powerful and expressive networks, capable of
capturing relationships and gathering knowledge from seemingly irrelevant regions
in the data. They generalize Transformers’ Attention mechanisms [Velickovié et al.,
2017] and Convolution in any dimension.

Graph Convolution. Graphs correspond to images while 2D Conv kernels
correspond to Graph Conv kernels. However, Graph Conv kernels are simple MLP’s
that process a single node’s embedding. The result can be used in Neural-Message-
Passing and Aggregation steps. Attention weights can also be computed on every

edge. Finally, depending on the connections specified by the adjacency matrix,
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Figure 2.1: 2D Convolution(left): Shown in blue are the active elements under
the kernel. The adjacency is implied by the intrinsic euclidean grid structure of
images, hence, the values that get aggregated depend on the kernel’s shape in CNNs.
Graph Convolution(right): In GCNs however, the adjacency in the irregular space
of graphs determine the kernel’s shape. Instead of defining the kernel in CNNs, the
adjacency on the graph is defined. In CNNs, receptive field can be increased with
more layers, in GCN’s hoewever, the receptive field is increased with more message-
passing iterations. The global view of the graph can be accomplished by defining a
fully dense graph, with every node having a direct link to every other node, while on
CNN’s, the same effect can be achieved with a kernel of the same spatial dimensions

as its input[Wu et al., 2020].

embeddings of nodes in the neighborhood of a node of interest can be aggregated
into its own embedding and is akin to attention mechanisms in Transformers and
activation maps in 2D Convolution. formally, let G = (V, E') be a graph composed
of V nodes and E edges. Let v; € V denote a node and e;; = (v;,v;) € E denote a
directed edge from v; to v;. Let hY represent an initial node embedding for node v;.

Performing Graph Convolution is then:

hi; = 0 (b~ by

m;; = 6, (h};, h;.—l) (2.1)
h} = o({m;};en,)

where [ iterates L graph conv layers. 6, is a learnable function with parameters,

but can also be the dot product. 6, is yet another learnable function, but could be
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a simple multiplication. ¢ is then an order-invariant aggregation operation such as
sum, mean, max or min. Observe how graph conv operations can be generalized to
attention mechanisms, 2D convolution, and can even be extended to embed features
on the edges.

Invariance Properties. Transformers do not use recurrence and therefore can-
not utilize the order in which the tokens are arranged i.e. it is invariant to the order.
In 2D Convolution however, the order of the pixels is implicit to the grid-shaped ker-
nels and inputs. Similarly, graphs have no concept of the order of the nodes, hence,
the aggregation function has to be invariant as well. This corresponds to summa-
tion, mean, minimum, maximum and weighted average functions as the choices of
aggregation functions. Such functions will give you the same result regardless of the
order in which its elements are i.e. the sum of 1+2+3 will be 6, but so will 3+142.

Position. While the attention mechanism in Transformers is order invariant,
the task of language processing requires awareness of syntax, which demands an
understanding of the order of the tokens. Therefore, Vaswani et al [Vaswani et al.,
2017] embed 1D sequence positions into the tokens themselves. Similarly in tracking,
while the aggregation functions are order invariant, certain physical rules need to be
modelled, such as how objects can move through space and time and how objects
may influence each others motion to avoid collision. Therefore, we may embed 3D
spatio-temporal positions of each node into itself. Better yet, we embed normalized,

relative 3D spatio-temporal magnitudes on the edges.

2.2 REINFORCE

In problems where what is correct and what is not cannot be accurately determined,
Reinforcement Learning becomes an appropriate optimization method on learnable
networks. For example, when playing games, making a decision may not immediately
lead you to a good or bad state. But a sequence of decisions may ultimately lead to
a final high or low score. Which decision(s) led to an agent’s success/failure may not
be obvious or deterministic, since some may have been good, some bad, and those

definitions depend on the state. Hence, determining the responsible decisions that
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one would like to optimize is known as the credit assignment problem. The only way
to assess the agent is via its final score, which may not be differentiable with respect
to the agent’s learnable parameters. This is where the REINFORCE[Williams, 1992]
algorithm becomes useful.

Assume we have an agent m, with learnable parameters 6, which takes as input
a representation of its environment, history and/or states, s. At each time-step, the
agent predicts a probability distribution p(a|m?(s)), over its action set i.e. the set of
possible actions it can take, and receives a reward. Optimizing the parameters such
that overall expected reward is maximized is then performed by minimizing the loss

via gradient descent:
r x —log(p(aln’(s))) (2.2)

2.3 Stochasticity

For our use case, we require the chosen action to be more stochastic; we want the
actions to be sampled such that exploration is encouraged in early stages. Further-
more, as will be described in more detail in Section 4.4.1, we require the tracker to be
able to simultaneously explore multiple actions at each time-step/frame, since our
method relies on exhaustively exploring through an abundance of varying possible
futures. Therefore, we use Bernoulli sampling rather than Multinomial/Categorical
sampling. The benefits are 2 fold; first, the sampling allows for variation, hence
encouraging exploration. The sampling is not directly differentiable, but is made
so via the reparameterization trick [Schulman et al., 2015]. backward computation
are also elegantly built into PyTorch [Paszke et al., 2017]. Secondly, it allows for
multiple actions to be taken, from a set of actions that are always changing. Note
that in our application, the action set corresponds to the set of outgoing edges at a
particular node. Hence, utilizing REINFORCE with Bernoulli sampling on graphs
is an elegant approach to modelling the complexity of the MOT task.
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Figure 2.2: Showing the difference between Categorical and Bernoulli distribution
based sampling. (a): Bernoulli sampling allows independently sampling an edge,
allowing multiple such edges to be simultaneously sampled with their respective
distributions. (b): Categorical sampling normalizes the probabilities of all the edges

in the neighborhood of node i, and allows sampling of strictly one edge only
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Chapter 3

RELATED WORK

The majority of cutting-edge MOT (Multiple Object Tracking) methods adhere
to the tracking-by-detection approach, in which the problem is breaken down into
two distinct stages: First, identifying the positions of pedestrians in each frame
independently, with neural networks currently being the most advanced method [Ren
et al., 2015, Yang et al., 2016, Redmon and Farhadi, 2016, Yang et al., 2016], and
secondly, establishing connections between the identified detections across different
frames to create trajectories.

In the following sections, we first describe how graphs are adapted to tracking,
and the association cues that are required in Section 3.1. Then, we describe how
deep learning is utilized to solve the various components of the tracking problem in
Section 3.1.1. We proceed to describe trends in recent graph tracking approaches
that use learnable methods and provide a summary of recent graph tracking works
in Section 3.1.2. In Section 3.2, we describe other tracking approaches that mostly
adapt detectors to perform tracking and highlight what complexities of tracking
other methods emphasize. Here, we describe the complementary benefits that jointly
training a detection and tracking pipeline have, how they learn better features and
how FP-FN trade-off can be handled. We highlight that while we do not jointly train
our detector and tracker, we couple them by delegating the detector refinement to
the tracker, such that global cues from the temporal domain can be exploited to
improve detection quality. In Section 3.3, we describe how reinforcement learning
and reward based methods have been adapted to tracking. We report that the trend
in reinforced tracking is to adapt multiple, single-object-trackers(SOT) which do not
always model interactions. We highlight the importance of task-specific rewards and
how others either use immediate, local feedback or revert to more high level, but

slower reward evaluation methods. We distinguish ourselves via a novel reward
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design that encourages tracking on a more high level, global context, while being
easy to compute and approximates tracking accuracy metrics. Finally, in Section
3.4, we describe other methods that resemble our approach to tracking by proposing.
We highlight the importance of having excessive data to provide a rich and diverse
set of training samples from the limited, annotated tracking data that is available.
We liken our approach to the performance boost that two stage detectors obtain
when using Region-of-Interest(Rol) heads, and introduce our Track-of-Interest(Tol)

head.

3.1 Tracking as a Graph Problem.

Correspondences between samples can be performed online either via a frame-by-
frame processing pipeline for online tasks [Breitenstein et al., 2009, Ess et al.,
2008, Pellegrini et al., 2009] or track-by-track for offline applications of video un-
derstanding[Berclaz et al., 2006]. Batch methods are generally preferred for offline
tasks due to their increased robustness against occlusions. The standard approach
to modeling data correspondences offline involves using a graph, where each de-
tection is represented as a node, and edges indicate potential connections between
them. How the cues are used to predict the associations vary greatly throughout the
literature e.g network flow formulations [Berclaz et al., 2011}, multi-hypothesis track-
ing [Henschel et al., 2017], conditional random fields [He et al., 2015] or quadratic
pseudo-boolean optimization|[Ess et al., 2008].

Association cues. The set of cues that lead to enhanced tracking can be catego-
rized into two; motion in 2D[Bewley et al., 2016, Bochinski et al., 2017, Feichtenhofer
et al., 2017, Xiao et al., 2018, Yu et al., 2016, Held et al., 2016] or 3D[Hu et al.,
2021, Osep et al., 2017, Sharma et al., 2018, Mitzel and Leibe, 2012, Luiten et al.,
2019], or visual similarity[Bergmann et al., 2019, Wojke et al., 2017, Milan et al.,
2016b, Kim et al., 2015, Sadeghian et al., 2017, Leal-Taixé et al., 2016, Son et al.,
2017, Yang and Nevatia, 2012]. The literature is abundant with works that argue
that one cue is more discriminative than the other, or that other cues are unnec-

essary; [Pang et al., 2021] claim geometric, spatio-temporal cues are not beneficial
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while [Zhang et al., 2022] prefer them over visual cues.

In [Saleh et al., 2020, Qin et al., 2023, Dendorfer et al., 2022], online MOT is
approached by modelling the motion. By exchanging interactions with geometric
cues, they predict trajectories. During occlusions, [Saleh et al., 2020, Dendorfer
et al., 2022] employ a probabilistic model to propagate several plausible futures
of the track in anticipation of their geometric reappearance. Instead, [Guo et al.,
2021, Ren et al., 2023] focus on scrutinizing the detections’ features by learning
to predict masks. The masks attenuate regions in the bounding box that occlude
the person, thereby only using relevant pixels to generate more refined, informative
visual /ReID embeddings. Such refined features that only embed specific pixels that
belong to the segment alleviate occluded objects from having high visual similarity
in the feature space.

With graphs however, utilizing all available cues can be modelled rather naturally
[Brasé and Leal-Taixé, 2020, Cetintas et al., 2022]. While other works [Wojke et al.,
2017, Wang et al., 2019b, Zhang et al., 2020, Wang et al., 2021b, Wang et al.,
2021a] fuse appearance and motion features, Hyun et al [Hyun et al., 2023] claim
that they are not discriminative enough in crowded scenes and require higher order
representations from multiple message passing iterations.

The choice cue(s) can then be used to compute learned costs [Leal-Taixé et al.,
2014] and formulated as either a maximum flow [Berclaz et al., 2011] or a minimum
cost problem. Both formulations can be efficiently and optimally solved. In our
work, we focus on tracking offline, using graphs, with visual and spatio-temporal

motion cues and follow the tracking-by-detection paradigm.

3.1.1 Learning in Tracking.

It is widely recognized that neural networks have become the dominant approach
in various vision tasks, especially after [Krizhevsky et al., 2012] demonstrated their
potential in image classification. This trend has also made its way into the field
of tracking, where learning has primarily been used to establish a mapping from

images to optimal costs for the graph algorithms mentioned earlier. For instance,
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Laura et al[Leal-Taixé et al., 2016] learn to predict the cost of associating a pair of
detections by employing a symmetric network, while a combination of CNNs and
RNNs is utilized in the same fashion by Sadeghian eta l[Sadeghian et al., 2017]. More
advanced techniques, such as attention networks [Zhu et al., 2018], have resulted in
improved outcomes.

In [Ristani and Tomasi, 2018], Ristani et al highlight the significance of learned
RelD (re-identification) features for multi-object tracking. Braso et al[Brasé and
Leal-Taixé, 2020] then claim that the aforementioned methods disjoint the opti-
mization from the learnable costs. In contrast, [Schulter et al., 2017, Kim et al.,
2012, Wang and Fowlkes, 2015] integrate the solvers into the learning process, and
Li et al[Li et al., 2022] advance by formulating a differentiable flow solver that al-
lows gradients to pass through it. Li et al[Li et al., 2022|’s pipeline however can only
accomplish the differentiability by formulating a comprehensive two-step framework
that pre-compute the required gradients during the forward pass in order to bypass
the solver’s non-differentiability, with limited success. Braso et al’s method propose
they can directly learn a solver. However, their method does not guarantee that the
trajectories formed from edge classification are free from violations, and therefore
revert to a post-processing pipeline that uses non-differentiable solvers.

Furthermore, [Brasé and Leal-Taixé, 2020, Li et al., 2022] simplify the solver by
ignoring the cost of the nodes, hence assuming that the detection set will always ex-
clusively consist of True Positives. This works in MPN[Bras6 and Leal-Taixé, 2020]’s
favor as they train on the ground-truth annotation detection set, but leads to false
associations when running on unseen data. To address this, we train our model with
an abundance of raw, unfiltered detections that consist of several False Positives.
We then formulate a Minimum-Cost-Flow(MCF')[Zhang et al., 2008] solver that, in
contrast to [Brasé and Leal-Taixé, 2020, Li et al., 2022], constrains both nodes and
edges jointly. We further implement a proposal-to-trajectory inference pipeline that
directly resolves conflicts, yields non-violating trajectories and is devoid of solvers,

yet is comparable to the MCF solver.
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3.1.2  Recent Tracking Approaches on Graphs.

Offline graph trackers. Graph trackers such as [Bras6 and Leal-Taixé, 2020,
Cetintas et al., 2022, He et al., 2021] provide a structure that naturally allow detec-
tions(represented as nodes) to communicate to each other and update themselves,
adaptively and selectively, such that they may encode identity, similarity and dissim-
ilarity. More recent works [Dai et al., 2021, Girbau et al., 2022] implement hierarchi-
cal clustering methods to group smaller, local graphs into longer, global trajectories.
These graph based trackers run offline by predicting association probabilities on the
edges to produce tracks as a groups of connected nodes. By parameterizing graph
hierarchies, Cetintas et al[Cetintas et al., 2022] are able to access larger time-spans
in a learnable way, similar to how the receptive field of CNNs increases with more
layers. At each hierarchy level, tracklets from the previous level are clustered into
larger ones, until they form full-length trajectories.

Online graph trackers. Graph trackers that run online [Wang et al., 2021b,
Chu et al., 2023, He et al., 2021, Xu et al., 2019, Shan et al., 2020], rather than
offline, can be accomplished by formulating bi-partite graphs; nodes in a track-
graph associate to nodes in a detection-graph after performing intra and inter-graph
neural message passing. Wang et al[Wang et al., 2021b] were the first to propose a
jointly trained detector and tracker with a GNN in an online setting, while modelling
relations. They integrate the Centernet[Duan et al., 2019] detector with a DLA-34
backbone[Yu et al., 2018] and a Re-ID module directly into their pipeline. They then
leveraged spatio-temporal object interactions by using GNNs to extract inter-object
relations such that better features that improved both detection and data association
could be learned. They also found GraphConv[Morris et al., 2019] to be better
at embedding relations than other GNN processes; AGNNConv|[Thekumparampil
et al., 2018] and EdgeConv|Wang et al., 2019a].

He et al[He et al., 2021] embed track-nodes by taking the mean of the detections’
features that have been associated upto frame t. They do not use spatio-temporal
cues, but propose a differentiable, convex, quadratic programming layer within their

graph convolutions to construct a quadratic affinity matrix of the edges, and an
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affinity matrix of the nodes to produce an optimal score map to assign detections
to tracks.

Xu et al[Xu et al., 2019] instead propose to utilize not just appearance and
spatio-temporal cues, but also topological cues from the scene to model interactions
using spatio-temporal relational networks. Shan et al [Shan et al., 2020] utilize
appearance and emphasize the role of motion predicting to generate more consistent
features for a progressing target. They achieve this by re-extracting the features
of the tracklets in the current frame based on motion predicting. The adaptive
graph neural network[Shan et al., 2020] is designed to fuse not just appearance and
locations but also historical information, and is crucial in distinguishing different
objects.

Chu et al[Chu et al., 2023] implement an online graph tracker with transformer
inspired modules; A buffer of track graphs for the past T frames are maintained and
undergo self attention across the spatial domain. The output of which is transposed
such that self attention across the temporal domain may be performed. A detection
graph from the current frame also undergoes spatial self attention, before being
cross attended to the track graph. The result is an extended assignment matrix
with additional special rows/columns to handle occlusions, entering and terminating
tracks. Unlike transformer trackers however, [Chu et al., 2023] mask the attention
operations such that only targets in close vicinity to each other can attend to each
other, both inter and intra graph, and both spatially and temporally, allowing the
network to focus on the challenging, ambiguous tracking scenarios.

Hyun et al[Hyun et al., 2023] implement a joint detector and online graph tracker;
they maintain top-K detections from the current frame, such that the several spuri-
ous objects may capture objects that could be missed due to low confidences. They
then claim that by performing several message-passing iterations, higher order fea-
tures such as interactions and occlusions yield more robust association matrices
despite having high confidence FPs and low confidence near-misses, all to capture
long-term dependencies without a motion model.

In our work, we employ an offline graph tracker such that global knowledge can

be conveyed across the graph before predicting associations. This allows us to track
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through missed detections and occlusions while anticipating and avoiding identity
switches. However, rather than using graph-hierarchies to increase the global scope,
we compress the embeddings, allowing us to jointly access temporally larger, global
scopes with a single monolithic graph. This avoids having to train the hierarchies

incrementally and simplifies the training process.

3.2 Improvements in Tracking Approaches with Deep learning.

Learning more discriminative features. Wu et al[Wu et al., 2021] claim that
RelD is trained to scrutinize inter-identity variance for given detections, while detec-
tion -under a contrastive loss- could enhance inter-identity difference and minimize
intra-identity variance. Works by [Wu et al., 2021, Feichtenhofer et al., 2017] were
the first of their kind to recognize that detection and tracking could benefit from
each other when trained jointly. Detectors were then adopted to directly predict the
displacement of objects in subsequent frames [Bergmann et al., 2019, Zhou et al.,
2020, Peng et al., 2020], hence learning tracking jointly on the detector. However,
these architectures were prone to tracking errors caused by short-term occlusions.
To track through occlusions required cues that could be extracted from subse-
quent frames rather than motion cues that simply extrapolated history. By adding
an extra head to a detector, [Zhang et al., 2020, Yang et al., 2019a, Wang et al.,
2019b, You et al., 2023] were able to extract visual cues from a frame and match
them to another frame in the future. This allowed similarity scores to be made
between visible sections of a partially occluded trajectory. These methods however,
were prone to identity switches in ambiguous scenarios where people dressed the
same or walked together. To alleviate visual ambiguity, [Pang et al., 2021, Yu et al.,
2022, Kim et al., 2021] propose to utilize distractor objects as contrastive targets
to drive discriminative feature learning. [Sadeghian et al., 2017] model occupancy
grid maps for every target to allow interactions of nearby targets to influence its
own motion. Kim et al[Kim et al., 2021] pool embeddings of distractor tracks into
the affinity computation, while Pang et al[Pang et al., 2021] use dense distractor
and background detections to do the same. According to Yu et al[Yu et al., 2022],
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computing contrastive embeddings for both tracks and detections are not feasible in
online settings, but can be gotten around by storing trajectories as a single embed-
ding vector.

Tracking with Transformers. Recent adaptations of Attention in Computer
Vision have led to Transformer based tracking. Zhou et al [Zhou et al., 2022] adopt
a transformer architecture to group detection tokens directly into trajectories in an
offline fashion. Different from [Zhou et al., 2022], in online transformer-trackers such
as [Zeng et al., 2021, Xu et al., 2021, Sun et al., 2020, Meinhardt et al., 2022, Cai
et al., 2022], a frame is tokenized, and learnable object queries attend to different
regions in the image, each responsible for detecting a unique object entering the
scene.

Object queries evolve into track queries once they detect an object. The track
queries then naturally interact through attention mechanisms, before attending to
queries from the next frame, where each track-query is responsible for identifying and
encoding its new appearance, position and motion in subsequent frames. The trans-
former based detector-tracker is the first formulation that truly unified detection
and tracking, while allowing interactions to be considered thanks to the attention
mechanisms, which we intuit is responsible for learning more discriminative latent
features, as is in graphs. However, unlike graphs, such transformer-trackers could
not receive global context from across the temporal domain and remained prone to
not just detection errors, but also tracking errors.

False positive and negative trade-off. By focusing on being able to capture
as many of the objects as possible, tracking metrics tend to improve. To track the
abundance of objects, recent works [Yang et al., 2022, Aharon et al., 2022, Zhang
et al., 2022, Pang et al., 2021] perform association in two rounds; Detector-based
trackers maintain buffers of low-confidence detections and utilize them to associate
to left-over(trajectories or detections that failed to associate due to low confidences)
objects in the future. This two-step association qualifies low-confidence detections
-which would have otherwise been discarded- into tracked objects, driving up recall
and tracking accuracy metrics.

Inspired by Khurana et al[Khurana et al., 2021], Tokmakov et al[Tokmakov et al.,



Chapter 3: Related Work 24

2021] attempt to train a detector to explicitly continue detecting occluded targets
by using synthetic datasets because they could be annotated automatically. Their
method, unlike Cao et al[Cao et al., 2023], avoided the need of Kalman filters or
post processing(interpolation) by incorporating a head to quantify target occlusion
and prevent being penalized for FPs. However, [Stadler and Beyerer, 2023] then
claim that some incorrect, high-confidence objects may be associated over correct,
low-confidence ones. So they contribute a joint-association method that alleviates
this issue by considering all objects -regardless of their confidence- simultaneously.
We found [Stadler and Beyerer, 2023]’s observations to agree with ours. Hence, via
message passing, the benefits of multiple rounds of association is embedded by our
multiple message passing steps. The buffers to store and possibly reactivate low
confidence trajectories is instead delegated to our proposal generation step and are
stored only as likelihoods and detection indices, eliminating the need to maintain
large trajectory embeddings. In recognition of [Wu et al., 2021, Feichtenhofer et al.,
2017], we conjecture that by performing a Non-Maximum-Suppression later, at the
tracker level rather than at the detector level, we allow global information from
across the temporal domain to supply discriminative latent cues used in detecting

False Positives, while increasing the recall.

3.3 Reinforcement Learning in MOT.

Online trackers tend to suffer from tracking drift, due to false association errors that
accumulate [Xiang et al., 2015]. Despite this fact, previous attempts at Reinforce-
ment Learning based tracker designs are online methods [Xiang et al., 2015, Yun
et al., 2017, Rosello and Kochenderfer, 2018, Ren et al., 2018, Jiang et al., 2019,
Wang et al., 2022] because online tracking can be modelled as Markov-Decision-
Processes(MDP)[Xiang et al., 2015, Rosello and Kochenderfer, 2018]. They hence
model each track as an agent in an environment with multiple Single-Object Track-
ers(SOT) [Xiang et al., 2015, Yun et al., 2017, Rosello and Kochenderfer, 2018, Ren
et al., 2018, Jiang et al., 2019, Wang et al., 2022], only some of which model in-
teractions between agents [Ren et al., 2018, Jiang et al., 2019]. In Ren et al[Ren
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et al., 2018]’s approach, each track-agent learns its own trajectory via a Q-Network
and an Action selection networks. At each timestep, the Q-Networks consider input
from the environment’s hidden state, containing a representation of all other agents
at the previous timestep. Each Q-Network in turn updates the environment, before
making an action decision. Similarly, Jiang et al[Jiang et al., 2019] model a Deep
Q-Network for each agent using LSTMs. The LSTMs receive messages from other
agents before selecting an action.

An issue with the multi-SOT approaches to MOT is that the number of tra-
jectories need to be known so that corresponding agents may be initialized [Xiang
et al., 2015]. A solution to this involves using a detector at the start of a tracking
sequence, and initializing an agent for each detection. The agent then selects actions
that transform the bounding box parameters such that they may capture the object
in the next frame[Jiang et al., 2019, Yun et al., 2017]. Other actions are used by
the agent to change its state to active-inactive, tracked-lost [Xiang et al., 2015] such
that challenging and dynamic tracking scenarios such as occlusions, terminations
and anticipated identity switches may be handled. An alternate solution to deter-
mining the required number of agents is the tracking-by-detection paradigm, where
detections are handed to agents based on preliminary heuristics such as IoU or co-
sine distance between visual embeddings, and the agent decides whether to accept
or drop the detection, wait or exit the scene, then the left-over detections intitialize
new tracks [Wang et al., 2022].

In order to handle global context in such an approach, Wang et al[Wang et al.,
2022] use a non-differentiable, initial round of assigning plausible detections to each
agent. If the agents select the same detection, the environment resolves the conflict
using linear programming, and assigns rewards at each time-step. The difference
between these two approaches is that one’s action set involves propagating initial
detections, the other’s action set involves choosing the best detection from a detec-
tor in its local vicinity. New agents in the latter can be initialized from left-over
detections that do not get associated, while the former cannot initialize new agents,
unless they use it jointly with other heuristics such as signals from environment

interactions [Ren et al., 2018] or jointly regressing to the detection set[Rosello and
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Kochenderfer, 2018, Ren et al., 2018§]

Since reinforcement learning based trackers are online [Xiang et al., 2015, Yun
et al., 2017, Rosello and Kochenderfer, 2018, Ren et al., 2018, Jiang et al., 2019,
Wang et al., 2022] and can be modelled as an MDP, most works assign rewards at
each time-step after the agents select an action. The reward for it is determined
by considering the ground truth trajectories using Inverse Reinforcement Learning,
providing some level of immediate, fine-grained supervision [Xiang et al., 2015, Ng
and Russell, 2000]. On the other hand, Rosello et al[Rosello and Kochenderfer, 2018]
use a variant of the MOTA metric as the reward itself. This requires the episode
to end before it can be computed since MOTA’s design by definition runs on a
collection of tracking results over a time span. Therefore, when training, [Rosello
and Kochenderfer, 2018] run their tracker for an episode, collect the predictions,
compute the MOTA[Bernardin and Stiefelhagen, 2008], then perform a backward
pass. This provides rewards that are more task-specific from a high level, but is a
bottleneck because MOTA is not differentiable, is slow to evaluate and cannot be
specialized to supervise individual components [Rosello and Kochenderfer, 2018].

Wu et al’s [Wu et al., 2022] work on using a reward-based approach to learn the
Person Re-Identification task (RelD). They employ an agent to compare a query ob-
ject to a sequence of key objects in subsequent frames. The agent receives rewards
based on whether it selects a TP, TN, FP or FN. They target these metrics, and
show in the ablation that with the reinforced gradients, not only does their method
perform more accurately, but also learns better feature representations, scrutinizing
subtle cues and ignoring redundant, uninformative activation regions. This moti-
vates us to explore the effect of rewards on tracking on graphs with excessive data.

In our work, we instead propose a reward function that encourages longer and
purer tracklets. We specially engineer sparse matrix operations that run on the
GPU that allow us to evaluate every proposed tracklet efficiently when training
on graph structures; we compute a specific reward for each proposal. This allows
a high level, task-specific reward function from a more global context to directly
encourage favorable tracking behaviour, with the added benefit of supplying fine-

grained gradients to individual components of the proposals i.e. nodes and edges.
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Our action set is stochastic during training, and corresponds to a single proba-
bility on each edge, and is set to deterministic upon inference, eliminating the need
for hand-crafted action sets that require micro-level supervision. In addition, our
method stochastically explores all options rather than select one edge when training,
complementing our exhaustive-proposal-exploration approach to learn to select one
good decision while recognizing the unfairly large number of bad ones.

The enumeration of possible tracklets leads to conflicts which are handled ef-
ficiently at inference time via our Track-NMS, an alternate method to linear pro-
gramming that can also run on the GPU. Furthermore, while other works use refined
detections from other detectors, we utilize the raw detection set to tackle the well-
known fact that tracker accuracy depends on detection accuracy. Hence, we train
our tracker in anticipation of scenarios where the detector fails to generalize well.

Lastly, we highlight that by performing message passing on graph structures,
we model interactions in the graph’s latent feature space that span more global
contexts, allowing more information about the objects in the scene to be embedded,

and considered before making a decision.

3.4 Proposal based MOT.

The method of proposing targets and filtering them based on confidence has been
shown to detect better by two-stage object detectors such as Faster-RCNN|[Ren
et al., 2015]. Our method takes inspiration from Ren et al[Ren et al., 2015]’s work
in detection applied to tracking; propose to track better by considering several pos-
sible tracklets and keep the most confident ones. While earlier works [Huang et al.,
2013, Huynh et al., 2011] attempted to track by proposing smaller tracklets and iter-
atively grouping them into larger ones, they lacked a single training pipeline; instead,
they trained different hierarchies separately and had to collect training data from
lower levels to train subseqeunt higher levels [Huang et al., 2013] and resolved con-
flicting proposals in favor of purity[Huynh et al., 2011], since impurities could not be
recovered from. This idea was explored by Yang et al [Yang et al., 2019b] to cluster

similar faces on graphs by generating proposal clusters. More recently, Dai et al[Dai
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et al., 2021] adapt similar ideas into tracking; proposals are generated by a determin-
istic pre-processing algorithm that utilizes pretrained visual, spatio-temporal cues.
They train a classifier to score the proposals, optimizing for a binary purity and nor-
malized length score. Differently from [Dai et al., 2021], our proposals are generated
via differentiable random walk sampler based on learned association probabilities.
Furthermore, rather than avoiding impure proposals altogether, our reward formu-
lation encourages longer and purer proposals using a continuous function, allowing
our network to utilize bad proposals to learn good ones via REINFORCE’d gradi-
ents. Additionally, we avoid the need for intricate training procedures of individual
hierarchies.

Graph samplers were proposed by GraphSAINT|[Zeng et al., 2020] in which in-
duced sub-graphs are sampled by performing random-walks on a base graph. Such
walks could be applied to generate tracklet proposals, but lacked the ability to meet
flow constraints. Additionally, the probabilities used to perform these walks are
based on the graph structure itself i.e. in/out degrees and are not differentiable.
Hornkov et al [Horndkovéa et al., 2020] generate plausible walks using disjoint path
solvers that meet the constraints, however, the constraints also restrict the same
edge from being walked on more than once, limiting the enumeration of all possible
walks. Furthermore, Hornkov et al[Horndkova et al., 2020] rely heavily on network
flow solvers. Unlike GraphSAINT[Zeng et al., 2020]’s samplers, our random-walk
sampler is based on learned, differentiable probabilities which returns each individual
walk, separately. We implement the random-walk sampler in a highly parallelized
way, enumerating all possible variants and plausible non-violating walks that can
arise from the reduced search space of the sampled edges. We emphasize that each
walk is in itself non-violating, i.e. no more than one edge can go into and out of a
node, but each node can exist in multiple walks- we acknowledge that this is also a
violation, but claim that these serve as additional training samples, and violations

are resolved at inference devoid of flow-solvers.
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Chapter 4

METHODOLOGY

4.1 Obtaining Dense Detections

In order to capture the high number of FNs, we use raw, un-suppressed dense de-
tections from QDTrack[Pang et al., 2021] with a ResNet-50 backbone and a Faster-
RCNN architecture. We take their COCO-pretrained version and fine-tune it on the
CrowdHuman dataset[Shao et al., 2018] using Static Image Training, as in Center-
Track[Zhou et al., 2020]. We further train it on tracking datasets such as MOT17
since they contain crowded scenes with several occluded trajectories, in various driv-
ing scenarios. QDTrack trains the detector via quasi-dense similarity learning, where
a method that can distinguish distinct targets while associating to identical targets
in a contrastively trained embedding space is optimized for online MOT. This is

performed by utilizing dense Rols rather than discarding them.

4.1.1  Quast Dense Similarity Learning

Rather than discarding low confidence detections, the Rol samples can be utilized
for contrastive learning, pulling the embedding vectors closer for the same objects,
and pushing them further for other objects. Given a key image I; in training, a
reference image [, is sampled from a bounded temporal neighborhood. The feature
maps of each Rol is extracted via Rol Align [He et al., 2017] which are compressed
down to a 256D representation via a learnable embedding layer, trained as follows.

Let an Rol be considered positive if it sufficiently overlaps with a ground-truth
object else negative. If two Rols from two frames correspond to the same ground
truth object, the matching between them is positive (i.e. the association has a label
of 1), else negative(association label 0). Let V be the number of Rol samples on

the key frame, and K the number of Rol samples from the reference frame to be
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used as contrastive samples. The embedding loss, Lempeq, used to learn the desired

embedding space is optimized via,

Lempeqa = log |1+ Z Z exp(v -k~ —v-k") (4.1)
Ktk

where v € [1,V], k € [1, K] and v, k™, k™ are the 256D feature vectors of the training
sample, its positive and negative targets, respectively, in K. This encourages v -
k™~ — 0 for false associations, and v - k™ — 1 for true associations. Once this space

is learned, similarity can then be quantified with a single value between [0,1].

Embedding Head Multi-Positive Contrastive
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— .

Embedding Space
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Figure 4.1: QDTrack Training Pipeline. Given a pair of key and reference images,
feature vectors for all quasi-dense samples are extracted. By applying dense match-
ing between them and optimizing the learned representation with multiple positive
contrastive learning, the resulting feature space is capable of distinguishing different

instances [Pang et al., 2021].

4.1.2  Object Association

Once the embedding layer is trained, it can be used for computing associations.
However, tracking during inference may lead to challenging scenarios where one
track could match optimally to multiple detections. To address this, Pang et al[Pang

et al., 2021] formulate a bi-directional softmaz to mimic a two-way agreement. Let
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m be the feature embeddings for M trajectories tracked upto frame ¢-1, and n be the
feature embeddings for N detected objects at frame . Then, the similarity between

a candidate match between detection ¢ and track textitj is computed:

1 exp(n; - m;) exp(n; - m;)

9 M— N—
2 Zk:ol exp(n; - my,) Zk:ol exp(ny - my)

£(i, ) = (4.2)

A high f score using bi-softmax implies that the two objects are each other’s
nearest neighbor in the embedding space.

In our work, we do not use the bi-softmax association since a similar, bi-directionality
is modelled in our graph as undirected edges. Rather, we notice how the embed-
ding space, when trained under multiple-positive contrastive losses, with the bi-
softmax, is a more tracking-specific alternate to RelD. We show an improvement
in performance when using QDTrack’s jointly-trained embedding layer over MPN’s

pretrained RelD network in Table 5.3.

4.2 'Tracking via Graphs

Formulating the tracking problem as a graph is the first step. In this work, we
approach tracking via the tracking-by-detection paradigm, where the set of detections
from a video are collected from one network, then associated by another to form
tracks.

We define an MOT graph as the set of nodes and edges, where nodes correspond
to the detections, and edges to possible association hypotheses between said nodes.
The nodes encode features about the detection, such as an appearance feature vector,
while the edges encode relative features between the two nodes they connect, such
as the relative distance in spatial(pixel) domain, temporal(frame) domain. The
task is to, once initialized, predict the probability of all the edges in the MOT
graph. Ideally, the two nodes with the most similar visual, spatial and temporal
cues would contribute to higher activations on their corresponding edges, and vice
versa is true. But, there can be ambiguities, caused by scenarios where people wear
similarly colored clothing, walk together, visually occlude others. In such scenarios,

minute dissimilarities would have to be relayed across the graph, to allow knowledge
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to be scrutinized, and appropriate cues exploited, to allow more global informed
decisions to be made on the edge. This has the advantage of allowing occluded
tracklets the opportunity to re-identify themselves and associate correctly, avoiding
greedily associating to the next-best-thing. This also provides opportunity to learn

robustness to identity switches.

4.3 Message Passing Network

Let G = (V,E), where V is the set of detection-nodes and E € RV*V the complete
set of possible hypothesized associations, represent the MOT graph. This graph is
the input to the Message-Passing-Network from [Brasé and Leal-Taixé, 2020]. Node
embeddings are initialized using [Brasé and Leal-Taixé, 2020]’s pretrained RelD
network, which is responsible for generating identical embeddings for people with
people with the same identity. Edge embeddings are parameterizations of relative
timestamps, bounding box location and sizes(see details in section 5.4.5).

Neural Message Passing[Brasé and Leal-Taixé, 2020] is then performed for sev-
eral steps, allowing nodes and edges to relay information, and update themselves to
encode, we can intuit, information about their neighbors, who is most similar, who
isn’'t, how far away they are. Intuitively, if we perform 12 message passing steps,
then two nodes that are 12-hop neighbors apart will be aware of not just each other,

but also the neighborhood between them.

To formalize, given an MOT graph G = (V, E), let h? be the initial ReID em-
bedding for the node ¢ € V', and hgj the the initial, parameterized edge embedding

for every edge (i,7) € E. A forward pass is performed for every node:
1 -1 3,1-1 y,0-1
hi,j - ¢6([hz 7hj 7hi7j ])
mi] = ¢v([h§717 hﬁ]]) (4.3)
h; = o({m;}jen;)
where [ iterates the message-passing step, ¢. and ¢, are learnable functions that

encode latent features from the nodes and edges respectively, mé’j is the latent

message received by the target node i from a source node j in ’s neighborhood,
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denoted by N;, and ¢ is an order-invariant operation such as addition, maximum or
average, which combines all the incoming messages.

At each message passing step, every node and edge embedding is simultaneously
updated from the its neighbors, passing knowledge along, and encoding higher order
latent features.

In practice, for a node at time step ¢, we segregate messages coming from nodes
< t from nodes > t and process them with segregated functions, the result of which
get concatenated into single embeddings during the update. This is to make the
network aware of messages coming from future nodes and past nodes, and assist in
learning temporal dynamics, motion, cause and effect. See [Brasé and Leal-Taixé,
2020] for further details.

In addition to the default MPN[Brasé and Leal-Taixé, 2020] which produces
probabilities on every edge, we add one more head to predict probabilities for every
node. These probabilities are a useful cue as to which nodes from the abundance
are worth keeping and which are not. In practice, we keep them all and use the
probabilities to help distinguish highly probable proposals from unlikely ones i.e. if
a proposal is made of nodes/edges with low probabilities, it will rank lower, making

it easier to purge out. Vice versa is true, see section 4.5.2 for details.

4.4 Track-of-Interest (Tol) Head

4.4.1 Random Walk Sampler

For an MOT graph G(V, E), following message passing, each node v; € V, and edge
e;; € E predicts a probability. A node v; with p(v;) ~ 1 indicates a likely detected
object, and an edge e; ; with p(e; ;) ~ 1 indicates a likely association between nodes
v; and v;.

We pass the edge probabilities p(e;;),Ve;,; € E to a differentiable Bernoulli
sampler, to select a subset of edges ¢; ; C E, yielding an induced subgraph G’ C G.

We then initialize walks on nodes in G’ that have an out degree larger than
1 and in degree of 0. Each walk grows progressively and independently using a

process inspired by artificial cell division|Chatterjee et al., 2015] and nuclear fission.
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Figure 4.2: Main Training Pipeline. After initializing the MOT graph, G, it un-
dergoes Neural-Message-Passing. The node and edge embeddings then go through
their respective classifiers to predict p(v; = 1),p(e;; = 1), i.e. whether they are a
True detection and association, respectively. We then use p(e;; = 1) to probabilis-
tically sample a subgraph, G’. Shown in varying opacities of green and red are the
predicted probability of the node and edge being the ground truth label. The Tol
Head then performs parallelized walks to yield a wide variety of track-proposals,

from which the losses and rewards are computed. The whole pipe is differentiable.

By utilizing sparse Tensor representations and functions, we are able to robustly
represent multiple proposal lengths, simultaneously. If a walk encounters a node
which has more than one outgoing edge, the walk first clones itself into as many
outgoing edges as necessary, and each one of those clones differentiates by walking
on one of the outgoing edges. In this way, we achieve debranching, such that each
walk is a unique track-proposal that can be evaluated independently.

By performing random-walk-sampling in this way, we enumerate all possible
walks that can be generated from the probabilistically sampled subgraph G’. This
necessarily results in a huge imbalance of several impure and rare perfect track-

proposals. We address this imbalance with the assigned score and our REINFORCE
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formulation.

Our sampler is highly parallelized, and generates proposals of different lengths.
All unique walks evolve simultaneously, but the evolution process itself is sequential,
and has an upper bound equal to the number of frames in the graph. This allows

us to achieve unprecedented sampling speeds, exhaustiveness and differentiability.

4.4.2  Proposal Score Assignment

To train our network using REINFORCE, we design a score for each proposal.
The design of the score is crucial to direct the learning towards better proposal
generation. To do so, we assign each proposal a score based on how long it is, and
how pure it is in terms of the identities of detections that comprise it.

Let each node v; € V have an assigned ground-truth identity g,, 7 € [1,T], where
T is the total number of ground-truth trajectories. Let a proposal pyx be a set of
associated nodes {vk 1, Vg2, ....vx .} from the sampler, i.e. a proposed tracklet, where
L is the number of nodes in px. Let the dominating ID of the proposal px be the
g- which occurs most frequently in the proposal. Let L, represent the number of
nodes that make the ground truth trajectory 7, and L; the number of nodes that
make the proposed trajectory. The length score of proposal py is then defined as:

Ly(Lx + 1)

L(L, +1) Y

This allows longer proposals to receive increasingly longer scores, thereby encourag-
ing the network to tend towards longer trajectories.

Let ¢, be the count of nodes in proposal k that have an assigned ground-truth
identity g, . The purity score of the proposal is then defined as:

cer(crr+1)

Li(Ly +1) (45)

The score s; of proposal px is then the sum of the purity and the length score and
ranges between 0 and 2. Formulating a score in this way allows the proposal to be
scored increasingly higher as it gets longer, while being increasingly rewarded for

proposing tracklets with fewer ID switches.



Chapter 4: Methodology 36

4.4.8 REINFORCE Loss

For every proposal py, consisting of nodes and the corresponding edges between
adjacent nodes in the proposal, {{vk1,Vk2, ...k L} U {€k12,€r23, .--€rr-1L}}, We
compute the sum of log-probabilities of both the nodes and edges that constitute

the proposal. Formally, the proposal-loss, I}, of one proposal py is:

=Y —log(p(v)) + Y —log(pler)) (4.6)

Vk,i €Pk €k,ij €Pk

We then weigh each proposal-loss in the batch with its assigned score, giving us

the final REINFORCE supervision signal:

1
L’/’einf - ? pE Sklk (47)
k

Where K is the total number of proposals in the batch. Our loss formulation is
differentiable through the Bernoulli sampler, up through the probabilities, Message-
Passing-Network aggregation functions, to the embeddings, making us, to the best of
our knowledge, the first and only differentiable, proposal-based and REINFORCE’d
tracker. This allows the network to learn tracking by learning to propose confident

tracklets.

4.5 Inference Modes

4.5.1  Tracking via Minimum-Cost-Flow

The Time-Aware-Message-Passing ensures that 99% of the predictions are non-
violating, which is measured by quantifying the Flow-Constraint Satisfaction Rate[Brasé
and Leal-Taixé, 2020]. To handle the remaining 1%, MPN|[Bras6 and Leal-Taixé,
2020] utilize a Flow-Solver. Their formulation enforces that at most, only one edge
can go in and out of a node. They use the predicted edge probability as the costs
for the solver. We extend this further by utilizing the predicted node probabilities

as well, to ensure that learned False Positives can be enforced to not have any edges
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Figure 4.3: REINFORCE formulation to train from proposals. Using predicted
probabilities from the edge classifier, we sample edges. The Tol head then enumer-
ates all possible walks on the sampled subgraph, while maintaining differentiability.
For each proposal, a ground-truth score and loss is computed; the average of their
product is hence the REINFORCE supervision signal that allows us to perform fine-

tuning from the proposals

going in or out of it. We implement a full Minumum-Flow-Cost Solver (MCF)|[Zhang
et al., 2008].

Following the predictions on the nodes and edges, the graph is then passed to a
solver to enforce flow-constraints such that a node cannot be linked to more than
one other node in either the future or the past. Formally, let G = (V, E) be the
graph representing a batch-sample MOT graph where each v; € Vi € [1, Ny] is
a node-detection and each e;; € E,i,j € [1, Ng| represents a possible association
between nodes i and j. Recall that each prediction on a node, denoted v;, is a logit

representing whether it is a valid/invalid detection ie. a True Positive(TP) or a
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False Positive(FP). Similarly, each prediction on an edge, denoted e;;, is a logit
representing whether nodes i and j are associated or not. Then, to ensure that no
more than one edge connects out of(to a future) or into(from a past) a node of
interest, we apply a linear solver to find an optimal combination of associations by

optimizing the objective:

915 — €ijll (4.8)

ming, .

with the following constraints:

Z Yji < 1

JAEE ;i >t;

Z Ui <1

i,kEE t; <ty

(4.9)

Where i, j, k € [1, Ny| and represent a node of interest at frame ¢;, a node from
a future frame t; and a node from a past frame t;, respectively, within the MOT
graph. The solver returns the variables g; ; that represent the optimal associations
such that the constraints are met. Note that g; ;, are constrained to be integer values
1 or 0, representing an association or not, respectively. By optimizing the objective
with such constraints, we also ensure that the chosen optimal is not too far from

the logits predicted by the network.

The formulation above assumes that each node is valid, i.e. TP, which then unin-
tentionally enforces that possible FPs(rogue detections) are considered in tracking.
Such naive constraints can hinder tracking performance by causing more ID switches
and/or fragmentation. To remedy this, node-sense is incorporated to the constraints
such that the solver can optimize robustly despite the FPs. Formally, we specialize

the constraints to:
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Z Uji < Ty

JAEE ;i >t

Z Uik < T4

i,kEE t; <ty

(4.10)

Where z; are the solver’s integer variables 0 or 1, representing whether a node
is an FP or a TP, respectively, and are returned at the end of the optimization.
This gives the solver more flexibility by allowing it to dynamically avoid forming
associations to and from a node of interest-thought to be an FP-while maintaining
the original task of allowing at most one association into or out of a node of interest

if it is thought to be a TP.

We further specialize the objective to:

ming,, > Cij(fig = &5)* + ) Cildi — o) (4.11)
i,jeE eV

Where C represents the negative-log-probability of the corresponding node, C; =
—log(0;) or edge, C; ; = —log(é; ;) . Incorporating the negative-log-probabilities into
the objective allows it to take into account the predicted logits from the network
and ensures that the optimal does not diverge too much from it. The optimization is
accomplished with a linear-programming solver that implements a Minumum-Flow-
Cost Solver (MCF)[Zhang et al., 2008]. The MCF solver takes in node and edge
probabilities and yields integer predictions over the nodes and edges. In other words,
node-sense refers to the solver taking into account the validity of the node in the

objective function.

4.5.2  Tracking from Proposals

Track NMS. The proposals generated by the Tol head enumerates all the possible
walks that can be made on the sampled edges, making it complete set of unique
walks. However, this means that a detection-node that participates in one walk
may appear again in several others. This is considered a violation because it im-

plies that the same detection has formed multiple trajectories. While such scenarios
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are essential for training the network exhaustively, it is not sensible at inference time.

Therefore, similar to how excessive, redundant detections from an object detector
on one frame undergo Non-Mazimum-Suppression, we perform de-overlapping[Dai
et al., 2021] on the proposal-tracklets formed by the graph of a short temporal
window. This is performed by first sorting the proposals by decreasing negative-
log-likelihood, I;. It is important that the criteria for the sorting are the proposal
negative-log-likelihoods, since the proposal score is derived from ground-truth an-

notations which will not be available during inference.

We then process each proposal by removing nodes if they have appeared in any
proposal that is ranked higher. By doing so, we allow a detection-node to remain
in the highest probable proposal, while purging it from any other proposal, hence
resolving violations. This has the added benefit of purging out entire unlikely pro-
posals since it is likely that all its nodes have appeared at higher ranked proposals.
This operation is also implemented with GPU-optimized operations. We analyze

this idea in section 5.4.1.

Track Merging. After processing the proposals into non-violating tracklets,
they must be then merged to subsequent tracklets from subsequent windows into
larger trajectories. To do this, an association cue is required, such as track IoU[Cetintas
et al., 2022, which measures the ratio of detection-nodes that two tracklets from

different temporal windows share in common, defined as:

|(pi N pj)|

(5 Upy)| (4.12)

[OUtrack (pza pj) =

Where i € [ iterates tracklets from one window and j € J another. This demands
that there be an overlap between the two temporal windows. We use 50% overlap,

and restrict the IoUy,.q.. to operate within the scope of the overlap region only. This
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guarantees that the IoUy.q. is 1 when there is a perfect overlap, and 0 when there
is none
The association is then performed via Hungarian matching with the following

cost matrix, cost € RI*7:

1_[0Urack(plap) Zf’(plmp” 20
costli | = t j J (4.13)

00 otherwise

The Hungarian algorithm performs one-to-one optimal assignment using the
cost matrix, which we use to merge two associated tracklets into one. This is then
performed again and again over subsequent overlapping windows by sliding it over
the entire video sequence. The end result are a set of complete trajectories.

In practice, we implement a recursive solution. We also maintain the tracklets
even if they don’t associate at any given step, to allow it to re-associate after an

occlusion.
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Chapter 5

EXPERIMENTS

In the following sections, we first describe the tracking dataset that we train
on. Following it, we describe implementation details such as the losses we use,
the pretraining and finetuning specifications and then describe the different visual
embeddings that we extract and use. Following that, we perform quantitative anal-
yses on how our tracker performs relative to our baselines[Brasé and Leal-Taixé,
2020, Pang et al., 2021] in different validation and test settings. We then ablate our
design choices by first quantitatively describing the learned proposals. We describe
how well the proposals can be synthesized into trajectories using our inference strat-
egy and highlight why a correlation between objective proposal quality and proposal
negative-log-likelihoods must be learned. We further ablate how our REINFORCE
formulation benefits the tracking objective, and how this can be further improved

with different visual, and spatio-temporal embedding choices.

5.1 Dataset

MOT17: This dataset[Milan et al., 2016a] consists of 14 videos of pedestrians
walking in different scenarios such as in a shopping center, a crowded street, or
recorded by a moving camera, providing a diverse set of tracking challenges. The
dataset is split into 7 training videos and 7 test videos, totalling at over 15,000
image frames, over 1,600 trajectories formed from over 300,000 annotated bounding
boxes. Annotations for the test set are not available, and performance metrics on
the test set are obtained by submitting inference results on the benchmark|[Milan
et al., 2016a]. There is a limit on how many times one may submit. Therefore,
validation splits have to be designed from the training data.

Other works tend to divide the training set into half-train and half-validation



Chapter 5: Experiments 43

i.e. the first half of every video is in the training split, while the second half -which
are continuations of the first half- are in the validation set. However, when running
[Pang et al., 2021] in a 3-fold-cross validation setting, it was found to struggle to
generalize. This suggested overfitting in half-train-half-validation setting. Therefore,
we perform most of our MOT17 experiments by diving the dataset into 3 splits,
and perform 3-fold cross validation. Each split contains full videos, avoiding data-
distribution-leaks between train-val splits, allowing us to reliably test generalizability
and overfitting.

Other pedestrian tracking datasets exist on the MOT Challenge benchmark, such
as MOT15[Leal-Taixé et al., 2015], MOT16[Milan et al., 2016a] and MOT20[Dendorfer
et al., 2020]. We avoid training on MOT15 as the dataset is relatively small compared
to MOT17. Furthermore, the average density is 7.3 detections per frame, which is
not as occluded/challenging as MOT17, with an average density of 21.1. MOT16,
on the other hand, has an average density of 20.8, but has three times fewer images
than MOT17. Furthermore, MOT17 already includes MOT'16 sequences, along with
updated annotations. Hence we refrain from using a dataset that MOT17 renders
as redundant and not as challenging.

MOT20, however, has an average density of 149.7 boxes per frame, but has half
as many frames as MOT17 and only 4 training sequences. Therefore, while MOT20
does have a significantly more challenging set of sequences, the dataset has signif-
icantly less variety, causing concerns for diverse training samples and overfitting.
Further concerns involve GPU constraints; our goal is to push the global reason-
ing capacity of offline graph trackers by exploiting the temporal context- but with
dense sequences, the temporal window would have to be shortened. Hence, we avoid

MOT?20 as well, but consider it in future work.

5.2 Implementation Details

Losses: We supervise the nodes and edges using focal loss[Lin et al., 2017]. We
compute focal loss with o = 0.5, v = 2.0 for both nodes and edges. Higher « values

weigh the loss from positive predictions more, while higher v values weigh hard pre-
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dictions(predictions whose labels were predicted with a low confidence) more. This
allows the network to focus more on sifting through the excessive dense detections,
while also paying attention to predictions that are difficult. We apply the super-
vision to the latent logits at all message-passing layers. Our final loss is an equal
composite of three losses: Liotar = Lreinf + Lnode + Ledge-

Pretraining and Finetuning: We use QDTrack[Pang et al., 2021] with a
Resnet-50 backbone, with COCO pretrained weights, further trained on CrowdHu-
man[Shao et al., 2018] using static-image-training[Bergmann et al., 2019], then on
MOT17 using default hyperparameters. We extract the raw, unprocessed detec-
tions to use as input to our ReiTracker. We first pretrain ReiTracker using just
Lyode + Leage with a learning rate of 0.001, for 30 epochs. We then finetune for 30
more epochs by activating L.y, and reduce the learning rate to 0.0002. Without
pretraining, the TOI-head initially samples too many edges, resulting in an explosion
of proposals that cannot fit on an RTX A6000 with batch size of 1. By pretraining,
the network first learns a reasonable edge predictor which reduces the number of
edges that get sampled when reinforcing. When pretraining, we use a batch size of
10 graphs, each of 12-15 frames, then use a batch size of 1 per GPU when reinforcing.
6 Tesla T4’s are sufficient for finetuning.

Embeddings: MPN|[Brasé and Leal-Taixé, 2020] train a separate ResNet back-
bone RelD network to generate embeddings for the detections. The input to this
network are RGB patches of the detections, resized to a consistent size. We be-
lieve this limits the ability to embed visual cues from the vicinity of the detection.
Furthermore, for one detection, the network outputs a 2048D vector used to initial-
ize node embeddings, and a 256D RelD vector, strictly used for computing cosine
similarity and as the criterion for edge construction and pruning. Instead, we use
an encoder, jointly trained with the detector, using explicit Contrastive Loss and
Bi-directional Softmaz[Pang et al., 2021]. The resulting 256D vector hence embeds
visual cues from the vicinity of the detection due to the receptive-field phenomenon
of CNNs, which we use as the node embedding, and the edge construction crite-
rion. This reduced vector size allows us to increase our network parameters and the

temporal range of the input graph samples.
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5.3 Main Results

The MOT17Challenge benchmark|[Milan et al., 2016a] provides a server onto which
we can submit results on the test set. Shown in Table 5.1 section (a) is a comparison
of our results against our baselines, using the publicly available detections provided
by the benchmark. We get outperformed. However, the benchmark has a separate
section for submitting results based on a custom set of detections; the private section.
Here, our method really shines. As can be observed in Table 5.1 section (b), not
only does it surpass MPN, but MPN struggles when subjected to dense detections.
This highlights the specific advantage of our design which focuses on sifting through
excessive data. It shows the importance of showing the network, exhaustively, what
not to do. We were unable to beat QDTrack due to its detector-tracker design, which
focuses on trainnig a powerful detector with several more parameters than MPN.
Note however, how QDTrack struggles to perform well in a 3-fold-cross-validation

setting, shown in Table 5.1 section (c).

5.4 Ablation Studies

5.4.1 Learned Proposal Quality Analyses

Tracking by generating proposal tracklets relies on the ability to have high quality
proposals, and the ability to discard bad ones. To measure the quality of a proposal,
we look at the score assigned to it(sec 4.4.2). However, the score is computed from
the ground truth annotations of the detections’ identities, meaning the score cannot
be a cue during test time. Therefore, it is important that the network learns proposal
likelihoods that correlate positively with the score, and this should generalize to
unseen data. We analyse this in figure 5.1, which shows the learned correlation
between proposal quality and the sum-of-log-probabilities of the nodes and edges
that make the proposal. Further, we show that it generalizes this on unseen data as
well. We can then convert the sum-of-log-probabilities to likelihoods by taking the

exponent of its negative.
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Table 5.1: Benchmark Performance We compare our approach to the state of
the art on the: (a) MOTI7 test set, Public Detection setting, (b) MOT17 test
set, Private Detection setting, (¢) MOT17 3-fold-cross-validation training set. f

represents our method when using contrastively trained features, else we use RelD

embeddings.

Method | MOTA?T IDF11t  FPJ FNJ IDSw|
MPN 58.8 1.7 17413 213,594 1,185
QDTrack | 64.6 65.1 14,103 182,998 2,652
Ours 57.7 59.1 10,901 226,261 1,505
MPN 50.3 58.4 156,090 119,475 4,581
QDTrack | 68.7 66.3 26,589 146,643 3,378
Ours 62.4 60.6 59,289 149,880 3,165
Ourst 62.8 61.9 58,368 149,094 2,499
MPN 64.4 70.8 5,087 114,460 504
QDTrack 38.0 43.1 16,569 190,296 2,055
Ours 69.1 67.7 29,025 72,258 2,823
Oursf 69.7 71.2 21,954 40,041 789

5.4.2  Proposal Enrichment Inference Strategy

We further show the wide variety of proposals that the Tol head generates, crucial
for training the network to reason through the abundance of bad proposals, and
eventually only propose the rare best. In figure 5.2, we show the wide range of
proposals that the network is subjected to during training. We generate these by
performing Bernoulli Sampling4.4.1 using the edge probabilities. At inference, we
binarize the probabilities using 0.5 thresholding, allowing only confident edges to be
walk-able. We show that this discards several bad proposals, leaving only highest
quality proposals. Furthermore, we show that by specifying the walker to only start

walks at nodes with no incoming edges (in-degree=0) and only at least one outgoing
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Figure 5.1: Showing the sum-of-log-probabilities vs score of proposals over the 3-fold
dataset. The correlation shows that learned likelihoods are a useful sorting criterion.
(a) shows the correlation for trained proposals. (b) shows the correlation on unseen

videos

edge (out-degree > 1), we purge more bad proposals, enriching the set of proposals

even more and shifting the distribution closer to perfection.

5.4.8 Effect of Losses

Our Lyeins formulation provides goal-oriented gradients, specific to the batch and
the graph structure by focusing on presenting the longest and purest track proposals.
We show in Table 5.2 up to a 10% increase in tracking accuracy(MOTA) when L, ¢
is activated over its non-reinforced counterparts. However, all 3 losses are crucial
to obtain identity preservation(IDF1), and we see that it correlates to lowering the

False Negatives, thereby achieving our goal of capturing as many of them as possible.

5.4.4 Effect of Embedding

As described in section 5.2, we show the effect of using contrastive features, trained
jointly with the detector. We showcase in Table 5.3 upto a 10% increase in tracking
accuracy and identity preservation. We also boast significant improvement in FP,
FN and IDSw. We attribute this to the power of compressed feature vectors trained
by encoding not just the detection-pixels, but also the latent cues collected from

the vicinity of the detection. The learned embeddings are hence more aware of
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Figure 5.2: Investigating proposal quality distribution during (a): training, (b):
inference and (c): when starting walks at nodes with out-degree > 1. Showing
correlation between proposal likelihoods and ground truth score during (d): training,
(e): inference and (f): when starting walks at nodes with out-degree > 1. All results
are on sequences unseen when training. We show an enrichment in proposal quality

by purging at the node level rather than thresholding at the proposal level.

their immediate surroundings which complement the GNNs ability to pass global

knowledge and exploit subtle cues.

5.4.5  Effect of Different Spatio-Temporal Embeddings

While association based on appearance alone is a strong cue, it can fail in challenging
crowded scenarios. This is because if one pedestrian is being occluded by another,
their appearance will be similar since the processed pixels will be very similar, lead-
ing to possible ID switches. Therefore, along with the appearance embeddings being

passed around the graph to relay similarity /dissimilarity knowledge, spatio-temporal
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Table 5.2: Ablating losses We ablate REINFORCE training with and without node
and edge supervision on the training set of MOT17 using 3-fold cross-validation. We

use pretrained RelD embeddings for the appearance features

Loss
Leage  Lnodge  Lyreing | MOTAT IDF1T  FPJ FNy  IDSw{
v 63.5 63.9 41,280 78,639 3,039
v v 59.4 61.2 18,588 115914 2,259
v 67.6 66.8 18,378 88,383 2,253
v v 69.4 66.9 26,319 73,977 2,574
v v 63.7 64.1 37,842 81,462 2,880
v v v 69.1 67.7 29,025 72,258 2823

Table 5.3: Ablating effect of different visual embeddings: Pretrained RelD
embeddings from MPN[Brasé and Leal-Taixé, 2020] vs contrastively trained features

from QDTrack[Pang et al., 2021]

Embedding | MOTAT IDF1+ FP}  FN| IDSw)

RelD 69.1 67.7 29,025 72258 2,823
Contr. 69.7 71.2 21,954 40,041 789

knowledge about the detections could prove to be a useful, distinguishing cue for
the association prediction. Consider the situation when two trajectories cross each
other’s paths. At the intersection frame, visual association would be ambiguous.
In such a scenario, the relevant nodes and edges could potentially consider the ag-
gregated, higher order embeddings on either side, and choose to associate to the

trajectory with similar motion.

To determine the best method for embedding such spatio-temporal data into
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the graph, we ablate them. We consider them jointly at pretraining and finetuning

stages.

Baseline Embedding. As the baseline, we use [Brasé and Leal-Taixé, 2020]’s
formulation for encoding relative geo-spatio-temporal positions between any source

and target nodes, u, v, from different frames:

log—,log— .

where « is the appearance similarity, computed as a coine similarity between the

[t — i,

RelD embeddings of the pixels from the source and target nodes’ detection bounding
boxes, computed from [Brasé and Leal-Taixé, 2020]’s pretrained RelD network. ¢ is
the frame number converted to a timestamp in seconds, computed using the fps at
which the video is recorded. x,y,w, h are derived from the bounding box
Sinusoid Positional Embedding. MLPs have limited expressive ability to
fit high frequency, nuanced information, such as in ambiguous scenarios, where the
slightest difference could be the distinguishing factor. To address this, we con-
sider Sinusoid Positional Embeddings,[Vaswani et al., 2017]. By embedding position
scalars as fourier values with a variety of frequencies, the network is suddenly armed

with more discriminative input, for values that may be highly similar.

We embed absolute visual, geo-spatio-temporal positions and add them to the
node embeddings. Similarly, we initialize edge embeddings by encoding relative

positions between two nodes:

PErode =[P Esin(f),
PEgin(2e), PEsin(ye),
PEgn(w), PEg,(h),
PFE;, (100 x conf)]

where f is the frame number of the detection, z., y. are the center pixel co-

ordinates of the detection bounding box, w, h the width and height, and conf is



Chapter 5: Experiments 51

the detection confidence with a continuous value [0,1]. We multiply it by 100 since
positional embeddings require integer inputs as the position. P.FEy;, is the sinu-
soid positional embedding function used by [Vaswani et al., 2017]. Each of the 6
attributes is encoded into a 6D embedding, i.e. dpoder = 6 as per [Vaswani et al.,
2017]’s notation. The result is concatenated to give a 36D node-positional embed-

ding that is added to the feature vector of the node.

Similarly, the edges between any two source and target nodes, u,v, are initialized

as:
PEedge :[PESlTL(f] - fz)v
PEsin<xj F xi)?

PEsin(yj - yi)>

al

(5.3)

where « is the cosine similarity between the RelD embeddings of the nodes u,v.
This embeds the appearance similarity as a continuous value.

Learned Positional Embedding. Considering that sinusoid positional embed-
dings allow extrapolatability such that any position can be encoded, they lack the
ability to flexibly learn embeddings that would prove more useful for downstream
tasks, such as message passing and aggregation for spatio-temporal and motion dis-

crimination. Therefore we attempt to learn the positional embeddings.

This formulation is similar to 5.4.5, except that we replace PEy;,(arg) with a

learnable embedding matrix, from which arg indexes.
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Table 5.4: Ablating effect of different positional embeddings We ablate the

effect of the baseline, sinosoid and learnable positional embeddings encoded bsolutely

on the nodes, relatively on the edges, and both. Evaluated on the training set of

MOT17 using 3-fold cross-validation. We use pretrained RelD embeddings for the

appearance features

Encoded on

PE type | node edge | MOTAT IDF11 FPJ FN| IDSw]
Baseline v 69.1 67.7 9675 24,086 941
Sinusoid | v 67.3 66.9 9,281 26,558 837
v 67.2 64.3 5,618 30,451 691

v v 66.8 65.7 8,577 27,802 851

Learned | v 54.7 55.2 4,496 45,755 580
v 53.8 54.0 3,609 47614 574

v v 53.8 54.0 3,609 47,614 574
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Chapter 6

CONCLUSION

We show that the baseline MPN is precision-specific, at the cost of recall; it strug-
gles to handle a high label imbalance and relies on cautious, confident detections.
Furthermore, with current memory constraints, jointly training an offline tracker
with a detector is infeasible. Therefore, we learn tracking from raw, un-suppressed
detections and show that it not only simulates joint detection and tracking, but
also simulates learning in novel scenes where detectors tend spur several regions of
interest, in favor of safety.

We specialize the graph-tracker to handle a high number of FPs while capturing
more FNs. We also show that QDTrack struggles in a 3-fold setting, but is special-
ized to learn more discriminative features, and captures more of the FNs due to its
quasi-dense detection approach. We utilize the best of both MPN and QDTrack to
synergize each others strengths and compensate each others’ weaknesses. Addition-
ally, we show that FPs are better identified if suppressed at the tracker level, rather
than at the detector level, proving the advantage of additional consistency cues from
the temporal domain(global), rather than just the spatial(local) overlap.

We show that REINFORCE’d gradients, in conjunction with a carefully designed,
high-level, yet task-specific reward expands the tracking capabilities of an offline
graph tracker. It allows for stronger identity preservation, which translates to better
tracking. It is capable of reasoning through a large combinatorial space with a large
label imbalance to find the sparse optimal solutions. Furthermore, we implement
a novel, stochastic and exhaustive random-walk process that complements the vast
but sparse search space for optimal trajectories. By formulating the sampler in a
parallel process, we avoid the MDP process and perform RL techniques such that
offline tracking is complemented while being significantly faster.

Finally, we describe the violations that are introduced due to the offline approach,



Chapter 6: Conclusion 54

and utilize a track NMS process on the GPU to resolve them without resorting to

CPU flow solvers.

6.1 Future Work

Scaling the tracker to run efficiently on several other datasets such as MOT20[Dendorfer
et al., 2020], MOTSynth[Fabbri et al., 2021], BDD100k[Yu et al., 2020], TAO[Dave
et al., 2020] and DanceTrack[Sun et al., 2022], could test our method’s ability to gen-
eralize on multiple classes such as vehicles, riders, any other object and perhaps even
out-of-distribution objects. This would also allow testing whether our method can
generalize to different domains such as synthetic data, different weather conditions,
poor lighting conditions, fast moving objects, low frame rates, aerial /birds-eye view
perspectives, multi-camera set ups or scenes where targets are dressed in uniforms.
Currently, the system is capable of running on MOT20, MOTSynth and BDD100k.
Unfortunately however, due to time constraints, we were unable to train and extract
the required features. Nevertheless, scaling the system efficiently has proven to be
an exciting engineering exercise, and further development with a focus on flexibility
is encouraged.

Noting the power of contrastive targets to learn more discriminative features
from Pang et al[Pang et al., 2021]’s work, it was observed that the contrastive sam-
ples tend to be in close spatial proximity to the target of interest. The idea of spatial
proximity has been utilized in conjunction with GNNs to tackle the NMS algorithm
by [Shen et al., 2022]. Shen et al[Shen et al., 2022] propose to form connected
components of graphs on a single frame based on spatial proximity, and propagat-
ing each detections’ confidences to relay beliefs about which detection(s) should be
preserved and which should be discarded. We note that confidence is an unreliable
criterion for suppression as several good detections may have low confidences, and
Shen et al[Shen et al., 2022]’s work appears to be prone to FNs. However, detec-
tion confidence may still be a useful cue in conjunction with other cues to form a
globally consensual, suppression criterion. Furthermore, such graph connected com-

ponents may prove useful in jointly learning a discriminative, contrastively trained
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embedding space.

Recent trends are tending to the real-time, online processing approach. On-
line approaches suffer from the lack of a global perspective, and accounting for
anticipated re-emergence in the future demands patience-windows and algorithmic
post-processing pipelines that depend on a fixed, non-trainable hyper-parameter
threshold. Real-time approaches also require Hungarian-algorithm based associa-
tion decisions which -while being as locally optimal as they can be- remain prone to
greedy decisions. That being said, real-time Transformer-trackers -specifically the
ones where track queries directly attend to the image to perform both detection(for
uninitialized track queries) and tracking(for already initialized track queries)- by-
pass the algorithmic engineering efforts of Hungarian matching. This delegates the
matching to the latent space within the attention layers, making joint-detection-
and-tracking, truly joint, and fully learnable. Such attention layers may also benefit
from the injection of contrastive weights directly in conjunction with the attention
weights, however, more thorough design and experimentation would be required
to ensure sanity of the desired operational objective. Additionally, recent trends
involve graph-trackers adapted for real-time tracking; graphs are general enough
to operate as CNNs and Transformers. Therefore, exploration into adapting the
benefits of Transformers in Vision on to Graphs could prove to be a more flexible
implementation method.

Tracking a target through an occlusion is performed via patience windows for
real-time trackers. For offline graph-trackers, this is entirely unnecessary due to the
edge construction criteria across the temporal axis. However, by delegating each
target to a track-query(using real-time transformer trackers), a simple head can be
implemented to indicate when a target is occluded. This relieves the reliance on pa-
tience windows and thresholds. Such a method can be used to explicitly allow models
to track through occlusions. However, such annotations on tracking datasets are not
plentiful, unless synthetically generated and annotated data is considered. Such an
approach has been shown to prove effective at learning object permanence|Tokmakov
et al., 2021}, a concept that describes the illusion of smooth, continuous vision from

discretized, choppy input in living organisms. Tokmakov et al[Tokmakov et al.,
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2021] further demonstrate that the model may transfer well from synthetic to real
data if simultaneously trained on both types of data. Such specific training for ob-
ject permanence, in conjunction with an occlusion-prediction head, allows adaptive,
learnable tracking of a target through an occlusion, without hard-coded patience
windows.

Real-time trackers may revert to motion based propagation until visual re-emergence
in order to track a target through an occlusion. A common strategy is to utilize
Kalman filters or learned recurrent networks to predict a future location, or a vari-
ety of possible future locations [Saleh et al., 2020, Dendorfer et al., 2022]. However,
such methods lack the ability to model complex, sudden changes in motion, while
accounting for possible influences from other targets. A worthwhile exploration
into utilizing GFlowNets[ben, |, Neural Ordinary-Differential-Equations(ODEs) or
Liquid-Time Neural Networks[Hasani et al., 2021] may prove useful as they promise
significantly increased expressiveness with fewer parameters.

Parallaz describes the visual effect of an object appearing in two distinct loca-
tions and directions when viewed from two different positions in space(and/or time),
such as a stereo camera setup, or human eyes. The discrepancy can not only be uti-
lized to estimate depth, but also the change in occlusion; when a target becomes
occluded from one viewpoint, it may still be visible from another. Such discrepancy
can further be utilized to indicate that a target is either about to be occluded or
about to re-emerge. The depth may also be a useful cue to resolve ambiguities of
highly overlapping detections in 2D space. This may direct exploration towards 3D
tracking and may prove more robust.

Lastly, we note trackers that learn to embed precise pixels that belong to a tar-
get; Wu et al[Wu et al., 2022] use an agent to learn RelD by attending to specific
pixels in the queried detections until a satisfactory conclusion about correspondence
can be made while Guo et al[Guo et al., 2021] use attention mechanisms in their
tracker to amplify pixels of the target while suppressing other pixels from distrac-
tor/occluding targets. In both works, segmentation-like attention maps are learned
on each detection, allowing for more precise and discriminative embeddings to be

extracted. Exploration into utilizing detectors with powerful instance segmentation
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abilities may allow similar focus on pixels to be scrutinized. The segmentation masks

may provide easy and established solutions to embed specific pixels only.
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