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Abstract

With the growing use of computer vision tools in wide-ranging applications, it becomes imperative to
understand and resolve issues in computer vision models when they are used in production settings for
various applications. In particular, it is essential to understand that the model can be wrong quite fre-
quently during deployment. Developing a better understanding of the mistakes made by a model can
help mitigate and handle them without catastrophic consequences.

To investigate the severity of mistakes, we first explore this in a simple classification setting. Even in
this setting, understanding the severity of mistakes of difficult to quantify, especially since manually
defining pairwise costs does not scale well for large-scale classification datasets. Therefore most works
have used class taxonomies/hierarchies, which allow pairwise costs to be defined using graph distances.
There has been increasing interest in building deep hierarchy-aware classifiers, aiming to quantify and
reduce the severity of mistakes and not just count the number of errors. However, most of these works
require the hierarchy to be available during training and cannot adapt to new hierarchies or even small
modifications to the existing hierarchy without having to re-train the model. We explore a different
direction for hierarchy-aware classification – amending mistakes by making post-hoc corrections by re-
sorting to the classical Conditional Risk Minimization(CRM). Surprisingly, we find that this method is
a far more suitable alternative than the works on deep hierarchy-aware classification; CRM preserves
the base model’s top-1 accuracy and brings the most likely predictions of the model closer to the ground
truth and is able to provide reliable probability estimates, unlike hierarchy-aware classifiers. We firmly
believe that this serves as a very strong and useful baseline for future exploration in this direction.

We turn our attention to a crucial problem in many video processing pipelines: visual(single) object
tracking. In particular, we explore the long-term tracking scenario where given a target in the first frame
of the video; the goal is to track the object throughout a (long) video during which the object may un-
dergo occlusion, vary in appearance, or go out-of-view. The temporal aspect of videos also makes it an
ideal scenario to understand the accumulation of errors that would not be otherwise seen if every image
is independent. We hypothesize that there are three crucial abilities that a tracker must possess to be ef-
fective in the long-term tracking scenario, namely Re-Detection, Recovery and, Reliability. The tracker
must be able to re-detect the target when the target goes out of the scene, and returns must recover from
failure and track an object contiguously to be of practical utility. We propose a set of novel and com-
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prehensive experiments to understand each of these aspects which give a thorough understanding of the
strengths and limitations of various state-of-the-art tracking algorithms.

We finally visit the problem of multi-object tracking. Unlike the problem of single-object tracking
where the target is initialized in the first frame, the goal here is to track all objects of a particular cate-
gory(such as pedestrians, vehicles, animals etc.). Since this problem does not require user-initialization,
it has found use in wide-ranging real-time applications such as autonomous driving. The typical multi-
object tracking pipeline follows the tracking-by-detection paradigm, i.e. an object detector is first used
to detect all the objects in the scene. These detections are linked together to form the final trajecto-
ries using a combination of Spatio-temporal features and appearance/Re-Identification(ReID) features.
The appearance features are extracted using a Convolutional Neural Network(CNN) trained on a cor-
pus of labelled videos. Our central insight is that only the appearance model requires labelled videos
in the entire pipeline, while the rest of the pipeline can be trained with just image-level supervision.
Inspired by the recent successes in unsupervised contrastive learning which enforces the similarity in
feature space between an image and its augmented version, we resort to a simple method that leverages
the spatio-temporal consistency in videos to generate “natural” augmentations which are then used as
pseudo-labels to train the appearance model. When integrated into the overall tracking pipeline, we find
that this unsupervised appearance model can match the performance of its supervised counterparts in
reducing the identity switches present in the trajectories, thereby saving costly video annotations that
are impractical to scale up without sacrificing performance.
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Chapter 1

Introduction

With the explosion of visual content in the form of images and videos on the internet and other plat-

forms, computer vision solutions are being deployed in a wide variety of settings to automate and assist

humans on tedious and time-consuming tasks. However, even with the best machine learning tools and

large-scale training data, it is inevitable that these models make mistakes. Unlike humans, who can

reduce the severity of the mistake or recover from their mistakes; many models can fail spectacularly,

with catastrophic consequences. There has also been much work showing that small perturbations to the

input can have catastrophic consequences to the predictions. However, these attacks typically require

full access to the model, which is quite an impractical setting. There are 2 cases of catastrophic failures

of deep neural networks in computer vision tasks in recent times which highlight the catastrophic failure

of these models even in natural settings without any adversarial perturbations.

1.1 Two Motivating Examples

The �rst famous failure which is relevant to this thesis is when Google Photos categorized two people

as `gorillas”1. This incident, and Google's response of omitting the class as a label highlighted the lack

of algorithmic solutions to tackle this challenge. It is imperative to understand that no model would

achieve 100% accuracy on challenging real-world images. However, it is still vital that the model re-

duces the severity of mistakes and can understand when it is unsure about a prediction. The second

aspect of models being able to provide calibrated uncertainty estimates is currently lacking in various

state-of-the-art models.

The second failure, which also was extensively covered in the press is related to visual object tracking,

which is much more speci�c to computer vision. Over the past few years, computer vision tools have

become extremely popular for various sports broadcasting and analytics tasks. In particular, one ex-

1This was covered extensively by the press, e.g.https://www.theguardian.com/technology/2018/jan/
12/google-racism-ban-gorilla-black-people
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ample is using visual object tracking to “track” important components of the game and then use these

tracks for automatic editing and broadcasting. Recently, a football game that was using these tools for

automatic ball tracking and broadcasting, encountered a catastrophic failure where the tracker started

following the referee's head instead of the ball2. For the rest of the game, the entire broadcast just

showed the referee instead of the actual football game that was happening.

While these incidents are speci�c to computer vision, the underlying issues are prevalent elsewhere in

different settings where deep neural networks are increasingly being deployed. Therefore, it becomes

crucial to understand the various failure modes in different algorithms and propose algorithmic ap-

proaches to tackle these issues.

In this thesis, inspired by these two examples, we look at methods that can better understand these issues

and possibly alleviate some of these concerns.

1.2 Contributions

More formally, we make the following contributions:

1. We revisit an old post-hoc correction technique to incorporate hierarchies on a pre-trained image

model. We also analyze theoretical guarantees for the top-1 accuracy with this post-hoc correction

technique and investigate the calibration of hierarchy-aware models.

2. We propose novel experiments and metrics to understand the role of re-detection, recovery and

reliability in long-term tracking scenarios.

3. We investigate the problem of multi-object tracking where we provide insights into how the over-

all training regime can get rid of trajectory level supervision. We further illustrate one concrete

algorithm for the same and demonstrate that trajectory level supervision can be eliminated without

sacri�cing performance.

1.3 Background

1.3.1 Cost-Sensitive Learning

Not all mistakes are created equal. Some mistakes are much more costly than other mistakes. How-

ever, most machine learning work has focused on treating all classes equally, and therefore all mistakes

equally costly. However, some work has been focused on cost-sensitive classi�cation. In this setting,

2A full report of the story is available here:https://www.theverge.com/tldr/2020/11/3/21547392/
ai-camera-operator-football-bald-head-soccer-mistakes
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given N classes, a cost matrixC is constructed whereCij is the cost for misclassifying classi as j .

Typically Cii is set to 0, and in many cases the costs are symmetric, thereforeCij = Cji .

1.3.1.1 Binary Cost Sensitive Classi�cation

The simplest case is where there are 2 classes, whereC00 = C11 = 0 andC01 6= C10. Let p be the

probability that a sample belongs to class1 and1 � p is the probability that the sample belongs to class

0. We can compute a threshold

� =
C01

C01 + C10

. Whenp � � , we would classify the sample as class0 and in other cases classify it as belonging to

class1. This would be optimal and the threshold and can be easily computed apriori. However, for the

multi-class setting, the problem cannot be solved trivially. The methods that have been proposed for

tackling this problem are broadly along the following lines:

1. The �rst set of methods aim to modify the classi�er(support vector machine, neural networks etc.)

itself to make it sensitive to the pairwise costs of misclassi�cation.

2. The second line of approach is to modify the training procedure to make the resulting trained

model cost-sensitive. This is typically done by reweighting the losses differently using the costs.

3. Finally, a generic trained model can also be made cost-sensitive by modifying the inference pro-

cedure akin to the binary classi�cation case. This is perhaps the most general approach which can

be applied as a post-hoc step to any pre-trained model.

1.3.1.2 Class Hierarchies for Cost-Sensitive Learning

The biggest issue holding back the widespread use of cost-sensitive learning in modern computer vision

is that de�ning pairwise costs is a tedious process and does not scale well to the thousands of classes

which are prevalent in the popular large-scale classi�cation datasets. This requires millions of pairwise

costs to be de�ned which is not practically feasible. An interesting alternative therefore was to leverage

class hierarchies for this purpose. The semantic classes in computer vision datasets can be found in

popular taxonomies such as WordNet or even the biological taxonomy. Therefore, we can construct a

hierarchyH (which is a rooted tree), such that all the classes in the dataset form the leaf classes of the

hierarchy. In such a setting, the graph distance between 2 classes can be used to de�ne the pairwise

cost for the classes. For instance, the ImageNet benchmark uses the height of the Lowest Common

Ancestor(LCA)3 to de�ne the cost between 2 classes. Alternatively, the shortest distance, or the Jiang-

Conrath distance can also be used for this purpose.

3A formal de�nition of the Lowest Common Ancestor can be found herehttps://en.wikipedia.org/wiki/
Lowest_common_ancestor
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Figure 1.1: An example taken from [99] showing the different formulations of tracking: From left to
right, top to bottom: target bounding box, target contour, target blob, patch-based,sparse set of salient
features, parts, and multiple bounding boxes.

1.3.2 Visual Object Tracking

Understanding the temporal dynamics is essential for effective video understanding. Therefore one of

the fundamental tasks in video understanding is object tracking. There have been a wide variety of for-

mulations of this problem which is illustrated in Fig. 1.1. However, for this thesis, we restrict ourselves

to the problem of tracking using bounding boxes i.e assigning a bounding box for the estimated target.

Two popular problems with this formulation are single-object tracking and multiple object tracking.

1.3.2.1 Single-Object Tracking

The objective of the single-object tracking problem is to track a given bounding box in the �rst frame

of a video for the rest of the sequence. This problem has received a lot of attention over the years.

Some of the initial attempts tried to track the keypoints over the duration of the video. However, in

recent times most methods have tried to learn object level representations from the �rst frame and then

use this representation to track the object for the rest of the video. The use of features learnt from a

Convolutional Neural Network has lead to a huge improvement in the performance as compared to the

earlier handcrafted features. However, this problem still has a lot of scope for improvement especially

when the duration of the video increases and the objects start going out of view and re-enter.

1.3.2.2 Multiple Object Tracking

In contrast to the single-object tracking problem, the problem of multi-object tracking aims to track all

objects of a particular category for the duration of the video. The main challenge here is that there is no

4



Figure 1.2: An example taken from [14] showing the overall pipeline of Multi-Object tracking algo-
rithms. First an object detector is used to generate the detections in the image. Then using a combination
of spatio-temporal and appearance features, the �nal tracks are generated.
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track initialization, that is the tracker needs to identify all the relevant objects and track it. To make this

task easier, a restriction is placed to ensure that only objects from a given vocabulary are required to be

tracked. The most popular approach here has been tracking-by-detection. In essence, this problem is

broken into two stages. In the �rst stage, a detector is used to detect all the relevant objects in the video.

In the second stage, these detections are linked using a combination of spatiotemporal and appearance

features to form the �nal trajectories. An illustration of this is given in Fig 1.2. In the past, Multi-Object

Tracking has typically been limited to tracking pedestrians, vehicles and animals, but in recent times

object detectors with wider vocabularies are being explored for this task.

1.4 Thesis Organization

The rest of the thesis is organized as follows: In Chapter 2, we investigate class hierarchies(derived

from taxonomies) to de�ne costs between classes using graph distances automatically. Here, we inves-

tigate methods to incorporate hierarchies into the image model in a post-hoc manner. In addition to this,

we also investigate the calibration of various hierarchy-aware models. In Chapter 3, we investigate the

problem of long-term visual object tracking where we place a special emphasis on understanding the

failures of trackers and how they recover from a failure in tracking. Finally, in Chapter 4, we argue why

Multi-Object Tracking is a more scalable setting that is more resistant to tracking failure. In addition

to this, we propose a method to eliminate trajectory level supervision without sacri�cing the pipeline's

accuracy.

Overall, we hope that this thesis sheds light on various challenges prevalent when deep neural networks

are deployed in practical settings. We also hope that this thesis provides some ideas and baselines which

can be taken up in the future to address these issues in a variety of settings with more success.
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Chapter 2

No-Cost Likelihoood Manipulation for Making Better Mistakes

2.1 Introduction

The conventional performance measure of accuracy for image classi�cation treats all classes other than

ground truth as equally wrong. However, some mistakes may have a much higher impact than others in

real-world applications. An intuitive example being an autonomous vehicle mistaking a car for a bus is

abetter mistakethan mistaking a car for a lamppost. Consequently, it is essential to integrate the notion

of mistake severity into classi�ers and one convenient way to do so it to use a taxonomic hierarchy

tree of class labels, where severity is de�ned by a distance on the graph (e.g., height of the Lowest

Common Ancestor) between the ground truth and the predicted label [29, 133]. This is similar to the

problem of ranking classes and samples in a classi�cation and retrieval setting, respectively. Consider

the case of an autonomous vehicle ranking classes for a thin, white, narrow band (a pole, in reality). A

top-3 prediction of “pole, lamppost, tree” would be abetterprediction than “pole, person, building”.

Notice that the top-k class predictions would have at leastk � 1 incorrect predictions here, and the

aim is to reduce the severity of these mistakes, measured by the average hierarchical distance of the

top k predictions each with the ground truth. [98] survey classical methods leveraging class hierarchy

when designing classi�ers across various application domains and illustrate clear advantages over the

�at hierarchy classi�cation, especially when the labels have a well-de�ned hierarchy.

There has been growing interest in the problem of deep hierarchy-aware image classi�cation [4, 7].

These approaches seek to leverage the class hierarchy inherent in the large scale datasets (e.g., the

ImageNet dataset is derived from the WordNet semantic ontology). Hierarchy is incorporated either

using label embedding methods, hierarchical loss functions, or hierarchical architectures. These models

are able to hierarchically align the top-k predictions of the model with the ground truth while trading off

top-1 accuracy.

Upon close inspection of the top-1 predictions of state-of-the-art models for hierarchy-aware classi�-

cation, we found that these approaches, in fact, are no better than the vanilla cross-entropy models in

making better mistakes. Instead of reducing high-severity mistakes, they typically tend to introduce ad-

ditional low-severity mistakes that eventually brings down the average mistake-severity metric. Because
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of the these additional mistakes, they also suffer from signi�cant accuracy drop compared to the vanilla

cross-entropy model. Additionally, we �nd these models to be highly uncalibrated (hence unreliable)

which further limits their practical usability.

We explore a different direction for hierarchy-aware classi�cation whereby we amend mistake severity

at test time by making post-hoc corrections over the class likelihoods (e.g., softmax in the case of

deep neural networks). Given a label hierarchy, we perform such amendments to the likelihood by

applying the very well-known and classical approach called Conditional Risk Minimization (CRM).

We found that CRM outperforms state-of-the-art deep hierarchy-aware classi�ers by large margins at

ranking classes with little loss in the classi�cation accuracy. CRM is simple, requires addition of just

one line of code to the standard cross-entropy model, does not require retraining of a network, and

contains no hyperparameters whatsoever.

We would like to emphasize that we do not claim any algorithmic novelty as CRM has been well ex-

plored in the literature [31, Ch. 2]. Almost a decade ago, [29] had proposed a very similar solution using

Support Vector Machines (SVMs) as classi�ers over handcrafted features. However, this did not result

in practically useful performance because of the lack of modern machine learning tools. Our primary

goal is to bring this old, simple, and extremely effective approach back into the attention before we delve

deeper into sophisticated ones with modern classi�ers. Overall, our investigation into hierarchy-aware

classi�cation makes the following contributions:

• We highlight signi�cant issues that have been overlooked by the past works that aim to leverage

hierarchies to make better mistakes by �rst demonstrating how they do not really make better

mistakes.

• We revisit an old post-hoc correction technique which signi�cantly outperforms prior art when

the ranking of the predictions made by the model are considered.

• We also investigate the reliability of prior art in terms of calibration and show that these methods

are severely miscalibrated, limiting their practical usefulness.

2.2 Related Works

2.2.1 Cost-Sensitive Classi�cation

Cost-sensitive classi�cation assigns varying costs to different types of misclassi�cation errors. The

work by [1] groups cost-sensitive classi�ers into three main categories. The �rst category speci�cally

extends one particular classi�cation model to be cost-sensitive, such as support vector machine [104] or

decision tree [67]. The second category makes the training procedure cost-sensitive, which is typically

achieved by assigning the training examples of different classes with different weights (rescaling) [139]

or by changing the proportions of each class while training using sampling (rebalancing) [33]. The third
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category makes the prediction procedure cost-sensitive [30, 124]. Such direct cost-sensitive decision-

making is the most generic: it considers the underlying classi�er as a black box and extends to any

number of classes and arbitrary cost matrices. Our work comes under the third category of post-hoc

amendment. We study cost-sensitive classi�cation in a large scale setting (e.g., ImageNet) and explore

the use of a taxonomic hierarchy to obtain the misclassi�cation costs.

2.2.2 Hierarchy Aware Classi�cation

There is rich literature around exploiting hierarchies to improve the task of image classi�cation. Embedding-

based methods de�ne each class as a soft embedding vector, instead of the typical one-hot vector.

DeViSE [37] learn a transformation over image features to maximize the cosine similarity with their

respectiveword2vec label embeddings. The transformation is learned using ranking loss and places

the image embeddings in a semantically meaningful space. [2, 115] explore variations of text embed-

dings, and ranking loss frameworks. [4] project classes on a hypersphere, such that the correlation of

class embeddings equals the semantic similarity of the classes. The semantic similarity is derived from

the height of the lowest common ancestor (LCA) in a given hierarchy tree. Here, it may be relevant to

note the work done on hyperbolic embeddings [82, 51, 66]. While we are unaware of any work that has

been applied for “making better mistakes”, it may be useful to explore this direction in the future since

hyperbolic spaces are well-suited to embed hierarchies.

Another line of effort directly alters the loss functions or the algorithms/architectures. [133] propose

a weighted (hierarchy-aware) multi-class logistic regression formulation. [107] optimize a context-

sensitive loss to learn a separate distance metric for each node in the class taxonomy tree. [112] combine

losses at different hierarchies of the tree by learning separate, fully connected layers for each level post

a shared feature space. [11] add branches at different depths of AlexNet architecture to fuse losses at

different levels of the hierarchy. [15] use conditional probability chains to derive a novel label encoding

and a corresponding loss function.

Most deep learning-based methods overlook the severity of mistakes, and the evaluation revolves around

counting the top-k errors. [7] has revived the interest in this direction by jointly analyzing the top-k

accuracies with the severity of errors. They propose two modi�cations to cross-entropy to better capture

the hierarchy: one based on label embeddings (Soft-labels) and the other, which factors the cross-

entropy loss into the individual terms for each of the edges in the hierarchy tree and assigns different

weights to them (Hierarchical cross-entropy or HXE).

We propose a generalized alternative. Our method uses models trained with vanilla cross-entropy loss

and alters the decision rule to pick the class minimizing conditional risk. On similar lines, [29] study the

effect of minimizing conditional risk on mean hierarchical cost. They leverage the ImageNet hierarchy

for cost and compute posteriors by �tting a sigmoid function to the SVM's output or taking the percent

of neighbours from a class for Nearest Neighbour classi�cation. Our work investigates the relevance of

CRM in the deep learning era and highlights the importance of looking beyond mean hierarchical costs

and jointly analyzing the role of accuracy and calibration.
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(a) (b)

Figure 2.1: (a) Consider a four class hierarchy tree and corresponding leaf predictions obtained using a
cross-entropy baseline. The risk computation is shown beside the tree.argmaxp(y jx) predicts the class
“rose”, while theargmin R(y = kjx) predicts the class “bus”. (b) Two nodesi andj and the subtree
(shaded gray) originating at their lowest common ancestorLCA (i; j ).

2.2.3 Calibration of Deep Neural Networks

Networks are said to be well-calibrated if their predicted probability estimates are representative of the

true correctness likelihood. Calibrated con�dence estimates are important for model interpretability and

its use in downstream applications. Platt scaling [85], Histogram binning [125] and Isotonic regression

[126] are three common calibration methods. Although originally proposed for the SVM classi�er,

their variations are used in improving the calibration of neural networks [40]. Calibrated probability

estimates are particularly important when cost-sensitive decisions are to be made [125] and are often

measured using Expected Calibration Error (ECE) and Maximum Calibration Error (MCE) [79, 83].

We desire models with high accuracy that have low calibration error and make less severe mistakes.

However, there is often a compromise. Studies in cost-sensitive classi�cation [47] reveal a trade-off be-

tween costs and error rates. For instance, [7] trade the top-k error for a lower hierarchical cost. Similarly,

reliability literature aims to obtain better calibrated deep networks while retaining top-k accuracy [96].

We further observe that methods like Soft-labels or Hierarchical cross-entropy successfully minimize

the average top-k hierarchical cost, but result in poorly calibrated networks. In contrast, the proposed

framework of post-hoc amendment retains top-k accuracies and good calibration, while signi�cantly

reducing the hierarchical cost.

2.3 Approach

TheK -class classi�cation problem comes with a training setS = f (x i ; y i )gN
i =1 , where labely i 2 Y =

f 1; 2; :::; K g. The classi�er is a deep neural network parametrized by� given byf � : X ! p(Y) which

maps the input samples to a probability distribution over the label spaceY. The p(y jx) is typically

derived using a softmax function on the logits obtained for an inputx. Given p(y jx), the network

minimizes cross-entropy with the ground truth class over samples from the training set, and uses SGD
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to optimize� , forming the standard hierarchy-agnostic cross-entropy baseline. The decision rule is

naturally given byargmax
k

p(y = kjx).

The classical CRM framework [31] can be adapted to image classi�cation by taking the trained model

with a given� and incorporating the hierarchy information at deployment time. A symmetric class-

relationship matrixC is created using the given hierarchy tree (which can either be drawn from the

WordNet ontology or an application speci�c taxonomy), whereC i;j is the height of the lowest common

ancestor (LCA (y i ; y j )) between the classesi andj . The height is the number of edges between the

given node and the furthest leaf.C i;j is zero wheni = j and is bounded by the maximum height of the

hierarchy tree.

Given an inputx, we obtainp(y jx) by passing it through the deep networkf � (x). The only modi�cation

is in the decision rule, which now selects the class which minimizes the conditional riskR(y = kjx),

given by:

argmin
k

R(y = kjx) = argmin
k

KX

j =1

Ck;j � p(y = j jx)

For the ease of the reader, we illustrate a four-class example in Figure 2.1a, showing predictions from

the cross-entropy baseline (leaf nodes); cost matrix for the given tree, and the risk computation. Given

the probability of each classp(y jx), argmin R(y jx) is the Bayes optimal prediction. It is guaranteed to

achieve the lowest possible overall cost, i.e. lowest expected cost over all possible examples weighted

by their probabilities [31, Ch. 2].

Depending on the cost-matrix andp(y jx), the top-1 prediction of the CRM applied on cross-entropy

might differ from the top-1 prediction of the cross-entropy baseline. However, with deep neural net-

works, we observe that the top-1 probability ofp(y jx) is greater than 0.5 in roughly70%of the samples.

Below we prove that in such situations wheremax p(y jx) is higher than the sum of other probabilities,

irrespective of the structure of the tree, the post-hoc correction (CRM) does not change the top-1 predic-

tion. However, since the second highest probability is guaranteed to be less than 0.5 by de�nition, our

correction can effectively re-rank the classes and drastically reduce hierarchical distance@k for k > 1 -

as we later demonstrate through exhaustive experiments.

Theorem 1. If max(p(y jx)) > 0:5, thenargmini
P K

j =1 C i;j � p(y = j jx) and argmax p(y jx) are

identical irrespective of the tree structure and lead to the same top-1 prediction.

Proof. Consider the tree illustrated in Figure 2.1b; two leaf nodes (class labels)i ,j and the subtree (Tij )

rooted at their Lowest Common Ancestor. Assuming the height of theLCA (i; j ) = h andargmaxp(y jx) =

i , the riskR(y = j jx) = R(j ) is given as:

R(j ) = h � p(i ) +
X

k2 Tij nf i g

Cjk � p(k) +
X

8k62Tij

Cj;k � p(k)
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Ignoring the cost of other nodes insideTij , we getR(j ) � h � p(i ) +
P

8k62Tij
Cj;k � p(k). Similarly, for

the risk of classi :

R(i ) � h � (1 � p(i )) +
X

8k62Tij

Ci;k � p(k)

Outside the subtree rooted atTi;j , Ci;k = Cj;k 8k and therefore without loss of generality we can say

thatR(i ) < R (j ), if p(i ) > 0:5.

2.4 Experiments

We evaluate our method on two large-scale hierarchy-aware benchmarks: (i) tieredImageNet-H for a

broad range of classes and (ii) iNaturalist-H for �ne-grained classi�cation, both of which are complex

enough to cover a large number of visual concepts. We closely follow the experimental pipeline from [7]

including the train/validation/test splits, hyperparameters for training models, and evaluation metrics.

Experimental Details: All models are trained using a ResNet-18 architecture (pre-trained on ImageNet)

using an Adam optimizer for 200K updates using a mini-batch of 256 samples, a learning rate of10� 5,

and standard data augmentation of �ips and randomly resized crops. We train all the hierarchy-aware

models – Hierarchical cross-entropy (HXE) [7], Soft-labels [7], YOLO-v2 [88], DeViSE [37], and [4] –

along with a cross-entropy baseline. We pick the epoch corresponding to the lowest loss on the validation

set along with two epochs preceding and succeeding it and report the average of the results obtained from

these �ve checkpoints on the test set. Unlike [7] we do not preprocess the dataset to downsample the

images to 224� 224 as it noticeably reduces the accuracy. Instead we useRandomResizedCrop()

augmentation to crop the images to a 224� 224 resolution. This accounts for a small, but signi�cant

improvement in performance across models, thus leading to stronger baselines.

Metrics: We primarily focus on two major metrics: (i) top-1 error, (ii) average hierarchical distance@k,

which is the mean LCA height between the ground truth and each of thek most likely classes. These

metrics capture different views of the problem: top-1 error treats all classi�er mistakes the same,

whereas average hierarchical distance@1 captures a notion of mistake severity, i.e.,better or worse

mistakes. Average hierarchical distance@k captures the notion of ranking/ordering the predicted classes

closer to the ground truth class. This metric is a natural extension of the hierarchical distance@1 metric

proposed by [92] in the original ImageNet evaluation. We also investigate average mistake severity pro-

posed by [7] which computes the hierarchical distance between the top-1 prediction and the ground truth

for all the misclassi�ed samples. Note that LCA is a log-scaled distance: an increment of 1.0 signi�es

an error of an entire level of the tree. In the simple case of a full binary tree, an increase by one level

implies that the number of possible leaf nodes doubles.
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(a) (b) (c)

Figure 2.2: (a) Trade-off between hierarchical distance@1 and the top-1 error. The mean here is taken
only over the misclassi�ed samples. (b) Histogram of the severity of top-1 mistakes (height of the LCA).
The number in the bracket is the mean mistake severity. (c) Trade-off between hierarchical distance@1
and the top-1 error. The mean is taken over all the test samples (the hierarchical distance@1 is zero for
correctly classi�ed samples). The top and bottom row correspond to tiered-ImageNet and iNaturalist19
datasets respectively.

2.4.1 Hierarchical Distance of top-1 predictions

Hierarchy-aware classi�cation methods typically seek to make better mistakes (less costly in terms of

hierarchical distance). It is essential that the evaluation metric correctly measures this goal, i.e. a higher

value of the evaluation metric should re�ect that the model indeed makes better mistakes. We discover

a serious �aw with the metric of computing average mistake severity over incorrectly classi�ed samples

employed in the prior art. We illustrate this in Figure 2.2.

In Figure 2.2a, following prior art, we evaluate different approaches only on the set of incorrectly clas-

si�ed samples (hencedifferenttest sets for different models as the mistakes will be different). It seems

to indicate that recently proposed methods are able to achieve a good tradeoff between accuracy and

mistake severity. We select the best performing models in terms of the mistake severity metric – Soft-

labels with� = 4 and HXE with� = 0 :6 – and analyze the frequency of mistakes at different severity

(illustrated in Figure 2.2b). Surprisingly, we observe that HXE and Soft-labels largely do not make

better mistakes; they mostly make additional low-severity mistakes. This behaviour is not captured in

Figure 2.2a as the metric here involves division by the number of mistakes made by a model. For ex-

ample, say the high severity mistakes made by two models is exactly the same (dh > 0) over the same

number of mistakes (m > 0). Now, if the second model makes additionaln > 0 mistakes with overall

distance severity ofdl > 0, then it is straightforward to observe thatdh
m � dh + dl

m+ n if dh
m � dl

n . Implying,
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the metric would prefer a model which is making additional low severity mistakes as long as the impact

of the severity due to these additional mistakes is less than the impact by the high-severity ones.

We therefore revert to the hierarchical distance@1 proposed by [92] which computes the hierarchical

distance over all the samples. As shown in Figure 2.2c, the best-performing ones in Figure 2.2a now

show the highest hierarchical distance@1 as we account for the additional number of low-severity mis-

takes made. We refer the reader to Appendix (A.1)(Fig. A.1) for histogram plots across different values

of � and � , clearly showing that the number of low-severity mistakes increases as the model moves

farther from the cross-entropy baseline. In this modi�ed and more reliable evaluation set-up, we ob-

serve CRM (ours) reduces mistake severity compared to cross-entropy, shifting the graver mistakes in

cross-entropy towards the left of the histogram—resulting in a marginal shift of mistakes from buckets

(9,10,12) to (3,6,7,8) in Imagenet and similarly from buckets (7,5,4) to (1) in iNaturalist19.

Overall, we observe that existing methods reduce the average mistake-severity metric by largely making

additional low-severity or easily avoidable mistakes. This also explains why such models provide lower

test accuracy. Resolving this issue, we see that no prior art signi�cantly outperforms the cross-entropy

baseline, and make better mistakes.

2.4.2 Hierarchical Distance of top-k predictions

We now compare the ordering of classes provided by each of these classi�ers. Ranking predictions give

us signi�cant insight into how reliably the predictions align with the hierarchy, as discussed in Section

1. We measure the quality of ranking using the average hierarchical distance@k, for various values of

k and present them in Figure 2.3a (left). We �nd that CRM signi�cantly outperforms all the competing

methods, giving the best hierarchically aligned models on the hierarchical distance@k for all k.

A better ranking of classes often comes with a signi�cant trade-off with top-1 accuracy. We plot the

hierarchical distance@k with top-1 accuracy fork = 5 andk = 20 in Figure 2.3a (middle and right) to

better understand this trade-off. Interestingly, we observe that CRM improves ranking with almost no

loss in top-1 performance and outperforms the other methods by a substantial margin.

An interesting extension is to analyze how dependent these approaches are to a given hierarchy, and

how modifying the hierarchy might impact their behaviour. To test this, we randomly shuf�e the classes

at the leaf nodes of a given tree structure and compare ranking performance in Figure 2.3b. We observe

that even though CRM does not explicitly use the hierarchy while training, it provides drastic reduction

in the hierarchical distance@k compared to all the previous methods. High accuracy of CRM in this

case is because of the fact that it is post-hoc and for highly con�dent models such as deep networks,

its top-1 accuracy remains largely unchanged (refer Theorem 1). However, on the other hand, models

depending on the tree-structure during training (directly or indirectly) will try to �t to the structure,

which can be harmful in situations where the tree structure is not very reliable. For example, if the

tree structure implies that `cat' is closer to `person' than a `dog', then the models incorporating such

information while learning the feature space might not be able to learn a robust classi�er and might

potentially end-up making more mistakes, as also validated in our experiments.
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2.4.3 Impact of Label Hierarchy on the Reliability

Via various examples and insights, we have already established that models that make better mistakes

are extremely important for real-world applications. However, in order for such models to be useful in

safety-critical scenarios, they must be reliable. In other words, these models should be calibrated so that

they are not wrong with high con�dence—an extremely undesirable property of recent deep models.

To this end, we analyse the reliability of the output probabilities of Softlabels, HXE, label smoothing,

and CRM (which is same as cross-entropy) using well known and widely accepted metrics such as

ECE (Expected Calibration Error) and MCE (Maximum Calibration Error) in Table 2.1. Softlabels and

HXE, for example, show clear trends of increasing degradation in calibration on better class ranking (as

measured by distance@k), i.e., the more they attempt to adhere to the hierarchy, the less reliable their

probability estimates become. We additionally experiment with improving calibration in all the above

models using temperature scaling. We observe that it reduces miscalibration as measured by the ECE

and MCE scores, but most models remain far worse than the cross-entropy baseline. The cross-entropy

baseline is not affected signi�cantly by temperature scaling, indicating that it is calibrated to a large

extent. Changes in ECE/MCE were unnoticeable when using the probability estimates corresponding to

CRM predictions (takingp(y jx) corresponding toargmin R(y jx)) instead of maximum cross-entropy

prediction.

These experiments clearly suggest that while the focus should turn into developing models that make

better mistakes, we should also make sure that such models are reliable by understanding how incorpo-

rating the label hierarchy during training might impact the likelihood estimates.

2.5 Conclusion

Our paper identi�es two major problems in existing approaches for tackling hierarchy-aware classi�-

cation: (i) making better mistakes and (ii) better ranking predictions. We study post-hoc amendments

for hierarchy aware image classi�cation, different from the three dominant paradigms: hierarchy-aware

losses, hierarchy-aware architectures, and label embedding methods. We make a case for exhausting

classical alternatives before moving to more sophisticated options.

Regarding making better mistakes, we demonstrate that no recent hierarchy-aware classi�er helps make

better mistakes, contrary to the motivation. We illustrate and correct the issue with the mistake severity

metric and show that CRM achieves modest improvements. We provide insights on why it is hard to

improve further in this direction under similar constraints.

In terms of better ranking predictions, our proposed post-hoc correction consistently outperforms state-

of-the-art methods in deep hierarchy-aware image classi�cation by large margins in terms of decrease

in hierarchical distance@k, with little to no loss in top-1 accuracy. We �nd the direction of post-

hoc corrections promising because it can simultaneously deliver calibration, accuracy, and better class

ranking ef�ciently with surprisingly little tradeoffs in either. We hope that CRM will act as a strong

baseline in future efforts.
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Overall, the literature on hierarchy-aware image classi�cation has shown the effectiveness of the Word-

Net hierarchy in improving performance. However, previous works assume that all edges in the tree

are equally important. A future avenue for exploration is learning weights of the edges in the tree to

compute a more effective measure of misclassi�cation cost.
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(a) Ranking performance on the given hierarchy

(b) Ranking performance on a randomly class-shuf�ed hierarchy.

Figure 2.3: Left: Average hierarchical distance@k with varyingk. Middle: Average hierarchical dis-
tance@5 vs top-1 error. Right: Average hierarchical distance@20 vs top-1 error.
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Loss Function
tieredImageNet-H iNaturalist-H

ECE MCE ECE MCE

pre T post T pre T post T pre T post T pre T post T

Soft-labels (� =15) 7.05% 4.79% 18.55% 13.03% 34.64% 16.63% 54.86% 26.87&
Soft-labels (� =10) 29.55% 6.36% 39.95% 22.07% 29.55% 19.87% 39.95% 33.29%
Soft-labels(� =5) 58.99% 10.92% 83.53% 26.86% 24.53% 17.20 88.32% 55.68%
Soft-labels (� =4) 57.16% 11.12% 86.92% 27.44% 19.29% 11.46% 19.29% 56.06%
HXE (� =0.2) 1.53% 1.53% 5.84% 5.84% 4.37% 1.50% 7.73% 3.61%
HXE (� =0.4) 2.44% 2.44% 5.48% 5.48% 1.13% 1.13% 2.62% 2.62%
HXE(� =0.5) 3.95% 2.61% 7.84% 5.40% 2.46% 2.46% 6.77% 6.77%
HXE (� =0.6) 6.25% 3.28% 10.75% 6.58% 5.24% 5.24% 11.20% 11.20%
Label-Smoothing 9.61% 2.33% 15.43% 6.13% 4.93% 1.11% 7.35% 3.35%
Cross-Entropy 1.61% 1.61% 4.27% 4.27% 4.32% 1.42% 8.18% 3.26%

Table 2.1: ECE and MCE for the various models on the tiered-ImageNet and iNaturalist19 datasets
before and after temperature scaling. The optimal temperature was found on the validation set and
results reported on the test set.
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Chapter 3

Exploring 3 R's of Long-term Tracking: Re-detection, Recovery and

Reliability

3.1 Introduction

Visual tracking is a fundamental problem in computer vision and has rapidly progressed in the recent

past with the onset of deep learning. However, progress is still far from matching practitioner needs,

which demands consistent and reliable long-duration tracking. Interestingly, most existing works eval-

uate their performance on datasets consisting of multiple short clips. For instance, the most commonly

used OTB dataset has an average length of about 20 seconds [114] per clip. Work by Moudgil and

Gandhi [77] observed a sharp performance drop when the trackers were evaluated on long sequences.

Following works [34, 106, 69] also make similar observations and suggest that we need alternate ways

to evaluate and analyze long term tracking performance.

Based on these works [77, 34, 106, 69] we hypothesize that three properties are crucial for an improved

long term tracking performance. First is the ability to re-detect the target if it is lost.Re-detection

is crucial to handle situations where the target object goes out of the frame and reappears. It is also

essential to re-initiate tracking when the target object is lost due to occlusions or momentary tracking

failures. The second key aspect is the ability of the tracker to distinguish between the actual target and

distractor or background clutter. This aspect is vital for consistency in tracking as well as forrecovery

from failures. Figure 3.1 illustrates an example where chance plays a crucial role in recovery. We believe

that scrutinizing the nature of failures and recoveries will aid improved tracking performance. The third

key aspect isReliability, which connects to the ability for consistent and contiguous tracking. Contiguity

suggests the ability of the tracker to track for a long duration without any failure. Consistency indicates

the accuracy of tracking over time. Tracking in the long-duration video allows us to study factors like

a slow accumulation of error which is dif�cult to observe in short sequences. Several applications like

video surveillance or virtual camera simulation from static camera [39] require precise tracking for

long time. Surprisingly, none of the current evaluation strategies focus on these three crucial aspects of

Re-detection, Recovery, andReliability.
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Figure 3.1: A typical example of a chance based recovery in Alladin sequence from TLP [77] dataset.
SiamRPN(green) is tracking the incorrect object and has zero overlap with the target(red) in the start.
It switches to tracking the target when they pass through each other. We study such chance based
recoveries in long-term setting both qualitatively and quantitatively. Best viewed in colour.

For instance, the most prevalent metrics are Success and Precision plots, which measure the number

of frames with Intersection Over Union (IoU) greater than a threshold and the mean distance from the

center of the ground truth respectively. Both these metrics do not re�ect anything speci�c about the

3R's. Recent work by Lukezicet al. [69] studied the ef�cacy of the search region expansion strategy

of different trackers. However, the evaluation is performed in a synthetic experimental setup (designed

by padding with gray values) and may not be an indicator of performance in real-world scenarios.

Valmadreet al. [106] improves the evaluation strategy by explicitly handling the cases where the target

is not visible/absent from the frame. Other recent efforts [77, 34] identify the aforementioned key issues,

but they do not provide any way to evaluate these properties comprehensively.

In this work, we propose two novel evaluation metrics focused on the re-detection ability and the aspect

of continuous and consistent long term tracking. Furthermore, we present more in-depth insights into

the failure and recovery of different trackers, explicitly addressing the role of distractors. Since shorter

sequences are inappropriate to address these concerns, we use the Track Long and Prosper (TLP) [77]
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Figure 3.2: A cut is introduced by removing a set of contiguous frames from a tracking sequence. This
introduces a sudden change of position of the ground truth object as shown in the left diagram. The red
bounding box shows the position of the target object, before and after the cut. We maximize the amount
of target shift by minimizing the distance between these bounding boxes. We evaluate the trackers
ability to re-detect the object after the cut. Few more examples from TLP dataset with simulated cuts
are shown on the right.

dataset for the experiments. The main advantage of TLP is that the average sequence length is longest

among other densely annotated datasets [45, 34, 69]. Long duration videos present cases of multiple

failures and recoveries for each video, which allows for a deeper analysis. Our contributions include:

1. We propose a novel way to quantitatively evaluate the re-detection abilities of a tracker by simu-

lating cuts (an abrupt transition from a frame to another) in original videos. We propose a method

to search challenging locations for placing the cut by maximizing the distance between the ground

truth bounding boxes in the frame before and after the cut. Different trackers are then evaluated

on their ability to recover/re-detect, and the time they take to recover.

2. We formally study the chance factor in recoveries post-failure. We analyze the role of distractors

in failures and recoveries and the co-incidences which aid tracking. For example, it often happens

in long sequences that tracker loses the target at some location and freezes there. If by chance the

target passes the same location (after a while), the tracker starts tracking it again. Our study aims

to quantify such behavior.

3. We propose 3D Longest Subsequence Measure (3D-LSM), as a novel metric for quantifying track-

ing performance. It measures the longest contiguous sequence successfully tracked at a given

precision and allowed failure tolerance. The 3D-LSM allows for a direct visual interpretation of

tracking results in the form of a 2D image.
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3.2 Related Work

Tracking Datasets: There are a large variety of datasets for object tracking. Most commonly used

datasets are OTB50[114] and OTB100[113]. They consist of short videos from generic real-world

scenarios. ALOV300[99] increased diversity by including 300 short sequences. The average video

length in ALOV dataset is only 9 seconds. NFS[38] dataset included sequences recorded at high frame

rate (240fps). UAV[78] introduced a dataset from sequences shot from an aerial vehicle. Moudgil and

Gandhi[77] TLP dataset with 50 sequences, focusing on long-duration tracking (signi�cantly increasing

length of individual sequences). LTB35[69] and OxUvA[106] then followed emphasizing the need to

focus on long term tracking. LaSOT[34] signi�cantly increased the size of the dataset with over 1000

sequences. GOT10k[45] then followed by proposing a dataset with 10000 sequences, including objects

from 563 different classes.

Tracking Methods: We list some notable attempts which led to signi�cant progress in long term track-

ing. Collinset al. [25] proposed the idea of using the neighborhood around the ground truth for dis-

criminative feature learning. This idea was later formalized into tracking by detection frameworks [3].

Kalal et al. [49] proposed TLD framework of learning detector from initial tracking, maintaining the

con�dence of local tracking based on feature point tracks, and switching to detection in low con�dence

scenarios. TLD tracker was one of the �rst attempts to elegantly handle the re-detection problem, which

is crucial for long term tracking. The consistency aspect was then improved by employing an ensem-

ble of classi�ers [128]. These methods maintain several weak classi�ers, often initiated at different

checkpoints to account for appearance variations of the target.

Another popular direction is Discriminative Correlation Filter (DCF) based tracking [13, 28]. These

methods exploit the properties of circular correlation (ef�ciently performed in Fourier domain) for

training a regressor in a sliding-window fashion. Recent progress in DCF's is driven by integrating

multi-resolution shallow and deep features maps to learn the correlation �lters [27, 10, 105]. Another

fundamental contribution is the use of Siamese networks for visual object tracking [8, 42]. The GO-

TURN tracker [42] uses the Siamese architecture to directly regress the bounding box locations given

two cropped images from previous and current frames. The SiamFC tracker [8] transforms the exemplar

image and the large search image using the same function and outputs a map by computing similarity

in the transformed domain. These efforts [8, 42] do not include any online updates and are extremely

ef�cient in terms of computation. The Siamese framework was further augmented by employing Re-

gion Proposal Networks (RPN)[60, 61] which signi�cantly improves the accurate prediction of scale

and aspect ratio of the bounding boxes.

Another pioneering effort came from Namet al. [80], who introduced the idea of treating the tracking

problem as classifying candidate windows sampled around the previous target region. Several recent

efforts have explored the variations of the Tracking Learning Detection (TLD) framework. Nebehayet

al. [81] proposed a mechanism to drift by �ltering outlier correspondences. A combination of short term

CF tracker with additional components (e.g., an explicit re-detection module) have been explored [68,

71]. Zhanget al.[132] employed an of�ine trained regression network as the short-term component and
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an online-trained veri�cation network to detect tracking failure and start image wide detection. Yanet

al. [119] show signi�cant computational improvements by replacing the online veri�cation network

with an of�ine trained Siamese veri�cation network.

Tracking Metrics: Early works relied on the precision metric[3, 114] for quantifying the tracking per-

formance, which computes the pixel distance between the center of the ground truth and the prediction.

This was convenient since it required only annotating the center of the target and not the whole bounding

box. However, since this does not account for the scale and aspect ratio, the success metric[114] was

introduced. It measures the percentage of frames where the Intersection Over Union (IoU) of the pre-

dicted and ground truth bounding boxes is more than a threshold. Failure rate [55] was then introduced

to address the continuity and consistency aspect of tracking. In failure rate measure, a manual operator

reinitializes the tracker upon every failure. The number of required manual interventions per frame is

recorded as the quantitative measure. However, due to the need of manual interventions, it is unscalable

for long sequences (in large datasets). For a more detailed review and analysis of metrics for short-term

tracking, we would refer the reader to work by Cehovinet al. [16].

A few evaluation metrics have been proposed targeting long-duration tracking. Valmadreet al.[106]

introduced True Positive Rate(TPR), True Negative Rate(TNR) and took their geometric mean. To

have a single representative metric accounting for the trackers which do not predict absent labels, they

proposed a modi�ed metric called maximum geometric mean metric. However, the metric is biased

towards the ability of a tracker to predict absent labels.

Lukezic et al.[69] introduced tracking recall and precision and used this to give a tracking F1 score.

However, their de�nition of a long term tracker is limited to the ability of a tracker to predict absence,

and the proposed metric does not focus on the continuity and consistency aspect of tracking. We believe

the ability to track for long-duration consistently even when the target object is always present has

been overlooked in these previous efforts [69, 106]. Lukezicet al.also proposed an experiment to

quantify the re-detection ability of a tracker. However, their experiment mainly focuses on the search

strategy with no appearance changes. Here, we seek to quantify the re-detection ability in the wild.

Moudgil and Gandhi [77] proposed the Longest Subsequence Measure (LSM), which quanti�es the

longest contiguous segment successfully tracked in the sequence. Here, we propose an extension of it

called 3D-LSM, which allows comparing trackers visually.

3.3 Re-detection in the Wild

This experiment is designed to quantify a tracker's ability to re-detect the object after it is lost (either

because the target goes of the view or due to momentary failures).

Setup: We select a segment from a sequence, and delete it, thereby introducing a cut (illustrated in Fig-

ure 3.2). We evaluate the tracker's performance on the segment after the cut to evaluate the re-detection

ability of the tracker. For each sequence from the TLP dataset, we cut a segment that maximizes the L2

norm of the center locations between the target bounding boxes before and after the cut. The duration
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of the cut is �xed to 300 frames. We empirically �nd that 300 frames allow the target to move far away

from the tracker's search region without signi�cantly varying the other aspects in the scene. Keeping

a similar context around the target helps to keep the focus on the re-detection ability (the context can

change dramatically in long sequences if the length of the omitted sequence is large). The proposed

re-detection scheme is quite general and can be applied even on datasets that do not have target disap-

pearances at all.

Evaluation: In all the experiments the tracker is initialized 100 frames before the cut. We choose 100

frames so that the tracker starts stable tracking before the cut. It also allows trackers with online updates

to build a reasonable representation of the target object. We also make sure that there are no critical

challenges in this duration of 100 frames such as heavy occlusion, clutter, etc. to avoid tracker failure in

these 100 frames. After the cut, the tracker is continued to run on the sequence for another 200 frames

and its performance on this segment is evaluated. We de�ne “recovery” when the IoU of the tracker

with the target reaches 0.5. To make a relative comparison of the trackers on the re-detection task, we

report the following metrics.

1. Total number of sequences (out of the total 50 TLP sequences) in which a tracker is able to recover

within the remaining 200 frames.

2. Total number of sequences where the recovery is “quick,” i.e., the recovery happens within 30

frames (1 second).

3. Average number of frames a tracker takes to recover successfully.

We perform this experiment on TLP dataset with the following trackers: SPLT [119], MBMD [132], Fu-

CoLoT [68], ATOM [26], MDNet [80], SiamRPN [61], ECO [27], CMT [81], LCT [71], and TLD [49].

SPLT, MBMD, FuCoLoT, CMT, LCT and TLD are long-term trackers with explicit re-detection abil-

ity; ATOM is the current top performing tracker on the long-term benchmark LaSOT, while MDNet,

SiamRPN and ECO are the top performing trackers on other benchmarks [77, 113, 56]. This selection

presents all the prevalent tracking approaches: correlation �lter based trackers [27, 71, 68], end to end

classi�cation with online updates [80], of�ine trained Siamese trackers with region proposals [61], low

level feature tracking with online learned detector [49, 81] and combination of multiple of�ine/online

trained components [26, 132, 119]. The same set of trackers are used in all the following experiments

as well.

Results and Discussion:Our results are summarized in Table 3.1. SPLT gives the best results, followed

by FuCoLoT and MBMD. Since the base framework of SPLT and MBMD is the same as SiamRPN,

the signi�cant improvements (from SiamRPN to SPLT) can be attributed to the additional veri�cation

and re-detection module. An explicit re-detection module also improves CF-based trackers (as seen

in FuCoLoT). CMT and TLD dominate in re-detection experiments studied in previous works [69];

however, they give poor results in our experiment. We empirically observe that CMT and TLD fail to

adapt to appearance changes that occur before and after the cut, possibly because of the weak appearance
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