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The predefined artificially-balanced training classes in object recognition have limited capability in
modeling real-world scenarios where objects are imbalanced-distributed with unknown classes. In
this thesis, we present three research works on Long-Tailed Recognition task for both closed-set
and open-set scenarios.

For closed-set long-tailed recognition, existing one-stage methods improve the overall perfor-
mance in a “seesaw” manner, i.e., either sacrifice the head’s accuracy for better tail classification or
elevate the head’s accuracy even higher but ignore the tail. Other algorithms bypass such trade-off
by a multi-stage training process: pre-training on imbalanced set and fine-tuning on balanced set.
Though achieving promising performance, not only are they sensitive to the generalizability of the
pre-trained model, but also not easily integrated into other computer vision tasks like detection
and segmentation, where pre-training of classifier solely is not applicable. In this thesis, we in-
troduce a one-stage long-tailed recognition scheme, ally complementary experts (ACE), where the
expert is the most knowledgeable specialist in a sub-set that dominates its training, and is comple-
mentary to other experts in the less-seen categories without disturbed by what it has never seen.
We design a distribution-adaptive optimizer to adjust the learning pace of each expert to avoid
over-fitting. Without special bells and whistles, the vanilla ACE outperforms the current one-stage
SOTA method by 3~ 10% on CIFAR10-LT, CIFAR100-LT, ImageNet-LT and iNaturalist datasets.
It is also shown to be the first one to break the “seesaw” trade-off by improving the accuracy of

the majority and minority categories simultaneously in only one stage.



For open-set long-tailed recognition, firstly, we propose a distribution-sensitive loss, which
weighs more on the tail classes to decrease the intra-class distance in the feature space. Building
upon these concentrated feature clusters, a local-density-based metric is introduced, called Localiz-
ing Unfamiliarity Near Acquaintance (LUNA), to measure the novelty of a testing sample. LUNA is
flexible with different cluster sizes and is reliable on the cluster boundary by considering neighbors
of different properties. Moreover, contrary to most of the existing works that alleviate the open-
set detection as a simple binary decision, LUNA is a quantitative measurement with interpretable
meanings. Our proposed method exceeds the state-of-the-art algorithm by 4-6% in the closed-set
recognition accuracy and 4% in F-measure under the open-set on the public benchmark datasets,
including our own newly introduced fine-grained OLTR dataset about marine species (MS-LT),
which is the first naturally-distributed OLTR dataset revealing the genuine genetic relationships of
the classes.

LUNA is a step closer to the real-world open-set long-tailed recognition problem, however,
we see two deficiencies: technically, it suffers from a trade-off between representation learning and
classifier training; in terms of result interpretation, the semantic meaning of the learned features are
unexplored. Therefore, we present an improved LUNA framework, called LUNA+. In LUNA+, the
feature learning and classifier learning are decoupled with an extra feature projection module. In
addition, cluster centers are pre-optimized to be uniformly distribution in latent space to eliminate
bias. LUNA+ further improves the OLTR performance, and enables more automated, robust and

scalable applications.
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Chapter 1

INTRODUCTION

1.1 Background and Motivations

There is a wide range of real-life object recognition applications that operates under the training-
learning paradigm and can be naturally modeled as the image recognition task, which is one of the
most fundamental and substantial studies in computer vision. Technical revolution sweeps various
fields like species identification [98], medical imaging perception [106], human face recognition [21]
and scene classification in autonomous driving [75]. However, in real applications, the performances
of the off-the-shelf object recognition methods mostly bias on the sample-rich classes that have been
seen in the training set, with a limited ability on classifying the sample-few classes, not to mention
the novel classes of objects [47, 127].

The main culprit of this phenomenon is the simulation scenario in the academia cannot fully
model reality: the conformity between training and testing sets determines the system’s dynamic
performance, reliability and scalability. Back in the real world, the factual object samples are
unevenly distributed, and the object classes are always open-ended. Specifically, the frequency
distribution of visual objects is long-tailed [84], that most samples belong to very few classes
(called head or majority classes) while most classes (called tail or minority classes) only count for
a small portion of samples. To achieve the goal of visual recognition in the wild, the tasks include
classifying the closed-set categories with imbalanced training data and identifying the novel classes
during inference.

We compared concepts in Table 1.1 to further clarify the terminologies and demonstrate the
challenges. From small-scale [54] to large-scale setting [55], conventional object recognition are
widely studied. A dataset is imbalanced if the the number of samples in the largest classes is over
10 times to the smallest class. Long-tailed is the extreme situation of data imbalance, where that
smallest class only has less than 20 training samples. Learned models are easily biased towards

the majority classes and thus perform poorly on the minority classes due to the disparity of data



Task Balanced Size of Tail Balanced Novel Classes Example
'as
Training Set? | (min img/class) | Testing Set? in Testing? Benchmarks
. . ImageNet [55]
Object Recognition v - v X
CIFAR [54]
Imbalanced MIT-67 [82]
X > 20 v X
Object Recognition Caltech-101 [24]
Long-tailed ImageNet-LT [70]
X < 20 v X
Object Recognition CIFAR-LT [11]
Open-set Letter [26]
v - v v
Object Recognition MNIST [59] t
Open-set Long-tailed ImageNet-LT [70]
X < 20 v v
Object Recognition MarineSpecies-LT [9]

Table 1.1: Comparison between visual recognition tasks. Balanced set means samples per class are
evenly distributed. f: open-set object recognition datasets are usually stimulated from balanced
object recognition datasets by by defining closed and open classes. 1: the closed testing set of
open-set long-tailed recognition dataset can be used for closed-set long-tailed recognition task.

distribution. For fair comparison over the entire dataset, balanced testing set are purposely adopted
for all recognition benchmark. Statistically, the expectation of accuracy of the unbiased model is
the highest for a unknown testing distribution. Besides, the same categories in training/testing
splits are called closed-set and the novel categories in testing are called open-set. Open-set object
recognition aims to detect samples from the untrained classes and reject their closed-set classification
results, meanwhile, the closed-set accuracy should be preserved.

With the emerging need of bridging the gap between the practical applications and the academic
models, an appealing trend is to study the networks that are trained with long-tailed-distributed
data and tested with both trained and novel classes, called opened-set long-tailed recognition

(OLTR) [70]. In summary, the two challenges in open-set long-tailed recognition lie in

e The balancing between representation learning and classification. Prior statistic-based [23,
117, 5] or feature distance-based [88, 115, 35] methods suggest the promising potentials
of detecting anomalies features from a well-modeled balanced feature space. However, the
OLTR suffers from head-tail performance trade-off [10, 107]. That says re-balancing tech-

niques [41, 127] improve the performance of tail classes, but hurt the feature learning over-



all [47]. The under-representation of the dataset causes difficulties in identifying anomalies.
On the other hand, a biased model fits the majority data helps novelty detection but results

in poor classification performance.

e Lack of quantitative measurement or semantic interpretation of novelty. Recent OLTR ap-
proaches [70, 130] use thresholding on feature distance to identify novel data. The level of
novelty and the semantic meanings of the distance are not explored. However, they are useful

clues for manual annotation and analysis after the outliers are identified, thus worth studying.

Motivated by the above challenges, in this thesis, we present three research works to tackle the
model biases caused by long-tailed training data and novelty detection issue due to open-bounded

testing data.
1.2 Overview of the Proposed Methods

1.2.1 Closed-set Long-tailed Recognition

Object recognition researches are mostly driven by artificially-balanced benchmarks, e.g., Ima-
geNet [20] and CIFAR [54], current models tend to be dominated by the heads [47, 127]. Facing up
to the reality, scarce as the tail categories are, they are of the same or even higher significance than
the heads in various fields, such as biological species identification [98], disease classification [99]
and web-spam message detection [124]. This long-lasting bottleneck significantly restricted clas-
sification related computer vision tasks into practical use, including detection [94, 111, 118] and
instance segmentation [102, 119].

To ensure a recognition capability over all categories, a tail-sensitive classifier becomes necessary.
Existing solutions fall in three categories: one-stage [41, 108], two-stage with pre-training[47, 11],
and multi-stage multi-expert frameworks [113, 107]. The one-stage algorithms follow a straight-
forward idea to addressed the imbalance of training set by re-balancing, including re-sampling [47]
and re-weighting [11, 17, 121]. Despite the promotion of the tails, balancing techniques show an
obvious “seesaw” phenomenon (Figure 1.1), that the accuracy of majority classes is sacrificed, in-
dicating the under-representation of the heads. This raises a new concern that reducing the heads’

accuracy might lead to more serious consequences. Taking the animal identification system as an



example, some species are much richer in population than the endangered ones. Increasing the
recognition accuracy of the snow leopards has little chance to be verified as they are rarely seen;
on the contrary, failing to precisely classify two bird kinds can easily result in a misunderstanding

of the local ecology.

AMajority
Accuracy
ACE
M  (Ours)
© © ReMix RIDE '
Input V] LFME
Mix-up (IM)
Progressive
resampling + IM
©
Manifold V] cB Resampling +IM
Mix-up
[Vl CB Focal Loss + IM
Baseline
T-norm
© o BBN (© M
Class-balanced Focal Loss (M cRT
Cross-entropy W
Loss Progressive OLTR
Resampling
©
Class- © LDAM+DRW
balanced
Resampling
Minority
Accuracy

One-stage: re-balancing and augmentations
(Ml Multi-stage: multi-stage training and transfer learning

Figure 1.1: Performance of representative long-tailed recognition methods in terms of majority and
minority classes compared to the baseline model. The result indicates most re-balancing methods
improve the performance of minority categories by sacrificing that of the majority even with two-
stage training (quadrant IV). Data augmentations are effective on the heads but slightly hurt the
tails (quadrant II).

Literature in the recent two years [47, 107, 113, 123] handles the issue in a roundabout way:
firstly train the feature extractor (backbone) with the whole imbalanced set for generalizable rep-

resentation learning, then re-adjust the classifier by re-sampled data or build diverse experts for



various tasks in cascading stages. Further improving the performance as they are, however, the
general idea still holds old wine in a new bottle by making new trade-offs. To re-balance the data
distribution, heavily relying on the well-adjusted pre-trained model and re-balancing skills make
the frameworks sensitive to hyper-parameters and hard to find a sweet point. More importantly,
the accumulated training steps make the multi-stage models redundant and less practical to be
integrated with other tasks simultaneously, e.g., detection [102] and segmentation [119]. To guar-
antee the plug-in and play property, it is thus highly desirable to have a classifier that shot the

long-tail challenge with only one stage.

The hankerings of current long-tail challenges make us look more profound to the human in-
telligence. When human-beings make hard classification choices, saying diagnosis of diseases, it
is advantageous to involve specialists’ insights who are well-aware of their own fields. Moreover,
for the rare diseases, panel discussion and consultation are indispensable to exclude interfering
potentials. Similar in the long-tailed issue, we are inspired to design a group of experts with com-
plementary skills: (1) they share elementary knowledge from the most diverse data source; (2)
they are professional at splits of data respectively, and aware of what they do not specialize in; (3)
opinions from the experienced experts (who see more data) complement the judgment from junior

experts (who see less) for optimal decision.

Following the idea, we propose the Ally Complementary Experts (ACE) for one-stage long-tailed
recognition. ACE is a multi-expert structure where experts are training in parallel with a shared
backbone. The experts are assigned with diverse but overlapping imbalanced subsets, to benefit
from specialization in the dominating part. We also introduce a distribution-adaptive optimizer
that controls the update of each expert according to the volume of its training set. Finally, the
output makes the best out of all experts learned by the designed complementary loss. ACE is

trained end-to-end without any pre-training.

We evaluate ACE on various widely-used long-tailed datasets, including CIFAR-10-LT, CIFAR-
100-LT [17], ImageNet-LT [70] and iNaturalist2018 [98] extensively with various experimental set-
tings. Our method becomes the new SOTA among all one-stage long-tailed recognition methods
with by 3-10% accuracy gain and is the first one that improves performance on all the three fre-

quency groups. ACE also surpasses several multi-stage methods [47, 51, 70, 113] by a large margin.



1.2.2 Open-set Long-tailed Recognition

The state-of-the-art algorithms are either focused on solving open-set issues [5, 89, 28|, or only
aimed to classify the objects under a closed long-tail distribution [47, 127]. However, when there
is a call for implementing object recognition in daily life, the open-set and long-tail challenges
commonly coincide [98, 109, 1]. Separating them is twice the effort for half the result. To step
closer to reality, Liu et al. attempt to merge and deal with the open-set long-tail recognition (OLTR)
together by one framework in 2019 and proposed the OLTR baseline [70]. However, existing OLTR

approaches [70, 130] still see some fundamental and methodological gaps:

e No authentic collected open long-tail dataset to evaluate the OLTR methodology [70]: existing
benchmarks are limited to artificially-sampled ones. The generic relationship among objects
are disrupted. For example, there are only 9 samples for truck while 516 samples for white

shark in ImageNet-LT.

e Decoupling open set challenges with long-tailed distribution [5, 28, 45, 36]: when people study
the open set issues, models are designed based on balanced sets [20, 126, 56], which reduce

the utility and value of transferring the methodology to OLTR tasks.

e Exhaustively engage into the long-tail recognition and ignore the open set issues [11, 41, 64,
18, 62]: due to the hurdle of recognition of objects from the imbalanced set, literature focuses
on improving the accuracy in the long-tailed distribution without considering the open set

scenario, which needs accommodations for the actual OLTR tasks.

The above three significant hurdles motivate us to research in the metric domain, which au-
tomates the feature selection and learns task-specific distance functions to access similarity [58].
In this proposal, we propose a metric learning framework, called Localizing Unfamiliarity Near
Acquaintance (LUNA), to quantitatively measure the level of novelty based on the local density of
the deep CNN features for the open-set long-tailed recognition task. With LUNA, two questions
can be answered precisely, (1) whether the input is novel or not; (2) if no, which class it is; if yes,
what is the unfamiliarity level of the new class concerning the pretrained acquaintance classes. In

summary, we claim our contributions and technical innovations as follows,



e We collect a new well-annotated real Marine Species open long-tailed (MS-LT) dataset. As
the first natural OLTR dataset in a fine-grained domain, it will be a solid supplement to
the existing manually re-sampled OLTR datasets. It poses new challenges on representation

learning and novel species detection.

e To make the categories concentrated in feature space individually, the feature extractor is
trained by a newly proposed loss, called weighted center loss, to minimize their intra-class
distances so as to form dense clusters in the high-dimensional space. It centralizes the deep
features of the head classes, while preserving the classification accuracy of the tails, resulting

in more distinctive features.

e To measure the unfamiliarity level of the new class and evaluated the closeness with acquain-
tance classes, we propose a LUNA factor, an outlier metric based on the relative density of
the deep features, which is adaptive to the frequency of the targeted category. The LUNA
factor is the first indicator, to our best knowledge, that provides quantitative measurements

of novelty under the long-tailed distribution.

e We extensively evaluate LUNA on the MS-LT dataset and two commonly-used artificially-
sampled datasets, ImageNet-LT and Place-LT, in both long-tailed recognition and open-set
detection tacks. The result shows that the LUNA significantly outperforms the state-of-the-
art methods by 4-6% on the closed set and in average 4% improvement of the F-measure

under the open-set setting.

1.2.3 Improving Open-set Long-tailed Recognition

Although achieving the state-of-the-art performance, LUNA framework suffers from parameter

selection and imbalanced feature space. We further tackle these problems from two aspects:

e To enforce a balanced feature space, we take advantages of a set of pre-generated center
points that are uniformly-distributed. The distance between the training data and their
corresponding targeted center points are minimized through optimization. Therefore, the

conflict between representation learning and classifier training mitigates. Besides, to ensure



nearby data clusters are also close in the semantic field, we apply a self-assignment algorithm

between learned centers and targeted.

e To better model the long-tailed data, we propose a distribution-sensitive loss function and
frequency-based parameter selection. Compared to the original LUNA, the new framework

LUNA-+ is more automatic and robust.

The remaining of the thesis is organized as follows. In Chapter 2, reviews of the related works are
presented on both closed-set long-tailed recognition and open-set recognition. The proposed ACE
network, LUNA and LUNA+ algorithms are addressed in Chapter 3, Chapter 4 and Chapter 5,
respectively, where the methods are illustrated in detail and experimental results are discussed. We

then conclude in Chapter 6 and discuss the future works.



Chapter 2
RELATED WORKS

2.1 Long-tailed Recognition

Methods for long-tailed recognition can be mainly grouped into three types: (1) revision of the data

distribution; (2) two-stage training and transfer learning; (3) multi-expert/branch frameworks.

2.1.1 On the Data: Re-balancing and Augmentations

Re-balancing consists of under-sampling of the head classes, over-sampling of the tail classes and
re-weighting the loss function by the frequency or importance of the samples [44, 65, 17, 11]. Naive
re-sampling in a class-balanced manner [41, 108] can easily overfit on the sample-few classes, either
constructing a less imbalanced distribution by square-root sampling [73] or adjusting from instance-
balanced to class-balanced sampling progressively [11, 17, 127] is a more stable and promising
alternative.

Besides, strong data augmentations could increase the diversity of the training set, which com-
pensates for the insufficiency of data and improves the model’s generalizability. Mixup [120] along
with its long-tailed variant re-balanced Mix-up (ReMix) [14]; and tail classes synthesis [123] are
representative methods. However, the above algorithms always sacrifice the tails for the heads, or
vice versa. The reason is the contradiction between representation learning and classifier learn-
ing, i.e., instanced-based (bias) sampling learns the most generalizable representations while the

unbiased classifier is less likely to overfit the re-sampled set.

2.1.2 On the Representation: Two-stage Training and Transfer Learning

The second category migrates the learned knowledge from the heads to tails by two-stage training or
memory-based transfer learning. Deferred re-balancing by re-sampling (DRS) and by re-weighting
(DRW) [11] train the classifier layers with re-balancing after obtaining good representation on the

imbalanced set at the first stage. Kang et al. [47] proposed 7-norm and learnable weight scaling
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(LWS) to re-balance the decision boundaries of classifiers in the parameter domain. OLTR [70] and
inflated episodic memory (IEM) [130] utilize memory banks for prototype learning and knowledge
transfer among classes. However, the use of re-balancing can still hurt the accuracy of heads, and

the inevitable memory consumption potentially limits the deployment on large-scale datasets.

2.1.3 Ensemble Methods: Multi-expert Networks

The recent trend on multi-expert or multi-branch networks shows the strong potential to address the
long-tailed issue by treating the relatively balanced sub-groups separately. BBN [127] assigns two
branches with normal and reversed sampling, respectively, which cooperates cumulative learning
strategy to adjust the bilateral training. BBN merges the two-stage methods into one, but still
suffers from the same drawbacks. LFME [113] and RIDE [107] are multi-expert architectures
that learn diverse classifiers in parallel, combining with knowledge distillation and distribution-
aware expert selection. The main difference between our proposal and these two state-of-the-art
methods are summarized in Table 2.1. Though achieving impressive performance, both of them
suffer from extensive hyper-parameter tuning to balance the multiple optimization functions. More
importantly, the multi-stage training requirement makes them not integrated into other tasks, like

detection and segmentation.

. . Number of Majority | Minority
Method Data for Experts Relationship of Experts
Training Stages Gain Gain
LFME [113] non-overlapping splits independent 2 + +
RIDE [107] same full set competing and complementary 3 ++ +
ACE (Ours) overlapping splits supportive and complementary 1 + ++

Table 2.1: Comparisons between the proposed method with two SOTA multi-expert networks.

2.2 Novelty Detection

Novelty detection means the identification of out-of-distribution samples within the testing dataset,
including the anomalous ones from trained classes and those from new categories, while maintaining

the accuracy on known classes. Since negative samples are not available during training, the purpose
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of novelty detection is to reject the initial outputs on the outliers, which are beyond the trained
model’s capability and requires further processing. Specifically, in the context of deep learning and

taxonomy anomalies (i.e., out-of-class in testing), the methods fall in two types:

2.2.1 Single-class Novelty Detection

Single-class novelty detection means only one class is considered novel while the reminders are
normal. Early works [23, 117] are statistical-based, by modeling the distributions of inliers and
identifying the poorly-fit data as outliers. Later, learning-based methods usually learn a latent
space for the known classes and evaluate the query image’s projections in that space. [88, 115, 35]
use the distance between the input and its reconstruction from a auto-encoder structure to detect
anomalies. Generative adversarial networks [87, 81, 80] are also widely applied to extensively

generate in-class samples to improve the representation of known classes.

2.2.2 Multi-class Novelty Detection

Multi-class novelty detection means novel samples are from multiple classes, also known as open-
set recognition (OSR). OpenMax [5] is an extension of SoftMax, which uses the scores from the
penultimate layer (activation vector, AV) of deep networks to estimate the probabilities of novelty.
Extreme Value Theory (EVT) implies that the AVs follow Weibull distribution for closed set sam-
ples, therefore, OpenMax takes the all training data’s AV per class to do Weibull fitting and results
in a thresholding parameter that is used to estimate outsider regarding that class. Generative
OpenMax (G-OpenMax) [28] synthesises novel class samples from mixture distributions of known

classes in latent space, which enables OpenMax can also learn from unknown classes.

OpenMax and its variants are a huge step moving from closed-set to open-set recognition,
however, there are still unexplored problems. First, the training data for these approaches are
balanced and sufficient. In practice, the few-shot issue and imbalanced distribution post extra
challenges in closed-set accuracy and latent space modeling. In addition, generative models are
less stable and generalizable on large-scale high-resolution data. Therefore, open-set long-tailed

recognition (OLTR) is has attracted increasing attention recently.



12

2.3 Open-set Long-tailed Recognition

Liu et al. [70] proposed the concept of open-set long-tailed recognition (OLTR), which aligns the
natural data settings. Similar as the novelty detection methods, the proposed OLTR approach
maps the images to feature space. To separate the majority and minority classes, a direct feature
and a memory feature are aggregated and mutually enhanced for each known class. Open-set
samples are detected by their calibrated feature distances to the learned visual memory. [70] is the
first work tackles long-tailed and open-set jointly. Inflated Episodic Memory (IEM) [130] further
improves the design of visual memory, since the single vector in OLTR might not be sufficient to
model the distribution. IEM records the most discriminative features for each class by a group of
memory bank modules. Both OLTR and IEM focus on the representation learning and use feature
distances to detect novel data, while the quantitative measurement of novelty are oversimplified.
Besides, same learning paradigm to all categories (e.g., dimension of embeddings, learning rate and

loss weights) might lead to over-fitting or under-representation due to the difference in frequency.
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Chapter 3
ACE: CLOSED-SET LONG-TAILED RECOGNITION

3.1 Overall Framework

The architecture of the proposed Ally Complementary Experts (ACE) network is shown in Fig-
ure 3.1. Followed a shared backbone, multiple experts are branched out with individual learnable
blocks and a prediction layer. A distribution-aware planner distributes diverse but overlapping
category splits for each expert, including target categories (TC) and interfering categories (IC).
These experts complement each other from three aspects:

(1) the dominating categories in their TCs are different, so that the predictions have their own
strengths;

(2) the TCs are overlapping, especially on sample-few categories, thus the predictions support
each other;

(3) the experts learn to suppress the output of IC so that they will not bring ambiguity in the
categories that have never been seen. To further accommodate the disparity in data, a distribution-
adaptive optimizer is designed to guide the experts to update at their own paces.

We use classification loss L5 and complement loss L.y, to train the model end-to-end in only
one-shot. Finally, the predictions from the experts are aggregated by averaging over the re-scaled

logits in each data split.
3.2 Methodology

3.2.1 Distribution-aware Planner

The experimental fact that classifiers tend to have better performance on the majority categories
than the minority on an imbalanced set is considered a drawback and avoided by existing methods.
However, if each split’s prediction is obtained from a classifier that biases on it, we could expect
accuracy gains everywhere. Therefore, we design a distribution-aware planner to assign each expert

with a subset of the training set, which is also imbalanced and dominated by different splits,
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Figure 3.1: Network architecture of ACE. There are four components: (1) a shared backbone for
representation learning; (2) a distribution-aware planner assigns diverse target categories (TC) and
interfering categories to each expert, respectively; (3) a group of experts that learns to identify the
TC with classification loss L. and eliminate their effect on IC with complementary loss Leom; (4) a
distribution-adaptive loss that adjust learning pace n of each expert for simultaneous convergence.
By allying complementary experts (ACE) in a group average manner, the aggregated prediction
compromises the merits of all experts.

respectively. Formally, the process is as follows,

Given a training set D = {X; Y} with C categories in total, for K experts E = {&1, &, ..., 8k },
&; is assigned categories %;, such that |61 N % N...NEx| =C and 6, UE; # @.

Denoted .4 = {n1,na,...nc} as the number of samples in each class, to be simple, suppose .4
is in the descending order. Similar to the spirit of re-balancing, sample-few categories should be

more exposed. Therefore, the i-th expert &; is assigned target and interfering classes

C C C
Ci = {?(z - 1), K(Z —1)+1, ?(z -1)+2,..,C},

(3.1)
(gi = {1,2, couy E(Z — 1) — 1}

For a randomly-sampled mini-batch B C D, &; uses a sub-batch B; = {(z,y) : (z,y) € B,y € %;}.
In this case, there is always an expert be presented with all the samples, and the smaller the class, the
more experts are assigned. Besides, the medium-shot or few-shot classes have chances to dominate
an expert, thus eliminating the bias towards the sample-rich classes. The network degenerates to a
plain classifier if K = 1.

Similar to the existing methods, we use ResNet [38] as our backbone. The last residual block
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is duplicated for each expert, and followed by a learnable weight scaling (LWS) classifier [47]. The
output logits (before SoftMax layer) of &; is z° € R*ICl which are further adjusted to be Z; by the

norm of the fully-connected layers’ weights to have comparable scales:

[[wil|?

= *Z; 3.2
CAE (3:2)

The set of experts that trained with class ¢ is S¢, then the output logit of class ¢ is the average

among the outputs from S¢, i.e.,

Z Z; (3.3)

"B 2

SoftMax operation is applied on o to obtain the classification confidence.

3.2.2 Objective Functions

Loss functions are applied on each expert separately instead of on the aggregated output o to avoid
a mixture of expect-specific features. We use the cross-entropy loss as the classification loss, with

the sub-batch B; for &;,

s (B Z ylog(o (3.4)

where o(-) represents the SoftMax operation.

In addition to classifying the assigned targeted class, each expert is required not to affect the
other experts on the classes they have never seen, i.e., the interfering categories (IC). For the experts
themselves, categories in IC are the main source of confusion as well. By eliminating the effect of
IC, the experts work in a complementary way rather than competitive. Hence, a regularization

term to suppress the output of IC is necessary. We define the complement loss L.y, as

Leom( Z [l (3.5)

cj €%
The complement loss minimizes the logits of non-target categories for &; so as to put down their
effect. Removing the logits representing the sample-rich categories empirically might also do the
trick; however, there is no learning process to distinguish IC and TC. We compare this architecture

with Leom, discussions could be found in Sec 3.4.
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Overall, the loss function for &; is
L(goz. (BZ) = ;i:ls + Léom' (36)

3.2.3 Distribution-adaptive Optimizer

Recall the Linear Scaling Rule [31] for training networks in mini-batches with stochastic gradient
descent (SGD) optimizer: when the minibatch size is multiplied by k, multiply the learning rate by
k. All other hyper-parameters (weight decay, momentum, etc.) are kept unchanged.

By the rule, to avoid over-fitting, the optimizer should be distribution-aware to assign smaller
weights to &; which is trained with less data. Denoted the base learning rate as 79, which is the
learning rate for the expert presented with all categories, the i-th expert is trained by,
D ect; N

> ny

The loss of &1 updates the backbone and parameters of &1, and L; that ¢ > 1 only updates

ni = 1o (3.7)

the expert itself. The reason is the errors likely duplicates because of data overlapping, which
means the backbone could be corrected multiple times due to the same error. This is similar to the
idea of re-weighting methods, as introduced in Section 2.1.1 that hurt the representation learning.

Therefore, only &1 updates the backbone.
3.3 Experimental Results

3.3.1 Datasets and Protocols

Generally, in long-tail recognition tasks, the classes are categorized into many (with more than 100
training samples), medium (with 20 ~100 samples) and few (with less than 20 samples) splits [70].
The imbalance factors of the long-tailed datasets, defined as the frequency of the largest class
divided by the smallest class, vary from 10 to over 500 [17, 70, 98].

CIFAR100-LT and CIFARI10-LT [17] are artificially created from the balanced CIFAR
dataset [54] by reducing training samples according to an exponential function n = n;u’, where
i is the class index, n; is the original number of samples and p € (0,1). We experiment with
two commonly used IF's, 100 and 50. There are approximately 10K~13K training images and 10K

testing images for each split. ResNet-32 is used as the base network, where the last residual block is
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tripled for the branches to be comparable with other methods. Following [38], for training samples,
4 pixels are padded on each side, following by a 32 x 32 random crop on the padded image or its
horizontal flip. The network is trained by the stochastic gradient descent (SGD) optimizer with a
momentum 0.9 for 400 epochs. The base learning rate is 0.05 and decreases by 0.1 at epoch 320
and 360, respectively.

ImageNet-LT [70] is sampled from ImageNet-2012 [20] following the Pareto distribution with
the power value o = 6. ImageNet-L'T contains 115.8K images for 1000 categories, with maximally
1280 images per class and minimally 5 images per class. Following [70, 47, 113, 123], we use ResNet-
10 as the backbone. To be comparable with [47, 107], we also report our results with ResNet-50
and ResNeXt-50 [114]. For data pre-processing, the training samples are resized to 256 x 256, then
randomly cropped to 224 x 224 and flipped horizontally with a probability of 0.5; on testing, the
aspect ratio of the testing sample is kept by first resize its shorter side to 256 then crop 224 x 224
in the center. The networks are trained by the SGD optimizer with momentum 0.9 for 100 epochs.
The base learning rate is 0.1 and decreases by 0.1 at epoch 120 and 160.

iNaturalist2018 [98] is a real-world large-scale dataset for species identification of animals and
plants. Following the literature, we use the 2018 version. This dataset contains 438K images for
over 8K categories, with extremely imbalanced distribution (IF=512) and challenging fine-grained
issues. We use ResNet-50 as the backbone, and the same prepossessing and training protocol as

ImageNet-LT.

3.3.2 Performance
Competing Methods

We first introduce some competing methods. Generally, there are two types by whether or not
there is a backbone pre-training stage. For one-stage type of methods, re-balancing of the long-
tailed dataset is either by resampling, (e.g., class-balanced and progressively-balanced [47]), or
reweighting (e.g., focal loss [65], class-balanced focal loss [17], and LDAM [11]). Besides, strong
augmentation tricks (e.g., mixup [120], re-balanced mixup [14], tail sample synthesis using class
activation maps (CAM) [123])) can also benefit the overall accuracy, especially the heads. Moreover,

transfer learning in either image domain (major-to-minor translation [51]) and in feature domain
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(OLTR [70]) are proved useful. BBN [127] uses a two-branch architecture to combine normal
sampling and distribution-reversed sampling progressively, improving the tail’s accuracy in a large
margin. The other type is two-stage methods. In the second stage, 7-norm, LWS and cRT [47]
retrain or fine-tune the classifier with a balanced dataset or unbiased classifier weights. LEME [113]
and RIDE [107] are multi-branch assembled architectures with knowledge distillation. LFME uses
teacher-student network to train experts on many-/medium-/few-shot splits, while RIDE does not
fix the number of branches and uses KL-divergence loss to force them to be experts on different

groups.

CIFAR-LT

Table 3.1 shows the proposed ACE performs the best among all one-stage methods and surpasses
other multi-stage methods on CIFAR100-LT-100. We outperform the previous one-stage SOTA
BBN by 9.0%. Class-wise comparison is shown in Figure 3.2. ACE has significant advantages in
medium and few-shot categories. It is also the only method that improves all the groups by a single
stage. Table 3.3 shows the top-1 accuracy on CIFAR10-LT and CIFAR100-LT with imbalance
factor 50 and 100.
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Figure 3.2: Accuracy gain comparisons between representative one-stage long-tailed recognition
methods and baseline.
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Multiple Accuracy
Type Method
experts All | Many | Medium | Few
Baseline (ResNet-32) 38.3 65.2 37.1 9.1
CB resampling [44]§ 36.0 59.0 35.4 10.9
Focal loss [65] 37.4 64.3 374 7.1
CB Focal loss [17]§ 38.7 65.0 37.6 10.3
One-Stage Progressive [47] 39.4 63.3 38.8 13.1
ReMix [14] 40.9 69.6 40.7 8.8
Mixup [120] 412 | 707 40.4 8.8
BBN [127] v 39.4 47.2 49.4 19.8
Logit Adjustment [72] 43.9 - - -
ACE (3 experts) v 494 66.1 55.7 23.5
ACE (4 experts) v 49.6 | 66.3 52.8 27.2
T-norm [47] 43.2 65.7 43.6 17.3
cRT [47] 433 | 64.0 44.8 18.1
LDAM+DRW [11] 420 | 615 41.7 20.2
LDAM+LFME [113] v 438 - - -
Multi-Stage LDAM+M2m [51] 43.5 - - -
CAM [123] v 47.8 - - -
RIDE [107] (2 experts) v 47.0 | 679 48.4 21.8
RIDE [107] (3 experts) v 48.0 68.1 49.2 23.9
RIDE [107] (4 experts) v 49.1 69.3 49.3 26.0

Table 3.1: Top-1 accuracy on CIFAR100-LT-100. Best performance are marked in bold. Our ACE
is the only one-stage method with performance gain on all groups and of the best over all categories.
§: CB represents class-balanced.

ImageNet-LT and iNaturalist

We also report our performance on ImageNet-LT with various backbone models of ResNet-10,
ResNet-50 and ResNeXt-50 as well as iNaturalist-LT with ResNet-50, shown in Table 3.2. Our
method outperforms the BBN by 6.4% (ResNet-50) and 7.3% (ResNeXt-50) on ImageNet-LT and

3.9% on iNaturalist2018, respectively.
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ImageNet-LT iNaturalist
Method Res10 | Res50 | ResX50 Res50
Baseline 20.9 41.6 44.4 66.1
FSLwF [29] 28.4 - - -
Range Loss [121] 30.7 - - -
Lifted Loss [77] 30.8 - - -
Focal loss [65] 30.5 - - 60.3
CB Focal loss [17] - - - 61.1
BBN [127] - 48.3 49.3 68.0
Logit Adj.[72] - 51.1 - 66.4
ACE (3 experts) | 44.0 54.7 56.6 72.9
OLTR [70] 34.1 - 46.3 63.9
NCM [47] 35.5 44.3 47.3 -
LDAM+DRW [11] 36.0 - - 68.0
cRT [47] 41.8 47.3 49.5 65.2
T-norm [47] 40.6 46.7 49.4 65.6
LWS [47] 414 | 477 | 499 65.9
CAM [123] 43.1 - - 70.9
LFME [113] 38.8 - - -
RIDE [107]t - 54.4 55.9 71.4
RIDE [107]f - 54.9 56.4 72.2

Table 3.2: Top-1 accuracy on ImageNetLT and iNaturalist2018, best results are marked in bold.
Overall, it shows the multi-expert/branch architecture outperforms the re-balancing methods. Our
ACE has consistent performance gain comparing with other one-stage methods with multiple back-
bones, and is comparable with multi-stage methods.t:2 experts, 1:3 experts.

3.4 Analysis and Discussions

3.4.1 Effectiveness of Complementary Experts

We compare ACE with its two variants to show the effectiveness of its architecture, learning pro-
cess and the loss function: one is training without L., and the other is the non-complementary
architecture, which is called split-specific classifier (SSC). In the latter one, output dimensions of

the classifier of & are the same as |%}|, i.e., z' € R*I%l In other words, the weights of non-target
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CIFAR100-LT | CIFAR10-LT

Method

100 50 100 50
Baseline 38.3 42.1 69.8 75.2
Focal loss [65] 37.4 42.4 70.4 75.3
Mixup [120] 39.5 45.0 731 77.8
CB Focal loss [17] | 38.7 46.2 74.6 79.3
BBN [127] 39.4 47.0 79.8  82.2

Logit Adj.[72] 43.9 - 7.7 -

ACE (3 experts) | 49.4 50.7 81.2 84.3
ACE (4 experts) | 49.6 51.9 81.4 849
LDAM+DRW [11] 42.0 45.1 77.0 79.3

LFME [113] 42.3 - - -
LDAM+M2m [51] | 435 - 79.1 -

CAM [123] 478 517 | 80.0 836

RIDE [107] 49.1 - - -

Table 3.3: Top-1 accuracy on CIFAR100-LT and CIFAR10-LT with imbalance factor 100 and 50.

groups are set to be zero as a hard constraint, instead of learning to suppress them with Ly, in
a soft regularization manner. Results are in Table 3.4. Figure 3.3 shows ACE with L.y, in the
top row, where &; learns similar scales over all the data splits and the scales of interfering classes
are zeros. Therefore, all trained experts have an approximately equal contribution to the shared
splits. We also observe that on the minority splits j of &; generates supportive results for & (e.g.,
&1 is peripheral in the few-shot split, and its scales are smaller than those of &3, so it is just a
supplementary to &3’s output.). As seen from the middle row of Figure 3.3, by splitting the data
to complementary batches, but without L¢.,, all experts compete with each other in the common
splits. For example, &7 is strong over all categories though it is less accurate in the minority classes
compared to &3, &1’s scales are still larger than &3’s. This explains why ACE without L., has the
best performance in the head categories. In the experiments on SSC, where the experts learn to
classify %; but cannot distinguish the untrained categories, resulting in the obvious dominance of

the expert trained with the full set in all splits, making other experts useless.

Results here are inspiring: different from most exiting works that try to eliminate the bias, we
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utilize it. The data re-balancing is embedded in the data assignment to ensure more exposure of the
minority. The individual back-propagation of each expert will not hurt the representation learning.

Therefore, L.y decouples the representation learning and classifier training in one stage.
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Figure 3.3: The classifier learnt scales of three model: ACE trained with complementary loss (top),
ACE trained without complementary loss (middle), and split-specific classifiers (SSC) (bottom)
trained on CIFAR100-LT-100. &1, & and &3 are plotted in red, blue and green colors, respectively.
Complementary loss allows the experts work jointly in their common splits. Without the comple-
mentary loss, the experts trained with full batch has the largest scales on all splits and competes
with the real dominating experts.

3.4.2 Effectiveness of Distribution-aware Optimizer

The distribution-aware optimizer controls the learning speed of each expert with various data

assignments. In this section, we compare the linear scaling rule with the square-root scaling [53]
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Method ‘ All ‘ Many Medium Few
ACE (With Lcom) | 49.4 | 66.1 55.7 23.5
Expert 1 41.9 71.2 40.2 10.7
Expert 2 30.7 19.9 53.7 17.7
Expert 3 21.8 0.0 38.7 27.8
Without Lcom, 47.2 71.5 49.4 17.5
Expert 1 42.0 71.0 40.9 10.5
Expert 2 31.1 19.4 53.8 19.4
Expert 3 22.0 0.0 38.8 28.3
With SSC 43.4 | 65.1 44.4 18.0
Expert 1 41.6 68.2 41.2 12.1
Expert 2 16.0 2.4 26.5 19.9
Expert 3 21.4 0.0 38.6 26.7

Table 3.4: Overall and many-/medium-/few-shot split top-1 accuracy on CIFAR100-LT-100 of the
three model. The results are consistent with our analysis that without complementary loss, the
experts are competing, so the results tend to average. Split-specific classifiers (SSC) depends mostly
on E;.

and a uniform optimizer. [53] indicates when multiplying the batch size by S, one should multiply
the learning rate by v/S to keep the variance in the gradient expectation constant. For a uniform

optimizer, all the experts share the same 7, i.e.,

docew; T ;
0 =g - \/? " =10 (3.8)
2.0 nj

The training will be more sensitive to the variance of data with a larger learning rate. For the

experts trained by minority splits, we have ¥ >> n-sqrt

li :
;0 > ;. The comparison of the results

uni

is shown in Table 3.5. All three schemes produce better results than baseline. 7}

;""" promotes the

higher improvements in the majority categories, while significantly decreases the tails. The reason

sqrt
7

linear
7

is several experts converge too early and thus not effective due to over-fitting. 7 and 7

linear

show similar performance, while 7, is better in many and med-shot splits. By comparing 7; art

and nljnear

i , we observe learning rate is not the principal reason for accuracy booms. We conclude

that selecting a proper optimization scheme with respect to the data distribution will benefit the

overall performance.
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Scheme ‘ All ‘ Many Medium Few

Linear 49.4 66.1 55.7 23.5
Square-root | 49.1 67.1 55.2 22.1
Uniform 41.7 69.7 39.9 10.7

Table 3.5: Comparisons of learning rate scaling schemes on CIFAR100-LT-100.

3.4.3 Effectiveness of Group Average Output Aggregation

We compare different aggregation methods of the output logits {z‘} from K experts. Four variants
of the aggregation methods are shown in Figure 3.4 (3 experts).

Comparisons between (ACE) and (4) in Table 3.6 shows that the design of scaling is for preserv-
ing the accuracy of the head classes. Computing the maximum by groups over the scaled logits (2)
also suppresses the performance on the heads, as the experts for small classes are easier to overfit
and thus overconfident. Concatenating the result of each dominating group of the experts ampli-
fies the drawbacks of overconfidence, and experts competes each other. Overall, merging multiple
experts is a trade-off for one-stage methods, in which all experts are trained from scratch. On the
other hand, our ACE balances them by adjusting learning speed and with complementary loss,

achieving improvements for all groups.

zt z2 73
L y [ y —
Rescale 2 \4 22 4 23
(1) @ e @

Figure 3.4: Illustration of variants of output aggregation methods.



Aggregation ‘ All ‘ Many Medium Few

Group Avg w/ scaling (ACE) | 49.4 66.1 55.7 23.5
Group Max (2) 43.4 47.5 54.2 26.5
Group Concat (3) 37.7 30.3 50.2 22.9
Group Avg w/o scaling (4) 46.7 | 49.5 53.0 36.5

Table 3.6: Ablation study on aggregation of the outputs on CIFAR100-LT-100.
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Chapter 4

LUNA: OPEN-SET LONG-TAILED RECOGNITION
4.1 Overall Framework

In this chapter, we introduce our approach on training the classification network with a proposed
distribution-sensitive loss to obtain distinctive representations, and detect novel classes based on
the Localizing Unfamiliarity Near Acquaintance (LUNA, detailed illustration in Figure 4.1) mea-

surement under the open-set setting.

Clearly an
Tails inlier
IR Evaluated L R
ﬁ by LUNA X & Boundary
—_ T ° i fA ;

7 W N = > Second
l \ ° boundary
/ rd
______ " Heads Clearly an o Testing data
outliner
Loss s
on/off
Lossycenter é» Closed-set
’ = > LUNA (— —_— Classification
(D)
1
i _____________ Open-set
Detection

Backbone Feature

Figure 4.1: The illustration of our proposed method. Bottom: the workflow of open long-tailed
recognition training and inference. Top: a brief illustration of our open-set detection method in
feature space. The training samples form clusters in the feature space with the weighted center
(wcenter) loss are further categorized into core, boundary and second boundary points by their
relative local density. LUNA assesses the aforementioned metrics to measure the novelty of the
testing samples.
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4.2 Methodology

4.2.1 Problem Setup

Let the training images and the corresponding labels be represented as X = {x;}i=1.p and Y =

{yi}i=1:01, the LUNA framework consists of three components:
e a neural network f: X — Z = {z; € Rd}izlz M, Where z; is the extracted feature for x;,
e aclassifierg: Z—->L={]; € RT}i:L M, Where [; is the output logits for 1" closed-set classes,
e a novelty measurement LUNA factor h: Z — S = {s; € R'},—1.p/.

All notations used in this section are summarized in Table 4.1 for clarification.

Symbol Meaning
i, ] Index of input samples.
t,r Index of closed-set categories.
d Dimension of extracted features.
M Number of input samples.
T Number of closed-set categories.
X ={x;}i=1.m Set of M input images.
Y = {yitiz1.ms  Set of labels w.r.t. X.
Y = {Ui}i=1.m  Set of predicted labels w.r.t. X.
Z ={z;}i—1.; Set of extracted features w.r.t. X.
L ={L}i—1.;s Set of output logits w.r.t. X.
S ={si}iz1.m  Set of LUNA scores w.r.t. X.
N = {n;}4=1.7 Number of samples per closed-set class.
N = {niti=1.r  Normalized number of samples per closed-set class.
C ={ct}t=1.7 Set of pre-generated cluster centers.
C= {¢t}1=1.7  Set of learned cluster centers.
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Symbol Meaning
P Set of positive samples in contrastive loss.
f() Feature extraction network.

Classifier.

Functions for LUNA factor calculation.

Bias term in weighted center loss.

di(z;) k-distance between z; and its k-th nearest neighbour.
rdi(zi,z;) Reachability distance between z; and its peer z;.
Dy (z;) Sub-local reachability density of z;.
n Percentage of core features in a cluster.
Nk (z;) Set ot k sub-local nearest neighbors of z;.
N¢ Set of core features for class ¢.
NB Set of boundary features for class ¢.
NgB Set of second boundary features for class t.
P Feature of a testing sample.
N(p) The targeted cluster’s feature set of p.
Fc(p) Core Outlier Factor (COF) of p.
Z5(p) Boundary Outlier Factor (BOF) of p.
ZsB(P) Second Boundary Outlier Factor (sBOF) of p.
« Hyper-parameter for number of nearest neighbour.
0 (Classification confidence.

Table 4.1: A summary of the symbols and their corresponding

meanings.
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4.2.2 Metric Learning with Weighted Center Loss

The center loss [110] is originally proposed for face recognition, which is formulated as

1
Le=5 3 lixi = eyl (4.1)

i
where x; indicates the feature of the i-th sample with ground truth label y;; c,, is the corresponding
centroid, which is initialized randomly and updated iteratively to minimize the distance between
itself and the continuously updated deep features during the training. Center loss is jointly trained

with cross-entropy loss, balanced by a scalar parameter A
L = Lyent + AL, (4.2)

where different A (A = 0.001,0.01,0.1,1) is shown to lead to different deep feature distributions
[110], and features are more concentrated with larger A. In the situation of long-tailed datasets, the
tail classes tend to be sparser in distribution since there are much fewer samples, which are easier
to mix up with other clusters in the feature space. Thus, we propose a weighted center (wcenter)

loss that caters to imbalanced distribution.
_ 1 A 2
Lwc = 9 Z vil|Zi — ¢y, |[7 (4.3)
T

where Ay, is the weight and c,, is the center of class y; and is obtained by taking the arithmetical
average of all features belonging to that class. Denoting the number of samples per class as N =

{n¢}+=1.7, the normalized frequency is
N = {ﬁt} = {nt/nmaz}t:I:Ta (44)

where 1,4, = Max (IN) is the largest class size. Then the cost coefficient A is inversely proportional
to the frequency to fit the long-tailed distribution of training data, i.e., errors on the tail classes
are penalized more:

A = 7ty /Max (N) + b, (4.5)

Here, b is a hyper-parameter for scaling. We visualize the weights for ImageNet-Lt dataset

in Figure 4.2. Noted that no open-set samples are generated or presented to f during training.
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Therefore, the output of classifier g are logits for T closed-set categories. We use a single-layer

linear classifier followed by the softmax operation in LUNA, the prediction is represented as
Y = SoftMax(L) = SoftMax(g(Z)). (4.6)
The overall loss function is the combination of wcenter loss and cross-entropy (CE) loss

L= Lwc(Z,Y) + Leg(Y,Y), (4.7)

where b in wcenter loss is set to 1 to balance the two terms.
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Figure 4.2: The long-tailed distribution of the ImageNet-L'T dataset and the corresponding weights
for the weighted center loss.

4.2.3 Metric Distance Measurement

With the well-clustered features, unlike prior methods [70, 130] that use the Euclidean distance
to the closest centroid or memorized prototype as the criteria for novelty, LUNA uses the feature
density instead. Following the famous single-class outlier detection algorithm Local Outlier Factor
(LOF) [8], we define di(z;) as the k-distance between a feature z; to its k-th nearest neighbour.
The reachability distance rd between anchor feature z; and a peer feature z; is then defined as

the maximum of the regular distance (usually use the distance metric as dj, e.g, both are cosine
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distance) d between them and k-distance of z;:
rdi(2zi, 2;) = Max(d(z;,2;), di(24)) . (4.8)

rdi is a more robust measurement in a feature set than direct distance, we recommend readers
referring to [8] for mathematical derivation. With rdy, we define the sub-local reachability density
(hereafter denoted as ) as the inverse of the average of the k-distance between z; to its k nearest

neighbors Ny in the same cluster (so-called sub-local neighbors).

en,, (24, 2
D(23) = 1/(2% ﬁ;k(z’:; J)> (4.9)

If a feature is farther away from its neighbors, its density Z is smaller, indicating it is at a

sparser neighborhood and likely to be a outlier. The density within a cluster also varies: more
concentrated as closer to the center and looser at the boundary. To model the feature space
comprehensively, features in each cluster are separated into core features and boundary features

based on their % with threshold 1. Therefore, the size of core features and boundary features are
C _

n¢ = nn; and nP = (1 — n)n; for class i, respectively.

In addition to the intra-cluster density, LUNA evaluate the inter-cluster density second boundary
features. The second boundary features to a cluster are defined as the data from other clusters, but
regard this cluster as their second-best choice based on the regular distance to cluster center. The
above definitions are visualized in Figure 4.3, we denote the core features, boundary features and

second boundary features for class t as N¢', NP, and NjB,

4.2.4 LUNA Factor

To access a testing sample’s novelty, LUNA compares its density with respect to the core, boundary
and second boundary areas to obtain similarities.

Let the feature of a testing sample be written as p, then its sub-local reachability density is Dy (p).
NC, NB, and N*B are the core, boundary and second boundary feature sets of closest cluster to
p, respectively. The targeted cluster is denoted as N. We compare Z;(p) with the average 2 of
the three feature sets. Intuitively, if the density of p is close to the core area or boundary area,
it is likely to be a inlier (i.e., belongs to a trained category). Otherwise, if the density of p is

comparable to the second boundary area, it means the testing sample is not well-aligned with its
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Figure 4.3: Illustration of our definitions in feature space. Three clusters are plotted in green,
orange and purple respectively. Each cluster is divided into core and boundary area based on the
sub-local reachability density. The second boundary covers features from other cluster that see the
current cluster as second-rated choice. Darker color means larger density value. Best view in color.

predicted cluster and potentially novel. These comparisons are formulated as the following outlier
factors, i.e., Core Outlier Factor (COF, Z#¢), Boundary Outlier Factor (BOF, .#p) and Second
Boundary Outlier Factor (sBOF, Z;p):

SN 9, (p) ) ()

SN 94(p)/ D1 (2:)

Fp(p) = =* NG| =,z; € NP, (4.10)
S I 94 () D24 -

Fy (p): ’NSB| ,Z; € N7,

Unlike LOF [8] that uses a fixed number of neighbors, LUNA uses a distribution-adaptive design:
k = a|N|, where a € (0,1] is a parameter. In this case, small k is chosen for tail classes and larger
k is chosen for head classes. Therefore, LUNA measure is more robust to features in the twilight

zone. More experimental results are discussed in [9].

The overall LUNA factor s(p) is a combination of density measurements and the network’s

classification output:



33

s(p) =Min(|1 — Fc(p)|. |1 — ZB(p)|)

NeB (4.11)
1 § a a
+ 11— ’NSB| JSB(psbi)/JsB(p) +(1_0)>

In Equation 4.11, the first term measures how likely p is inside an existing cluster, i.e., the
density is close to the core or boundary features’ average density. As the density of p, Zx(p),
could be very large for inliers according to Equation 4.10, the second term compares the p’s sSBOF
with the average sBOF over all second boundary features. In the last term, 6 is the confidence for
prediction from the classifier. Then Otsu’s method [78] is applied on the entire testing set to find
the threshold of novelty.

The LUNA factor is proved to be an effective novelty measurement in the OLTR setting and it is
the state-of-the-art method on multiple large-scale benchmarks. Compared to the previous novelty
detection or memory-based OLTR approaches, LUNA has two advantages: (1) improve closed-set
long-tailed classification accuracy with weighted center loss, and (2) LUNA factor is a quantitative

measurement with interpretable meanings (i.e., locations in the feature space).
4.3 Experimental Results

4.3.1 Dataset and Protocols
Dataset

The ImageNet-LT [70] dataset is re-sampled from a subset of the original ImageNet-2012 [20]
following Pareto distribution. Extra 10 classes from ImageNet-2010 make up the open-set. There
are 1000 classes for training, with 5 to 1280 images per class and 115.8K images in total.

The Places-LT [70] dataset is re-sampled from Place-2 dataset [126] for scene recognition.
There are 69 new classes in Place-Extra69 used as open-set. It contains 184.5K images for 365
classes, with 5 to 4980 images per class.

Our proposed Marine Species (MS)-LT dataset is naturally long-tailed distributed (in Fig-
ure 4.4). There are 25.4K images for 106 marine species, with 5 to 1920 images per class. There
are 25 classes for open-set. Table 4.2 shows the distribution and number of samples of MS-LT.

The challenges are several classes share high inter-class similarity and some data of the same class
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Division # of class | # of images
Many (x > 100) 43 23.3K
Medium (20 < z < 100) 32 1.7K
Few (z < 20) 31 0.4K
Total (close-set) 106 25.4K
Open-set 25 0.4K

Table 4.2: Statistics of our MS-LT dataset. Here, z denotes the number of samples in the class.

Frequency distribution of the Marine Species (MS) -LT Dataset

Sand Sole Deep Sea Sole

Many Medium Few Open

‘‘‘‘‘

v

Chum Salmon

Inter-class similarity
Big Skate

Coho Salmon

1"IIP >

Count
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Class Names ! » Intra-class difference

Figure 4.4: Left: the distribution of the proposed MS-LT dataset. There are three levels of
frequency for the closed-set: many (counts > 100), medium (20 < count < 100) and few (count
< 20). The training set follows a long-tailed distribution, while the testing and validation sets are
balanced following the configuration of other long-tailed datasets. Right: the challenging samples
in the MS-LT. Some classes are similar in appearance, while some samples in the same class are
different in orientation, resolution and lighting.

exhibit vast difference in appearances with different orientations or are collected in different years.
The images were collected during National Marine Fisheries Service groundfish abundance surveys
of the Gulf of Alaska (in 2015 and 2019) and the Aleutian Islands (in 2016). These image collections
were elements of an ongoing effort to develop onboard imaging systems for fisheries monitoring,
resulting in differences between the image collection systems. Captured fish were slid through
enclosed camera chutes (2015 and 2019) or placed in an enclosed photo-booth (2016). These imag-
ing systems are shown in Figure 4.5. Chutes used cool white (6000K) LED lighting. The 2016
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photo-booth, used for a trial of multi-spectral discrimination, was illuminated with a combination
of narrow-frequency LEDs centered at a range of seven visible, infrared and ultraviolet frequencies.
Single images, triggered by infrared light beam sensors, were collected with machine-vision cam-
eras in 2015, while motion-triggered video clips were collected in 2019. While the photo-booth was
equipped with seven machine-vision cameras, one filtered for each LED frequency, only images from
an eighth, wide-frequency RGB camera were used for the current collection. The chute cameras
both used oblique views, with the camera located at one end of the chute, while the photo-booth
camera was centrally located above the fish location. While these differences likely caused diffi-
culties for consistent species identification, we feel they represented some problems encountered
when developing a general classifier for a range of image sources. The images and videos were first
calibrated based on images of a checkerboard relocated to cover all areas of the imaging surface.
Images were then rectified to achieve equal length per pixel across the image [7]. Fish identifications
were recorded for each image or video clip by the biologists on the survey vessels. Finally, the fishes
were cropped from the rectified images.

Example closed-set images in the MS-LT dataset are shown in Figure 4.6. In the closed training
set, images vary yearly due to differences in the camera location, lighting condition and the way
fishes move in the chute (single/group). For example, the Pacific Ocean Perch class (row-1, column-
5) and the Sablefish class (row-2, column-6) have various brightness levels. In addition, some
species have similar appearance, such as the Eulachon (row-2, column-2) and Pacific Herring (row-
2, column-3). Besides, the fishes have different colors for the back and belly, like the Arrowtooth
Flounder (row-1, column-1) and the Mud Skate (row-2, column-1). The inter-class similarity and
intra-class difference make MS-LT a challenging fine-grained recognition dataset. Examples of the
open-set images are shown in Figure 4.7.

The openness O [5] of an open-set is defined as

2 Tr in
O=1— )2 X tbain (4.12)
Ttest + Tclosed

where Tirain and Tiest are the total number of classes in training and testing sets, respectively,
and Tejoseq is the number of closed-set categories for classification. In regular object recognition
task, Tiest is identical to Tijgsed, thus the openness is 0. The more the novel classes, the higher

the openness, the more difficult the task. The openness of ImageNet-LT, Places-L'T and MS-LT is
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(a) The interior (top) and (b) The multi-spectrum cameras (c) The interior (top) and (d) An example of the checkerboard
external (bottom) view of (top) and external view external (bottom) view of image (top), captured image (middle),
the chute (2015). (bottom) of the booth (2016). the chute (2019). the calibrated and cropped image

(bottom) in our dataset (2015).

Figure 4.5: (a)-(c) The experiment setting of the chute system in 2015, 2016 and 2019, respectively.
(d) An example for the checkerboard image, captured image, and final image in 2015.

0.005, 0.085, and 0.331, respectively.

Evaluation Metrics

Following the prior works, we report the top-1 accuracy for closed-set classification, denoted as
Accaose. Specifically, the classes are divided into many-shot, medium-shot and few-shot based on
the training size for long-tailed dataset [70], i.e., classes with more than 100 samples are many-shot
and with less then 20 samples are few-shot. Accuracy on each frequency split is also compared.

As for open-set (including both closed-set testing data and novel data), the open-set accuracy
Accopen and F-score are reported. [5] defines the true positive (TP) of novelty detection as closed-set
samples that are correctly classified to the ground truth labels, false positive (FP) means closed-set
samples that are falsely classified (to another closed-set category or to open-set), and false negative
(FN) is the open-set samples wrongly recognized as closed. Then

TP

—_— 4.1
TP + FP’ (4.13)

Accopen =
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Figure 4.6: Example images in the closed-set of MS-LT.



Figure 4.7: Example images in the open-set of MS-LT.
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Implementation Details

The training samples are re-scaled by its shorter side and then resized to 224 x 224 with random
crop and horizontal flip as data augmentation. We use ResNet-10, ResNet-152 and ResNet-32 as the
backbone for ImageNet-LT, Place-LT and MS-LT, respectively. Following the two-stage decoupling
training scheme [47], we first train the model with the original imbalanced dataset by stochastic
gradient descent (SGD) with the momentum of 0.9 and weight decay of 2 x 10~* in minibatch size
of 128 for 180 epochs; then continue training the model with progressively-balanced re-sampling
[47] with learning rate 0.05 for an extra 50 epochs. The wcenter loss is applied only at the second

stage. There is no extra parameter to weigh different loss components.
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4.3.2 Performance

Performance on Public Benchmarks

Following the baseline experiments in the OLTR network [70], we report the performance of the
proposed method in the open-set and closed-set settings, respectively. The base model denotes
the plain ResNet [38] without any adaptation on long-tailed or open-set configurations. Lifted loss
[77], focal loss [64] and range loss [121] are metric learning techniques to pull features of the same
categories closer, where the range loss is designed for the long-tailed face recognition task. OpenMax
[5] is a statistical fitting method to predict the probability of novelty in a similar manner as the
SoftMax. FSLwF [29] is a few-shot learning algorithm. OLTR [70] is the first work to formally
define the OLTR problem and propose a network with visual memory and weight regularization
to transfer knowledge from heads to tails as well as separate knowns and unknowns. IEM [130]

designs region self-attention to improve the quality of memorized features.

Table 4.3 shows the performance on the ImageNet-LT, Places-LT and MS-LT, respectively.
With our emphasis on long-tailed learning, our model outperforms the OLTR network by 3.4%,
1.5%, and 6.8%in overall accuracy of multi-class recognition (closed-set). It also improves the F-
measure by 5.4%, 0.5%, and 5.4%, respectively. Our advantages lie in the improvements in the many
and medium segments. We think it is critical to balance the heads and tails properly. Applying
methods for the balanced set, like the base model, yields promising performance on the sample-rich
categories but performs poorly on the tails. Another extreme attempt is to use a few-shot learning
scheme, like FSLwF in the tables, to promote the tails’ performance, but this is not advantageous
in open-set testing. With various metric learning losses, such as the lifted loss, focal loss and range
loss, the performance under the open-set setting is comparable with that of the closed-set. This
supports our argument that representation learning is an effective tool for transferring the closed-
set knowledge to applications of open-set. Therefore, we use input re-balancing and progressively
adapt the classifier to handle the long-tailed problem. With the frequency-sensitive wcenter loss,

the feature space is adequately organized and separable.
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Closed-set Open-set
Dataset Model
Many | Medium | Few | Overall || Many | Medium | Few | F-measure

Base Model [38] 40.9 10.7 0.4 20.9 40.1 10.4 0.4 0.295
Lifted Loss [77] 35.8 30.4 17.9 30.8 34.8 29.3 174 0.374
Focal Loss [64] 36.4 29.9 16.0 30.5 35.7 29.3 15.6 0.371
Range Loss [121] 35.8 30.3 17.6 30.7 34.7 29.4 17.2 0.373

ImageNet-LT
OpenMax [5] - - - - 35.8 30.3 17.6 0.368

(ResNet-10)
FSLwF [29] 40.9 22.1 15.0 28.4 40.8 21.7 14.5 0.347
OLTR [70] 43.2 35.1 18.5 35.6 41.9 33.9 174 0.474
IEM [130] 48.9 44.0 24.4 43.2 46.1 42.3 20.1 0.525

LUNA (Ours) 51.8 48.6 26.2 46.6 48.2 44.7 23.6 0.579

Base Model [38] 45.9 22.4 0.4 27.2 45.9 22.4 0.4 0.366

Lifted Loss [77] 41.1 35.4 24 35.2 41.0 35.2 23.8 0.459

Focal Loss [64] 41.1 34.8 22.4 34.6 41.0 34.8 22.3 0.453

Range Loss [121] 41.1 35.4 23.2 35.1 41.0 35.3 23.1 0.457

Places-LT
OpenMax [5] - - - - 41.1 35.4 23.2 0.458
(ResNet-152)

FSLwF [29] 43.9 29.9 29.5 34.9 38.1 19.5 14.8 0.375

OLTR [70] 44.7 37 25.3 35.9 44.6 36.8 25.2 0.464

IEM [130] 46.8 39.2 28.0 39.7 48.8 42.4 28.9 0.486

LUNA (Ours) 48.7 42.4 30.2 42.1 48.1 41.6 29.0 0.491

Base Model [38] 56.1 35.1 8.0 35.7 56.1 35.1 11.4 0.537

Lifted Loss [77] 53.2 42.3 12.6 38.0 53.0 42.2 12.4 0.549

Focal Loss [64] 57.3 44.6 18.5 42.1 57.0 42.8 15.4 0.576

MS-LT
Range Loss [121] 55.8 43.8 15.7 40.5 55.8 43.6 15.6 0.575
(ResNet-32)

OpenMax [5] - - - - 54.2 44.9 12.8 0.564

OLTR [70] 57.8 49.8 28.6 46.8 56.7 45.3 23.6 0.603

LUNA (Ours) 61.2 56.6 34.6 52.0 60.4 51.8 30.4 0.657

Table 4.3: OLTR performance of top-1 accuracy on the ImageNet-LT, Places-LT, and MS-LT
datasets. Best results are marked in bold.

Discussions on the Open-set Performance

F-measure evaluates both the classification accuracy and novelty detection recall rate. However,

the novelty detection does not make a great difference if the open-set is small, i.e., small false



41

negative value in Equation 4.14. The novelty detection accuracy, which is the portion of open-set
being correctly identified, is a better metric to purely evaluate the model’s ability of identifying the
new classes. In Table 4.3, we report closed-set overall accuracy (false positives are the closed-set
samples that are incorrectly classified as another closed-set class or open-set), open-set accuracy
(false positives are the open-set samples that are misclassified as closed-set), and the F-measure.
Comparing to the prior leading method, our LUNA achieves better performance on the novel
classes, without sacrificing the long-tailed classification accuracy. The results also show MS-LT is

a challenging OSR dataset due to its high openness and fine-grained properties.

Visualize the Feature Space

Figure 4.8 shows the t-SNE [71] visualization of the MS-LT dataset. With the wcenter loss, it
is observed that the intra-class distances are reduced and each class is nicely clustered together,
especially for the tails. The more concentrated they are, the more precise for LUNA factor estima-
tion. The open-set samples are spread over empty region of the feature space rather than inside

the clusters. Therefore, wcenter loss significantly benefits open-set detection.

Visualize the LUNA Components

Figure 4.9 is the visualization of COF, BOF, sBOF and classification confidence of each sample
in the MS-LT dataset. The COF and BOF of known classes are usually around 1, meaning they
are close to the neighbors inside the cluster. They also have large sBOF as they have higher local
density than the second boundary group. As for the novel points, the COF and BOF are smaller
than 1 while the sBOF is close to 1, indicating they are far away from the cluster center like they
are in another cluster. Besides, the network’s outputs of maximum confidence, which is included

in LUNA as well, are high for known classes and unstable for the novel classes.

LOF and LUNA

To compare the novelty detection of LOF and LUNA, we use K = 5 for LOF, which is the size of
the minimum cluster. As shown in Figure 4.10, the novel samples are more distinctive with LUNA.

The F-measure of LOF is 0.357 while the LUNA is 0.657. The reason is LOF selects a constant
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(a) MS-LT Feature (Original ResNet) (b) MS-LT Feature (WCenter)
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Figure 4.8: t-SNE visualization of the MS-LT dataset. Left: the original model; right: model with
wcenter loss. The class of training samples (dots) are marked in different colors. The testing set
(closed) and open set are marked in red and black crosses, respectively.

number of neighbors over the whole dataset for each testing sample, regardless of the clustering
size or its potential category. On the other hand, LUNA uses variable sizes of neighbors that are

adaptive to the clusters’ sizes and different regions.

4.4 Analysis and Discussions

4.4.1 Effectiveness of Wcenter Loss

The role of wcenter loss is in two aspects: (1) re-weighting on the minority classes to benefit long-
tailed recognition; (2) concentrating clusters in the feature space for outlier detection. Therefore,
we compare the following schemes to show its effectiveness. Denoted A; as the weight of class j,
which is a function of its frequency n;.

(a) None: A\; =0, which is training without center loss.
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(a) Training set (b) Testing set (known) (c) Open set (novel)
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Figure 4.9: Visualization of COF, BOF, sBOF and network confidence. The z-axis is the data
point index, which is independent of each other. They are ordered by the value of BOF to show the
trend. The black dash, y = 1, indicates the location of the point in the feature space. For example,
a sample with COF near 1 is likely to be a core point of seen classes.

(b) Center: A\; = 1, which is the vanilla center loss.
(c) Same: A\; = 1/nj, which is the same as the frequency distribution.

(d) Inverse: \; = #{'{TTC}, which is the inverse of the frequency distribution.
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Figure 4.10: Comparison of the LOF score and LUNA score on MS-LT.

(e) Wceenter: \; = ﬁj{ﬁz} +1

The results, as shown in Table 4.4 are reported on MS-LT under the open-set setting. The
result indicates bias on the feature domain affects the classification accuracy proportionally. The
inverse loss and wcenter loss weight more on the tails, thus have more gains on the few-shot split.
However, they sacrifice the accuracy on heads. Wcenter loss with a scaling term preserves the
performance on head relatively. On the other hand, center loss and wcenter loss emphasis the
clustering requirement, resulting in more desirable open-set detection performance. The result
suggests metric learning is the key to solve open-set recognition problem with long-tailed training

data: it is capable of helping imbalanced classification and automates feature selection in high

dimension space for open-set recognition.

4.4.2 Effectiveness of LUNA

LUNA measures the relative density of the testing sample with respect to the densities of core,
boundary and second boundary in each cluster, as well as the network confidence. In this section,
we show the experimental results by removing each component in Equation 4.11. To simplify,

the three components are represented with its most important metric, i.e.,, F¢, %p, Fsp and 0,
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Weight | Many Medium Few Overall F-measure

None 62.4 49.8 29.4 48.8 0.632
Center 60.8 54.2 31.9 50.4 0.651
Same 63.5 55.8 28.4 50.8 0.608
Inverse 57.6 57.0 35.2 50.9 0.614
Wcenter 61.2 56.6 34.6 52.0 0.657

Table 4.4: Ablation study on weighting schemes on MS-LT. Many-/medium-/few-shot and overall
accuracy are reported in closed-set; F-measurement is under open-set setting.

respectively. The open-set performance on MS-LT is shown in Table 4.5.

The result indicates all the components in LUNA are necessary and effective. The first term
evaluates the density regarding the core and boundary samples (inliers), which is shown to separate
the majority from the novel samples. Removing it causes misclassification of the many-shot split.
The second term and third term are responsible for separating the minority classes from the novel
ones, as the clusters of minority classes are not as concentrated as the majorities’; relaxing the
metrics to the second boundary is beneficial.

Existing open-set recognition methods rely on the classification confidence (or the classifier
output logits), which do not work well on long-tailed dataset as they do in balanced sets. Figure 4.9
(b) shows that confidence is not always high for closed-set samples, and it is the least important
one comparing to the Z¢, #p and .Z,p. Utilizing the sample’s property itself (confidence), and the

difference compared to the nearby acquaintance (trained samples) is more stable and interpretable.

Component | Many Medium Few F-measure

LUNA 60.4 51.8 30.4 0.657
—Zc, FB 54.5 46.8 25.1 0.607
—FsB 57.8 48.2 23.6 0.620
—0 59.2 48.4 27.4 0.636

Table 4.5: Ablation study on each component of LUNA on MS-LT.
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4.4.3 Sensitivity of the Hyper-parameter

We conduct experiments on the potion of each cluster () that is selected as core samples; results
are shown in Table 4.6. As a joint evaluation of the density of multiple well-defined sample groups,
the proposed LUNA is very robust in OLTR task and not sensitive to the selection of 7. From our

own test, we would recommend the 7 value from 0.2 to 0.5.

n ‘ 0.2 0.3 0.4 0.5 0.6 0.8

F-measure ‘ 0.654 0.657 0.655 0.648 0.635 0.622

Table 4.6: Ablation study on the potion of core samples on MS-LT.
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Chapter 5
LUNA+: IMPROVING OPEN-SET LONG-TAILED RECOGNITION

5.1 Overall Framework

Inspired by a recent LTR research on the separability in the feature space [46, 60], we see the
following deficiencies in LUNA:

e Uniformity: the center of each class (optimization targets) is randomly initialized in Equa-
tion 4.3, and are updated with the learned features. There is no uniformity constrains applied

on the centers. Thus the feature space is not guaranteed to be balanced.

e Interpretability: supposing there is a set of uniformly distributed centers and are assigned
to the classes. However, due to the random ordering of classes, the semantic closeness are not
preserved in feature space. This may hurt the detection performance or cause ambiguities in

novelty detection.

e Diversity: Equation 4.11 use a empirical ratio to divide each cluster into core and boundary
splits. The same parameters might not fit all classes because of the difference in cluster size,

density and the relationship to neighboring clusters.

To this end, we hereby propose an improved metric learning approach on top of the original
LUNA framework, as shown in Figure 5.1. There are two isolated training stages in the workflow,
one for center generation and the other one is to learn features and closed-set classifier simultane-
ously, which will be addressed in Section 5.2.1 and 5.2.2, respectively. Then we introduce the new
LUNA factor measurement, called LUNA+, in Section 5.2.3. LUNA+ contains four major revisions

to mitigate the mentioned problems:

e Optimization target: utilize a center generation process to obtain a set of targeted centers
that are uniformly distributed, and then assign the generated centers to classes as the guiding

initialization during feature learning to preserve semantic relationships.
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Figure 5.1: Illustration of the proposed workflow. There are two training stages: center generation
and joint feature-classifier learning. In the second one, backbone features are pooled by a Global
Average Pooling (GAP) layer, and sent to the feature projection module and classifier. In testing,
the testing sample’s feature is evaluated w.r.t. the training set’s features using LUNA+ factor to
access novelty. For closed-set samples, we trust the classifier’s output.

e Network architecture: decouple the representation learning and classifier training by
adding a feature projection module. The purpose of using a separate feature branch is to

avoid the trade-off effects between classification and metric learning tasks.

e Metric learning: use supervised contrastive loss instead of center loss, which is more stable

and leads to better novelty detection performance.

e LUNA factor: replace the network confidence term in LUNA factor by an uncertainty
measurement to bypass the overconfidence issue (77 not mentioned the reason why previously

in the beginning of this chapter??).
5.2 Methdology

5.2.1 Pre-generated Centers and Online Assignment

As the optimization targets for feature learning, the distribution of the centers are critical, especially
for imbalanced training data. The reason lies in the discrepancies of each class, in the aspects of

cluster size, intra-class similarity, and how they are initialized. Typical center-based metric learning
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methods, e.g., center loss [110], randomly initialize the centers and then updates them as the deep
features change. However, as larger classes occupy more feature space than the smaller ones, the
clusters (centers) could hardly be distributed uniformly. An intuitive idea is to use pre-computed
centers that are evenly distributed, and force training features to be close to their class centers while
keeping the centers fixed. The problem of positioning vectors in a hypersphere is well-studied. It is
usually tackled by minimizing pairwise distance with respect to some kernel functions. Following
targeted supervised contrastive (TSC) learning [60] and [104] for LTR, we choose the Radial Basis

Function (RBF) kernel to define the uniformity loss as:

1 T T -
_ (cr-c; )T
L, = T Et log E#e )T (5.1)

where 7 is a predefined and fixed temperature parameter. The cosine distance between each distinct
center pair ¢, ¢/ is minimized with L,. Note that simply minimizing the pairwise cosine distance
(without using a kernel function) or Euclidean distance could potentially reach any distribution
with zero mean, but unnecessary to be a uniform distribution. In-depths mathematical derivations
are discussed in [15, 3, 104].

Once the centers C = {c; € Rd}t:hT are obtained, another question is how to assign them to the
classes. Since only the number of closed-set classes and feature dimension are used in Equation 5.1,
C does not have semantic meanings. A consensus in metric learning is that images look alike are
usually also closer in feature space. Therefore, the ideal assignment is based on semantic relevancy.
However, it is hard to find a criteria that jointly models image similarity from both semantics
and appearance aspects, and it is even harder in multi-task training (i.e., classification and feature
learning).

TSC [107] propose to use the Hungarian Algorithm[57] to match the learned feature centers
C= {¢; € Rd}t:LT to target C with their distances used as costs. Specifically, C is the running
average for each epoch (i.e., over the entire training set) and the assignment is performed for every

mini-batch. We follow the same scheme.

5.2.2 Dynamic-K Supervised Contrastive Loss

Observations in K-positive contrastive loss (KCL) [46] reveal that contrastive loss can obtain more

balanced feature space and show strong generalizability. Therefore, as a variant of supervised
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contrastive loss (SupCon) [49], KCL empirically keeps the number of positive instances equal (K)
instead of using all samples from the same classes as positive in SupCon. TSC [107] further adds
the generated centers as samples on top of KCL. However, in both KCL and TSC, K is dataset-
specific and needs to be carefully tuned with other hyper-parameters. As the experiments shown
in [46], the accuracy significantly fluctuates as K varies. Moreover, all classes sharing the same K
is regardless of the difference in their distribution, even though this helps to balance the feature

space, it is easy to overfit or underfit certain classes.

To make the loss distribution-sensitive and alleviate the effort in parameter tuning, we propose
a dynamic-K supervised contrastive loss (DK-SCL) that automatically chooses the value of K per
distribution. Note that various re-sampling recipes have been used in long-tailed datasets, meaning
the sampling probability might change for every iteration. Therefore, the dynamic selection of K

not only fits the original data distribution, but can also apply to imbalanced re-sampled data.

More specifically, for each minibatch, following the common settings of supervised contrastive
learning, we obtain two augmented copies of the original images. The extracted pairwise features
are denoted as Z’ and Z”, respectively. The precomputed centers (see Eq. 5.1 are also included in
the entire feature set V. = Z’ U Z"” U C. Taking a sample as anchor, its cardinality is defined as
the number of samples from the same class in that minibatch, i.e., the number of positive samples.
We define the dynamic-K value as the average cardinality over that batch. Let the set of positive
samples be denoted as P, then K = |P|. The DK-SCL can thus be formulated as

A% T.,+Y.
[V] e(zi Zj)T

1 1
Lpk. =—— —_— 1 . 5.2

+
z; epP

Z;j EV\P

Besides, as suggested in [49], decoupling features for the classifier and visual representation can
benefit both tasks. Therefore, we use two extra fully connected (FC) layers after the backbone’s
features to project the features to another high-dimensional space, called Feature Projection Module
(FPM). The learned features Z are normalized before sent to DK-SCL for training or LUNA+ factor

measurement for novelty detection.
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5.2.3 LUNA+ Factor for Novelty Measurement

In the original LUNA factor, the potion of core features in a cluster is calculated from an empirical
parameter n and it is consistent for all classes. However, the clusters’ intra-class distances are not
equal, i.e., the optimal 7 varies for every class. Therefore, we use Otsu’s method [78] to find the

cut-off threshold of boundary and core features within each cluster:
e = 0tsu({Zk(2) yi=0), (5.3)

where {2 (2i)}y,—t represents the sub-local reachability density of all training features of class ¢.
Then the samples with their densities above 7, are core features. Core point and boundary point
selection for Tiny-ImageNet-LT dataset is visualized in Figure 5.2. The rest parts of LUNA factor

calculations are unchanged.
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Figure 5.2: Visualization of core/boundary feature separation for Tiny-ImageNet-LT dataset. The
zoom-in figure is a histogram on sub-local reachability density distribution of the largest class.

5.3 Experimental Results

5.3.1 Datasets

The proposed method is evaluated on three public OLTR benchmarks.



52

ImageNet-LT [70] is the long-tailed version of original ImageNet-2012 [55] classification dataset
by re-sampling (Pareto distribution, power value « is 6). ImageNet-LT contains 115.8k images from
1000 closed-set categories, with a maximum of 1280 images per class and a minimum of 5 images
per class. 10 extra classes in ImageNet-2010 form the open-set, adding another 18k images. Its
imbalance factor is 256 and openness is 0.0025.

Tiny-ImageNet-LT is a down-scaled version created from ImageNet-LT by us to get higher
openness. The closed-set is trimmed by randomly selecting 100 closed-set classes. We purposely
keep the largest and smallest class to preserve the same imbalance factor. The open-set is also
downsized 10 times, containing 1.8k images from the same 10 open classes as in ImageNet-LT
(i.e., we do not use the dropped closed-set classes to expand the open-set). The openness of Tiny-
ImageNet-LT is 0.024.

Marine-Species-LT version 2 (MS-LT-v2) is a natural marine species (mainly fish species)
identification dataset. In MS-LT-v1 [9], there are 25.4k images for 106 species, with 1920 to 5
images per class. 0.4k images from 25 classes are viewed as open-set. MS-LT is the first naturally-
collected OLTR dataset, and is challenging in representation learning because of the fine-grained
properties and high openness. MS-LT-v2 merges 6 classes that are annotated as sub classes in
MS-LT-v1, and increases the number of testing images per class from 10 to 40. There are 17.5k
images for 62 closed-set classes, including 29 many-shot, 19 medium-shot and 14 few-shot classes.
The largest class has 1057 training images and the smallest only has 4. Its imbalance factor is
264 and openness is 0.14. The number of novel classes increases to 54 (1.3k images). MS-LT-v2
provides more precise ground truth labels and is designed to evaluate the open-set detection issue

given the large openness.

5.3.2 Experimental Setups

We use the same backbone as the competing methods for fair comparison, i.e., ResNet-10 for all
the three datasets. The training images are augmented using AutoAug [16], then resized by the
shorter side to 256 x 256 and randomly cropped to 224 x 224. We also apply input Mixup [120]

(a=1 in the Beta distribution) simultaneously.

For center generation with uniformity loss in Equation 5.1, we use SGD optimizer with a weight
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decay of le-4 and a learning rate of 0.005. We train 400K iterations for 100 and 62 centers, and
2.4M for 1000 centers. Centers are of 64, 256 and 512 dimensions.

The backbone, feature projection module and classifier are jointly trained end-to-end, unlike the
previous OLTR methods that use multiple training stages. For ImageNet-LT, our model is trained
for 300 epochs with SGD optimizer and batch size 512. The initial learning rate is 0.2 and decreases
by 0.1 at the 200th and the 260th epoch, respectively. Tiny-ImageNet-LT is trained with the same
number of epochs and learning rate scheduler. Differently, the batch size is 256 and initial learning
rate is 0.1. MS-LT-v2 is trained for 160 epochs with batch size 256. The learning rate starts from
0.1 and decreases by 0.1 at the 120th and the 140th epoch, respectively.

We use a progressively-balanced re-sampling scheme[47], where the sampling probability of class
PB

t at epoch e, p(e) is

€ € C
pe(e)"P = (1- E)piB + 7P B

e Ny el
(1= =)—2* 4+ ==

(5.4)

where E denotes the total number of epochs,p%B represents instance-balanced re-sampling (i.e., ran-
dom sampling w.r.t. the training data distribution) and ptCB represents class-balanced re-sampling
(i.e., each category has equal probability). Such a sampling approach enables the model to be

trained in a single stage, which is more efficient than multi-stage training in [47, 70, 130].

5.3.3 Benchmark Performance

We first compare the purposed LUNA+ approach with several state-of-the-art competing methods.
Base model [38] is the plain ResNet trained with cross-entropy loss. Lifted loss [77], focal loss [64]
and range loss [121] are re-weighting methods to handle the data imbalance issue, for example,
range loss is proposed for long-tailed face recognition task. Since the above methods are designed
for closed-set recognition, following [70], we use 0.1 as threshold for novelty detection, i.e., samples
with classification confidence below 0.1 are considered novel. OpenMax [5] is a well-known method
for multi-class novelty detection by fitting the output logits to Weibull distribution. We replace
the SoftMax layer in the base model with the OpenMax module. OLTR [70] and IEM [130] are
two memory-based metric learning methods that detect novel data by feature distance. We also

compare with LUNA [9] introduced in the previous chapter.
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Quantitative results in Table 5.1, Table 5.2 and Table 5.3 show that LUNA+ achieves SOTA
performance on all the three benchmarks. Comparing to the original LUNA with WCenter loss, both
closed-set (+1.0%, +2.7%, +1.1% on ImageNet-LT, Tiny-ImageNet-LT and MS-LT with feature
dimension 256, respectively) and open-set (accuracy +0.8%, +2.7%, +4.0% and F-score +0.044,
+0.072, 40.066), performance are significantly improved. Specifically, LUNA+ achieves better
performance with smaller feature dimension compared to OLTR and IEM, suggesting the our
method is more computation-efficient and memory-friendly. Moreover, we observe that LUNA+
constantly outperforms other approaches in the many-shot and medium-shot splits. We believe
the reason is we do not adopt a class-balanced re-sampling strategy but use the progressively
re-balancing instead, which hurts less to the accuracy on majority classes.

We also evaluate each competing method thoroughly on the newly proposed MS-LT-v2 dataset.
As defined in OLTR [70], a fixed threshold a is applied on the output confidence to determine open-
set data. a is set to 0.1 for ImageNet-LT and Tiny-ImageNet-LT. As shown in Figure 5.6, other
approaches are more sensitive to this hyper-parameter. As a increases from 0.1 to 0.3, the F-score
improves moderately and accuracy decreases slightly. And if a keeps increasing, both F-score and
accuracy drop significantly. However, LUNA and LUNA+ do not choose the thresholds empirically,

thus are more robust and with higher generalizability.

5.4 Analysis and Discussions

5.4.1 Effectiveness of Center Generation and Online Assignment

Center generation and the online assignment are critical steps for learning a balanced feature space
in LUNA+. Qualitatively, the randomly initialized positions and optimized positions for 100 points
in 2D and 3D space are visualized in Figure 5.3, where the distribution is shown to be more uniform
after optimization. Though higher-dimensional hyper-sphere cannot be plotted in 2D, it validates
the uniformity loss conceptually.

We project the pre-generated centers, learned features and centers using the T-SNE visualiza-
tion, as shown in Figure 5.5, where the learned centers align well with the pre-generated centers.

In addition, we also use random centers, which are not updated in training without online

assignment either, the results are shown in Table 5.4. Besides the improvements in classification
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Figure 5.3: Visualization of center generation in 2D and 3D. Each point is represented in blue dots.
Initialization of the centers are on the left, and the optimized results are on the right.

Center Online Closed-set Open-set
F-score Ryl] Ug?

Generation Assignment | Accuracy Accuracy

v v 54.7 53.3 0.687 13.09 1.39
v 54.9 53.2 0.685 14.11  1.37
53.9 52.8 0.676 14.24  1.28

Table 5.4: Ablation study on center generation and online assignment on Tiny-ImageNet-LT with
feature dimension 64. The number of neighbouring classes k in Uy and Ry, is 3.

accuracy and novel detection, we also find the center generation and online assignment are crucial

in preserving the semantic closeness in feature space. As defined in [60], neighborhood uniformity
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Figure 5.4: Visualization of 64 dimensional features using T-SNE method. Training data features
from different classes are represented in different colors.

U can be used to evaluate the closeness between a class to its top-k closest neighbours, i.e.,

1 . A A
Uk =7 ;Thmm%(z’c: (&, ¢,)), (5.5)

T2yeeey

where T is the total number of classes, ¢; is the learned center of class t (average of all features
from class t), and d is the euclidean distance. A higher Uy value indicates the class is further away
from its neighbours, thus more separable.

Besides, the reasonability Ry represents the semantic distance between a class to its top-k
closest neighbours. Semantic distance is the length of the shortest path between the two classes in
WordNet hierarchy [74]. Smaller Ry values are more desirable because the semantic meanings are
better maintained.

Results in Table 5.4 show that with the optimized centers and online assignment, R3 is reduced
by 1.15 and Us is improved by 0.11. Specifically, center generation benefits the uniformity (Us +
0.02) and online assignment helps the reasonability (Rs3 - 1.02).
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Figure 5.5: Visualization of training, closed-set testing and open-set testing features using T-SNE
method. Training data features from different classes are represented in different colors.

5.4.2 Effectiveness of DK-SCL

In addition to the OLTR approaches, we also compare with KCL [46] and TSC [60], which use
similar supervised contrastive loss as our proposed DK-SCL. Both KCL and TSC randomly select
K positive samples for each anchor image (K=6 for ImageNet-LT and Tiny-ImageNet-LT), while
DK-SCL chooses the dynamic K values automatically per mini-batch. The other difference is KCL
and TSC are trained with class-balanced re-sampling to make the feature space more balanced while
we use progressively-balanced re-sampling. We use our own implementation for both methods since
their source codes are not publicly available. For fair comparison, we also apply performance-

boosters to them, including the Feature Projection Module, AutoAug and Mixup.

Comparisons between TSC and KCL confirm the conclusion in Section 5.4.1 that the feature
space is more uniform and separable with pre-computed centers (open-set accuracy +1.5% and F-

score +0.022 with about identical closed-set accuracy). The proposed DK-SCL improves many-shot
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Figure 5.6: Open-set performance comparison on MS-LT-v2 with different open-set thresholds. All
methods are with feature dimension 512.

Closed-set Accuracy Open-set
Loss F-score

Many Medium Few  All | Accuracy

KCL [47] 65.4 52.9 19.1  53.0 49.4 0.643
TSC [60] 64.7 52.8 21.9 531 50.9 0.665
DK-SCL 69.0 53.0 20.3 54.7 53.3 0.687

Table 5.5: Ablation study on DK-SCL on Tiny-ImageNet-LT with feature dimension 64. We use
LUNA+ for all three methods for open-set detection. Best results are marked in bold.
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Figure 5.7: Comparison between TSC, KCL and the proposed DK-SCL on Uy, with the number of
neighbouring classes k € [1,10] on Tiny-ImageNet-LT. Larger U means better uniformity.

and medium-shot accuracy significantly. Moreover, it drops less (-1.4% from closed-set to open-set)
in accuracy, meaning it is more robust to outliers in the closed testing set. Because the models are
trained with long-tailed dataset and tested with a balanced set, testing samples from tail classes
are prone to be identified as outliers because the model’s bias. To validate this, we compare the
uniformity of the three approaches and visualize in Figure 5.7. The results show that with center
generation (DK-SCL and TSC), the uniformity is better than randomly initialized centers (KCL).
And the dynamic K in DK-SCL further contributes to the superiority.

5.4.3 Effectiveness of LUNA-+

To evaluate the quality of learned features, we compare the proposed LUNA+ factor with a widely
used density-based novelty detection method, Local Outluer Factor (LOF) [8]. The parameters
in LOF are determined as in the original paper. Two conclusions can be drawn from results in
Table 5.6: (1) LUNA+ factor consistently outperforms LOF with various metric learning methods
(40.151 with KCL, +0.220 with TSC and +0.135 with DK-SCL). (2) DK-SCL features are more
density-sensitive when compared to features trained by other losses. If feature dimension is 64,

DK-SCL is 4+0.022 and +0.067 better than TSC with LUNA+ and LOF, respectively.
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Feature LUNA+ LOF [§]

Loss Dim Many Med Few All F-score | Many Med Few All F-score
KCL [47] 64 65.0 47.0 141 494 0.643 32.9 414 11.1 338 0.492
TSC [60] 64 64.4 50.3 15.0 50.9 0.665 28.5 38.8 11.4 309 0.445
DK-SCL 64 69.0 51.6 16.1  53.3 0.687 38.8 389 12.0 35.1 0.512
DK-SCL 256 68.3 53.0 17.7  54.0 0.687 38.8 42.2 14.4 38.1 0.544
DK-SCL 512 67.9 53.7 19.3 544 0.701 41.2 41.2 129 374 0.534

Table 5.6: Comparisons between LUNA+ and LOF on Tiny-ImageNet-LT with multiple loss func-
tions under the open-set setting. Best results are marked in bold.
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Figure 5.8: Comparison between DK-SCL with different feature dimensions on Rj with the number
of neighbouring classes k € [1,10] on Tiny-ImageNet-LT. Larger U means better uniformity, smaller

R means better reasonability.
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5.4.4 Dimension of Features

As shown in Table 5.6, we also observe better novelty detection performance with higher feature
dimension. One of the reasons is due to the fact that higher dimensional features preserve semantic
closeness better. Figure 5.8 indicates that R is better with larger dimension given the same K,
especially when K is small. The uniformity U is very close for different dimensions, and 512-dim
achieves slightly improved performance, where the pre-computed centers that are more uniformly

distributed is used.
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Chapter 6

CONCLUSION AND FUTURE WORKS

6.1 Conclusion

In this thesis, three research works on long-tailed recognition under both closed-set and open-set set-
tings are introduced. In ACE, extensive experiments on existing long-tailed recognition algorithms
reveal the contradiction between biased representation learning and unbiased classifier learning. We
proposed a multi-expert network that optimizes the two in a uniform network. Complementary con-
straints in data and objective function are applied to suppress the effects of non-targeted groups and
promote both of the dominating and minority groups. Besides, a distribution-adaptive optimiza-
tion scheme helps to adjust the learning paces of each expert to avoid over-fitting. ACE becomes
the new SOTA among all one-stage long-tailed recognition methods with 3~10% accuracy gain,
and is the first one that improves performance on all three frequency splits. With the equivalent
strong performance to the multi-stage methods, there is great potential to extend well-formulated

one-stage ACE to complex computer vision tasks like detection and segmentation.

For open-set long-tailed recognition, we achieved “killing three birds with one stone” with
LUNA framework. By introducing a fine-grained natural OLTR dataset about ocean fish species,
researchers can engage to the real OLTR challenges in lab. Such a dataset can be a solid supplement
to the existing, manually re-sampled OLTR benchmarks. Secondly, a new wcenter loss is designed
to minimize the intra-class distance in the feature space, which preserves classification accuracy
while optimizing the clustering for both the heads and tails. In addition, we propose the LUNA,
which is an effective measure of novelty based on the relative local density of the learned repre-
sentation. LUNA+ further addresses the feature space imbalance issue by introducing uniformity
of the centers. Moreover, the semantic closeness is preserved by online assignment between the
targeted centers and learned features. Besides, a distribution-sensitive contrastive loss is proposed,
which is more stable and performs better than the wcenter loss. Our proposed LUNA and LUNA+

significantly outperforms the SOTA OLTR algorithms in all public and customized benchmarks.
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6.2 Future Works

6.2.1 Imbalance and Open-set Problem in Other Vision Tasks

The object detection and segmentation are commonly studied in a few categories regime, where an-
notation per class is rich and relatively balanced over the whole dataset, for example, the Microsoft
COCO dataset [66]. The large-scale few-shot detection and segmentation is a new opportunity to
push the existing algorithms towards more complex real-world scenes that a huge number of rare
and popular objects co-exist. Some pilot studies [33, 63] imply the off-the-shelf detectors, including
Faster-RCNN [85], Mask-RCNN [37] and Hybrid task cascade (HTC) [13], are not sufficient for
long-tailed object detection. Similar to long-tailed recognition, existing works address the imbal-
ance issue mainly from three perspectives: (1) re-balancing techniques, including data re-sampling
[33, 102] and loss re-weighting [94, 40, 101, 103]; (2) multi-stage re-training [95]; and (3) classifier
ensemble [63, 102].

All these methods are purely applied on the classification head, the bounding box regression
and mask heads are unchanged. Finding the principle obstacles preventing the state-of-the-art
detectors from decent performance on imbalance dataset and studying the effect of re-balancing
techniques to the regression and mask heads are directions to find the optimal solution to the long-
tailed detection/segmentation task. Due to the limitations in computational resources, we did not
integrate ACE framework into detection task at this point. Future Research could be conducted to

study the performance of multi-expert architecture in other computer vision tasks.

6.2.2 Novelty Detection, Actively Learning and Beyond

In this thesis, we present the novelty detection approaches LUNA and LUNA+, which are capable
to identify out-of-distribution samples. The next step of research will be how to update the deep
feature extractor and classifier to learn form the novel classes. Prior research [61, 100] show that the
strategies of choosing samples for model update are critical. Ideally, the samples are representative
enough and should be as few as possible to reduce human annotation. Therefore, the testing
sample’s diversity and uncertainty are significant indicators. Our proposed LUNA factor is a
measurement of uncertainty, moreover, the intermediate feature densities and outlier factors are

also correlated with diversity. In future study, adding active learning will be a huge benefit to
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real-world applications: out-of-distribution and novel samples can further improve the model’s

representation learning capability in the long run.
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