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Abstract

With the development of deep learning, the deep models based on neural networks play
an important role in vision applications. This dissertation focuses on two limitations of
previous deep models. First, early approaches for vision tasks usually focus on global
representations, while ignoring the discriminative partial features. However, partial
representations provide sufficient recognition information for vision tasks and need to
be well developed. Second, deep learning models are eager for massive data with labels,
which is hard to acquire. The lack of labeled data inherently introduces uncertainty in
deep models. Thus, a robust model should not only provide accurate predictions but
also estimate uncertainty precisely.

This dissertation presents part-aware and robust deep models for some important
vision applications, i.e., the occluded person re-identification (re-id), the interactive
video object segmentation (VOS) and the few-shot image classification. Concretely, for
the occluded person re-id task, partial features are learned by partitioning the global
feature map extracted by neural networks. Pose keypoints are adopted to indicate
the visible and occluded parts. The information of occluded parts is depressed. For
the interactive VOS, the partial similarity between adjacent frames is important to
propagate segmented masks from the previous frame to the current processing frame.
Thus, the pixel distances in a local part and the global map are computed for generating
masks. For the few-shot image classification, a metric-based Bayesian framework
is proposed for generating robust representations and reasoning about uncertainty,
including calibration, recognition of out-of-distribution images and robustness against
attacks.

In sum, I investigate the significance of the discriminative and robust partial
representations and the ability of estimating uncertainty for the deep learning models,
and apply them to some common vision applications to illustrate the effectiveness of

the deep models.
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Chapter 1

Introduction

1.1 Background

Deep learning models [49] have achieved remarkable success for computer vision
applications. Deep learning models, which are based on artificial neural networks (e.g.,
Convolutional Neural Networks), employ multi-layer architectures to represent multi-
level features for visual imagery. Early works usually extract global representations
by neural networks for vision tasks. For instance, for the person re-identification
task, early deep learning models [34, 114] extract global features of person images and
compute global features’ distances for person retrieval. However, visual imagery (image
or video) usually contains explicit parts in visual objects. There is strong psychological
evidence that human intelligence recognizes visual scenes by part-whole hierarchical
modeling [35]. For deep learning models, encoding the high-level partial features
explicitly is an intuitive idea to obtain robust and discriminative representations,
since partial features provide more abundant and diverse information. Many vision
applications employ part-aware models, such as person re-identification [42, 64, 76],
semantic segmentation [108], 3d object detection [100], point cloud denoising [39], etc.
This dissertation proposes part-aware deep learning models and applies them to some
fundamental vision applications, i.e., person re-identification (re-id) and video object
segmentation (VOS).

Another widely known limitation of deep learning models is that deep models are
eager for massive labeled data. However, it is hard to acquire massive annotated data
for deep model training [7] in practice. A key challenge in deep learning models is
how to obtain robust representations for visual imagery, especially when the data is
limited. Since it is inherent that the lack of labeled data induces uncertainties, a

robust deep model should precisely estimate uncertainty. Probabilistic models have



1.1 Background 2

the potential to interpret data uncertainty, and show more robustness to adversarial
attacks. This dissertation proposes a probabilistic model and applies it to the few-shot

image classification.

1.1.1 Part-Aware Deep Models for Vision Applications

The dissertation studies part-aware models on two vision applications: person re-
identification and video object segmentation. This is because leveraging partial infor-
mation has obvious advantages for the two vision applications.

Person re-identification. The person re-id task aims to retrieve a probe image
from a gallery of person images. Early deep learning based models [14, 34, 116] utilize
global features for distance comparison and retrieval, with the classification loss [116] or
metric-learning losses (the triplet loss [34] or the quadruplet loss [14]). These previous
methods aim to obtain a discriminative global representation for each person image.
However, a person image inherently contains partial discriminative information for
person retrieval. For instance, the color or texture of lower-body clothing may contain
the key information to identify a person. Thus, learning partial features is an effective
method for improving person retrieval results. Part-aware models for person re-id can
be roughly classified into the following types.

Attention-based models. Attention mechanism [58, 110] is applied to the person
re-id to obtain partial features directly, without extra supervisions or guidance (pose or
mask). Attention-based models [58, 110] usually learn attention maps by convolutional
layers, which aim at detecting different body parts. A concatenation of all learned
body-part representations is used for person retrieval. Visualization results show that
the learned attention regions lie in the human body parts. This is reasonable since the
body parts are informative for the person re-id task.

Pose/mask-guided models. Some human-body understanding models can assist
person re-id tasks, e.g., human pose estimation [9, 10, 17] and human parsing [50].
Human pose estimation aims to localize human keypoints (elbows, wrists, etc.) in images
or videos, while human parsing models provide semantic masks for body parts (face,
arm, leg, etc.). Thus, with the guidance of human keypoints or semantic masks, re-id
models [84, 85, 119] can easily detect body parts precisely and extract corresponding
partial representations, which improves person retrieval performance.

Spatial partition models. For the person re-id task, prior knowledge is available
that the horizontal order of a person is unambiguous; thus, horizontally partition
of the global feature map can learn partial features with inherent alignment. Some

approaches [64, 65, 88] conduct horizontal partition on feature maps for acquiring
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partial features, instead of explicitly partitioning the person images. Compared with
attention-based methods or pose/mask-guided methods, the partition models adopt a
simple way to learn partial features.

The dissertation investigates the occluded person re-id, which is particularly chal-
lenging for person search in real-world applications. Owing to containing occlusions
for the person images, some body parts of the person are invisible. Thus, utilizing
the global representation will introduce distractive information of occlusions. In this
dissertation, I propose to uniformly partition the global feature for learning partial
features, and use human keypoints to indicate if one part is visible. The visible partial
features are utilized to calculate the distance while the invisible parts are filtered out.

Video object segmentation. For another vision application, video object seg-
mentation, part-aware models also play a regulatory part in boosting the quality of
the segmentation masks. Video object segmentation is an essential task in the visual
recognition area, whose purpose is harvesting some particular objects in all frames of
one clip given the annotation or scribbles of one frame. The key challenge of VOS is how
to transfer the annotated object information to other frames. Early approaches [6, 61]
rely on fine-tuning with the annotated frame during evaluation, without considering
the partial information of the target objects. Another limitation of the fine-tuning
based methods is the slow inference speed.

Recently, some approaches [15, 38, 101] directly propagate annotated information
from one frame to other frames without fine-tuning, by two-stream neural networks [101]
or pixel embedding matching [15, 38]. These methods are more efficient than fine-tuning
based methods. However, they still consider the target object as a whole and ignore
the intra-object diversity. For instance, the early embedding-matching methods [15, 3§]
use each pixel of the target frame to match all the annotated object pixels, and adopt
the label of the nearest neighbour. However, the local parts of adjacent frames show
more similarity and are easier to propagate the label information. For example, if the
target object is a person, the pixels of the head in one frame is similar to the head in
adjacent frames, and dissimilar to the shoes, although the head and shoes are both
parts of the target object.

This dissertation proposes a part-aware deep model for the interactive VOS. The
proposed approach is pixel embedding based. It considers the diversity in one object
and learns the matching distance of pixels in local parts. The part-aware model takes
advantage of the pixel similarity in object local parts between adjacent frames and

improves the segmentation performance.
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1.1.2 Robustness and Uncertainty in Deep Learning Models

The dissertation studies the robustness and uncertainty in deep learning approaches
on the few-shot image classification. The lack of labeled data for a new task inherently
induces uncertainties for the few-shot learning tasks. Thus, a robust model should
reason about predictive uncertainty precisely, which measures the confidence of a
prediction. Higher confidence should be obtained when the prediction is more reliable.
Traditional few-shot learning methods [19, 83] usually design complex deep learning
models but ignore to estimate the uncertainty. Bayesian methods have the potential to
undertake the above issues. Instead of point estimations for the network parameters,
Bayesian methods estimate posterior distributions over model parameters.

Previous Bayesian methods [20, 77, 104] for the few-shot image classification are
mostly based on MAML [19], an optimization-based approach. There exist meta
parameters and task-specific parameters in these methods. Thus, they usually need
multi-step optimizations for each task during evaluation, which makes the inference
process time-consuming in both computation and memory.

This dissertation proposes a simple Bayesian framework for the few-shot learning,
which directly models the metric between query and support set. Thus, there is no need
to optimize task-specific parameters. A natural gradient based variational inference
strategy is employed to approximate the distribution over model parameters. The
proposed Bayesian method is effective on uncertainty estimation and obtains more

robust image representations against adversarial attacks.

1.2 Thesis Organization

This dissertation is organized as follows:

o Chapter 2: This chapter presents a survey of methods about above mentioned
vision applications, including person re-id, interactive VOS and few-shot image

classification.

o Chapter 3. In this chapter, a part-aware deep model is proposed for the occluded
re-id task. The feature map from the network is uniformly split for learning
partial representations. A pose estimator is employed to extract the keypoints of
person images, which indicate if a part is visible or not. Only the visible parts are
used for distance computation. This work has been published at the International
Conference on Computer Vision 2019 [64] and the IEEE Transactions on Neural
Networks and Learning Systems [65].
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o Chapter 4. This chapter describes a part-aware model for the interactive video
object segmentation. First, pixel embeddings are extracted for each frame. Then
the pixel matching maps in a local part and a whole object between frames are
learned for propagating information from annotated frames to other frames. This
work has been published at the Conference on Computer Vision and Pattern
Recognition 2020 [63].

o Chapter 5. This chapter illustrates a Bayesian framework for the few-shot image
classification. The proposed Bayesian model can estimate uncertainty precisely
and improve robustness. The network parameters’ distribution is approximated

by a variational inference using the optimization of natural gradients.

o Chapter 6: This chapter summarizes the thesis contents and recommends future

works.



Chapter 2

Literature Review

2.1 Part-Aware Deep Models for Person Re-Identification

Deep Person Re-ID. Person re-identification (re-id) is an essential problem for
computer vision, whose purpose is retrieving a person by a probe from gallery images.
Early works for person re-id utilize hand-crafted features [54, 62]. Thanks to the growth
of deep learning, especially Convolutional Neural Networks, many deep learning-based
approaches [51, 57, 64, 65, 87, 88, 97] have been proposed and achieve significantly
superior performance than hand-crafted methods. For early deep models, a global
representation is harvested by the identification loss [114] or metric learning losses
(the triplet [34] or quadruplet loss [14]), and used for computing the distance between
probe images and gallery images.

For extracting more discriminative features, some recent approaches [21, 42, 58, 88,
94, 110] have been proposed to learn partial features. For instance, some works [58, 110]
employed the attention method for learning pare-aware models. Attentive deep features
for different body parts were learned without extra supervisions. kalayeh et al. [42]
employed human parsing results to extract partial body features. The final repre-
sentation of the person image was constituted by partial features. Suh et al. [85]
utilized pose estimation results for obtaining partial representations. Another group
of methods for learning part-aware features is directly partitioning the global feature
maps. Sun et al. [88] firstly partitioned the feature map horizontally and obtained the
state-of-the-art performance. Following Sun [88], some approaches [21, 94] proposed to
split multiple parts of part-aware features and further boosted the re-id accuracy.

Partial Person Re-ID. Occlusion is an essential difficulty for the person search
in real-world applications. Early works [29, 30, 86, 113] assumed that only the probe

images have occlusions and the gallery has non-occluded images. Then the probe images



2.2 Part-Aware Deep Models for Video Object Segmentation 7

were artificially cut and the non-occluded parts of the person images were persisted
as the new probes. This setting is named as the partial re-id task, whose purpose is
retrieving a person utilizing a partial image from holistic gallery images. The first
work [113] defined the partial re-id setting, and proposed a comparison strategy of part
and whole to address the task. Another group et al. [29, 30] employed the convolutional
neural networks to harvest representation maps for the probe and gallery images, and
used the spatial feature reconstruction to match the representations. Sun et al. [86]
employed a part-aware model to learn partial features by horizontally partitioning. A
region locator was designed to indicate which area is non-occluded and generates its
position. The common non-occluded area across the gallery and probe images was
employed to compute distances.

Occluded Person Re-ID. Partial re-id needs a manually cropping process and
is inconvenient in practice. In recent years, several occluded re-id works [31, 120]
appeared, which took the occluded person images as input directly without pre-
processing. Zhuo et al. [120] proposed to train a classifier to discriminate if the person
image is occluded or not. This operation helped to learn more robust representations
when meeting occlusions. He et al. [31] tackled the occluded re-id problem by a
foreground-aware pyramid reconstruction method. The pyramid features were extracted
by CNN, and then the matching scores between occluded persons were computed to
reconstruct the feature maps.

The above methods for the occluded re-id task have two limitations: (1) They
still suppose that only the probes have obstacles and all images of the gallery are
non-occluded, which is not practical in real-world scenarios. (2) They did not consider
the part-aware features, which are especially important for the occluded re-id task.
This dissertation relaxes the assumption and studies the situation that both the probe
and gallery have images with obstacles. This new assumption is more practical in
real-world applications and there exist harder cases that an image with obstacles needs
to be compared with another occluded one. Besides, I propose a part-aware deep model
to learn part representations, and utilize the pose information to identify the visible

region and abandon the occluded region.

2.2 Part-Aware Deep Models for Video Object Seg-

mentation

The purpose of video object segmentation (VOS) is segmenting one or several salient

objects in the entire video frames. Current approaches for the video object segmentation
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can be roughly divided into three categories: unsupervised, semi-supervised and
interactive VOS.

Unsupervised VOS. For the unsupervised VOS task, there is no human annota-
tion as the guidance for the user to select target objects. Models need to detect the
salient objects automatically. However, this is problematic especially when there are
multiple objects. Most unsupervised VOS approaches [90, 95] learned to segment the
salient objects by the object motion or appearance in one video.

Semi-supervised VOS. The semi-supervised VOS task provides the label of the
first frame and the purpose is harvesting the object segmentation masks of other
frames. The main challenge of semi-supervised OVS is how to transfer the annotation
information from a given frame to other frames. Early works [6, 61, 93] adopted
fine-tuning method for semi-supervised VOS. OSVOS [6] firstly trained a two-class
segmentation model using the train set, and then fine-tuned the learned network
employing the first frame during evaluation. OnAVOS [93] proposed an online adaptive
method employing the instances. PReMVOS [61] integrated several models utilizing
fine-tuning and fusing, which acquired the state-of-the-art mloU accuracy. Although
the fine-tuning based models achieve significant performance, they are inefficient during
evaluation because of the online fine-tuning operation.

Another kind of methods directly propagate the annotated information of the first
frame to other frames in a video clip without fine-tuning. These methods are more
efficient when testing. This kind of methods can be classified into two types. One
type of these methods is matching based [15, 38, 92, 96, 103]. PML [15] extracted
pixel embeddings by a convolutional neural network and matched the pixels between
the first frame and other frames by a nearest neighbour classifier. VideoMatch [38]
proposed to calculate similarity score maps of matching features. Above methods only
consider the global matching while ignore the discriminative feature matching in a
local part. Recently, FEELVOS [92] employed CNN to extract pixel embeddings in the
feature space, and then matched the pixel embeddings from both the local part and the
global map. CFBI [103] extended FEELVOS by considering foreground-background
integration.

Another type is propagation-based [2, 69, 101], which takes as input the ensemble
of the current RGB-frame and the predicted results of the previous RGB-frame. For
example, RGMP [69] employed two-stream neural networks for semi-supervised VOS.
One extracted the representations of the first frame and its label map, and another
extracted the representations of the ensemble of the target frame and the previous

frame’s mask.
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Interactive VOS. Above mentioned tasks (Unsupervised VOS and Semi-supervised
VOS) have limitations respectively: (1) Unsupervised VOS cannot select the interest
object by the user. (2) Semi-supervised VOS needs the ground truth mask of the first
frame, which is time-consuming to obtain. Besides, for both two schemes, the user has
no chance to refine the predicted segmentation masks and further improve the quality
of predictions. Interactive VOS solved the above limitations. For the interactive VOS,
a user can provide user-friendly annotations, e.g., scribbles, to refine the predictions.
Specifically, the user can draw scribbles on the false positive and true negative regions,
and the model takes the scribbles as input to further improve the segmentation masks.

Recently, some interactive VOS approaches [3, 32, 53, 63, 70, 71] were well-developed.
Two early works [3, 32| separated the interactive VOS task into two sub-tasks. Firstly
the mask of the interactive frame is generated by user annotations, and then the
generated mask is used to propagate information to other frames, similar to the semi-
supervised VOS. Oh et al. [71] used two networks for the interaction and propagation,
and the middle features from two networks are connected to exchange information.
Above methods ignore the partial information of the objects. In this thesis, I propose
to leverage the pixel matching in the local part to improve the propagation precision

between frames.

2.3 Probabilistic Deep Models for Few-shot Image

Classification

Few-shot Learning. In recent years, few-shot learning has attracted much attention
and many few-shot learning methods [19, 22, 83, 89, 91| have been developed. The
few-shot learning approaches are usually applied to the image classification, and can be
divided into two types. One type is optimization-based, and the most famous method
of this type is MAML [19]. MAML contains meta parameters and the meta parameters
are optimized to produce task-specific parameters during inference. Since there is an
optimization operation when testing, MAML is time-consuming.

Another type of the few-shot learning approach is metric-based. The metric-based
methods aim at learning a proper embedding space with embedding networks, where the
distance of the same class examples is close while the distance of different classes is far
away. Prototypical Networks [83] employed an embedding network to learn prototypes
for each class, and utilize Euclidean distance metrics to calculate the distances between
embeddings of the query images and prototypes. Matching Networks [91] used two

separate embedding networks for query and support examples, and utilized each labeled
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sample in the embedding space as reference points for classifying the query samples. In
Relation Networks [89], except for a learnable feature embedding network, the distance
metric is also a learnable neural network. Few-shot GNN [22] utilized graph neural
networks to model the relationship between the query set and the support set. The
metric-based few-shot learning methods need no task-specific optimization and are
more efficient than optimization-based methods.

Bayesian Few-shot Learning. Few-shot learning inherently induces uncertainty
because of lacking data for each task. Thus, precisely estimating uncertainty improves
the robustness of the few-shot learning methods. Bayesian methods have the potential
to tackle this problem. Recently, some Bayesian methods for few-shot learning have
been developed [20, 26, 77, 104, 107].

PLATIPUS [20], BMAML [104] and AML [77] are Bayesian extensions on MAML [19],
an optimization-based few-shot learning method. Therefore there are meta parame-
ters and task-specific parameters in these methods. These methods used variational
inference to approximate either the posterior of the task-specific parameters, or the
joint posterior distribution of the task-specific parameters and the meta parameters.
VERSA [26] is a general probabilistic framework that used a feature extractor with
the point estimation of parameters and the last fully-connection network with the
distribution estimation. VFS [107] assumed that the feature embeddings were under
the distribution of multivariate Gaussian. Different from previous Bayesian models,
this dissertation introduces a Bayesian framework with metric-based few-shot learning

models.



Chapter 3

Part-Aware Feature Learning for
Occluded Person Re-Identification

3.1 Introduction

In this chapter, I address the occlusion issue in person re-identification (re-id), and
propose a keypoint-guided model to align part-aware features. Occlusions always
appear in real-world applications and damnify the retrieval performance since the
obstacles bring delusive information and jumble the deep models. Previous methods |1,
87, 102, 114] usually extract global representations of the holistic pedestrian images,
which will inevitably introduce distractive information when occlusions exist. For
example, in Fig. 3.1, a failure case of the previous models with global representations
shows that when a man is sheltered from a white car, the approaches that fail to
remove the occlusion information will obtain error images sheltered from the same
white car by mistake.

To address the occluded re-id task, I firstly define a more practical occluded re-id
setting and collect a large-scale occluded re-id benchmark, which is the first occluded
re-id benchmark in which both the probe and gallery have occluded pedestrian images.
Then I propose a part-aware deep model to learn partial features, and employ the pose
information to indicate which part is occluded. The occluded parts are depressed and
the visible parts are remained for the person retrieval.

Concretely, early works [29, 30, 86, 113] for tackling the occlusion problem assumes
that the probe set has obstacles and the gallery set has no obstacles. These methods
artificially cut the probe images and hold the non-occluded part as the processed
probes. This setting is named the partial person re-id problem. Therefore, the purpose

of the partial re-id is retrieving one particular person in holistic impression with a
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Fig. 3.1 Method [88] with global representations tends to generate error results. Images
with green boundary are correct result while with red boundary are error results.

partial query as input. This partial re-id setting has two limitations: (1) In real-world
scenarios, the assumption that only probe set has obstacles does not always hold.
(2) This setting needs the manually cropping pre-processing which is inefficient in
practice. Thus, we introduce the occluded person re-id setting, supposing that both
the query and gallery set have obstacles. This new assumption is more practical and
needs no pre-processing in real-world scenarios. We compare the partial and occluded
re-id settings in Fig. 3.2. Since there is no dataset under our new assumption, we
build a large-scale dataset Occluded-Duke, in which all images in the probe set have
obstacles and the gallery images contain both occluded and holistic images.

A key solution for the occluded re-id is depressing the confusing information
introduced from obstacles. We utilize the properties of the deep features from both
spatial and channel perspectives to remove the obstacle information and generate
the non-occluded part-aware features. In the spatial dimension, the deep feature
map contains the information of the visible body parts and obstacles placed on
the homologous positions [106]. Therefore, spatial attentive maps have the ability of
removing the distractive information introduced by obstacles. In the channel dimension,
motivated by SENet [37], channels of the deep feature map contain different responses
of the object person and obstacles. Thus, adaptively balancing the channel responses
can help to enhance the representations of the obstacle-free regions and depress the

invisible parts. Specifically, We propose to extract pose keypoints by a pose estimator
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Fig. 3.2 Difference between the partial (above) and occluded re-id settings (below).
The partial re-id consists of the query set with obstacles and the gallery set with non-
occluded images. The query images need to be cropped to remove the occluded parts.
The occluded re-id’s query set has obstacles and the gallery set has both obstacles and
obstacle-free images. No pre-processing like manually cropping is needed.

pre-trained on COCO [56], and use extracted keypoints to boost the re-id model in
the next three perspectives.

First, the pose keypoints can indicate the visible and invisible locations of the body
parts by the predictive confidence score. If the confidence of one keypoint is lower than
a threshold, the corresponding body part is regarded as the occluded part. Thus, the
spatial attentive maps are produced by the non-occluded keypoints and filter the deep
feature map to remove the obstacle-part. This branch is named as Keypoint-Filtered
Feature Branch of our proposed model.

Second, the human keypoints indicate if a body part is occluded or not. Thus,
the landmarks can construct an informative vector to embed the occlusion-aware
embeddings. Since the channels of the extracted feature map contain both the occlusion
and visible information, the occlusion-aware embeddings can be used to automatically
re-weight channel activations of the feature map. The re-weighted feature depresses
the occlusion channel responses and enhances the visible channel responses. The
operation of re-calibrating the channel activations by the keypoint embeddings is
Keypoint-Embedded Feature Branch.

Finally, the part-aware features are generated by uniformly partitioning the feature
map. During the inference time, the pose keypoints indicate which part is occluded for

images in the probe and gallery sets. Thus, the part-aware features from the common
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Table 3.1 Differences of three benchmarks on the occluded re-id.

Dataset training set Gallery Set Query Set
Identity | Image | Identity | Image | Identity | Image
Partial-iLIDS [112] - - 119 119 119 119

Partial-REID [113] | - - 60 300 | 60 | 300
Occluded-Duke | 702 |15,618| 1,110 [17,661| 519 | 2,210

non-occluded region are selected by keypoints information and used to compute the
distances when testing. In this way, the impact of the occlusions is further reduced.

We conduct generous experiments on occluded, partial, and holistic person re-id
benchmarks. Our approach shows the superiority over previous re-id works [29, 30, 86,
113] significantly on both occluded and partial benchmarks, while achieving competitive
or better performance on the holistic re-id benchmarks.

The following lists the main contributions of this chapter:

e An occluded re-id dataset is built, namely Occluded-Duke. It is large-scale and
practical for the occluded re-id task.

e We design a pare-aware deep model for the occluded re-id, leveraging deep features’
characters in both the spatial and channel dimension.

e We design a specific module to spatially depress the distractive obstacle regions
in feature maps.

e We design a module to produce more discriminative features by re-weighting the
channel activations utilizing the non-occluded keypoints.

e We design a matching strategy to compute the distance on the common non-

occluded region between images of the probe and gallery sets when evaluating.

3.2 Occluded-Duke Dataset

Under our new assumption that both the probe and gallery set have pedestrian images
with obstacles, we propose an occluded re-id setting. However, there is no appropriate
dataset for the occluded re-id. Thus, a large-scale occluded benchmark is collected,
called Occluded-Duke, re-split from DukeMTMC-relD [80, 115].

3.2.1 Properties of Occluded-Duke

Previous re-id datasets [112, 113, 120] for the occlusion problem suppose that all the
probe set has images with obstacles but the images in gallery set are holistic. We relax

this strong assumption and tackle a more practical situation: both the probe and gallery
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images include occlusions. In our dataset, similar to previous datasets [112, 113, 120],
all the images in the probe set are occluded to make sure that there exists at least
one occluded image when evaluating. The gallery images contain both occluded and
holistic images, which is practical in real-word applications. Compared with previous
partial re-id datasets, our dataset is more challenging and practical. The comparison
between our dataset and the partial re-id datasets [112, 113] is shown in Table. 3.1.
Our dataset is much larger than early occlusion datasets. For instance, early partial
datasets [112, 113] only contain hundreds of images. The Occluded-Duke has more
than 35 thousands of pedestrian images, about more than 50 times larger than partial
re-id datasets. Besides, the variations of our dataset are significant in both viewpoints

and occlusions, including bikes, trunks, umbrellas, etc., as shown in Fig. 3.3.

Variety of Occlusions in Occluded-DukeMTMC

e
ﬁ-"ﬁ -

Fig. 3.3 Examples of the variations for occlusions.

3.2.2 Collection of Occluded-Duke

Our dataset is derived from DukeMTMC-relD [80, 115] by manual selection. The
training set of our dataset is manually selected from the original DukeMTMC-relD by

filtering out the images with the same occlusions in the probe or gallery set. This is
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because that if there exists identical occlusions in the train and the test sets, a deep
model will remember the occlusions and overfit this dataset. Thus, the generalization
of the models trained on our dataset is not guaranteed. We remove totally 934 images
with the same obstacles from DukeMTMC-relD to tackle the above issue.

The original DukeMTMC-relID has 14%/15%/10% occlusion pedestrian images in
the train/query/gallery set. Therefore, it is inapplicable to testing the occluded re-id
methods using the original DukeMTMC-relD. We collect the probe set of our new
dataset by manually selecting the images with obstacles from the probe and gallery set
in DukeMTMC-relD.

For the gallery set of our dataset, the original gallery set of DukeMTMC-relD is used
as our gallery set, since it consists of both occluded (10%) and holistic pedestrian images
(90%). Thus, there are the same images in both probe and gallery sets. Nevertheless,
since the images with the same camera are not counted when testing, there is no worry

that the probe image retrieves the identical image from the gallery set.

3.3 Keypoint-Guided Part-Aware Feature Alignment
Model

We propose a part-aware model to address the occluded re-id problem. The key idea
for addressing the occluded re-id is to detect the area with obstacles and remain the
visible parts. We employ a pose estimator to extract human keypoints, which point
out where the occlusions locate. We observe that if the keypoints are in the occluded
region, the corresponding confidence score is lower than the visible keypoints. Thus,
the visible keypoints are detected by setting a threshold to the confidence score.

The proposed part-aware model for the occluded re-id is enhanced by visible
keypoints in three aspects. First, we use a module with masked features to depress
the obstacles’ region in the feature map spatially. Concretely, we employ non-occluded
keypoints to produce Gaussian masks whose centers are located on the visible keypoints’
locations. The Gaussian masks are utilized as the attentive maps to remove the
occluded regions in the feature map. Second, since the visible keypoints contain the
knowledge of occlusions, a keypoint-embedding can be generated by visible keypoints.
We propose to automatically adjust the channel activations of the deep feature map by
the keypoint-embedding. The channels contain the visible parts are enhanced while
the channels contain occlusions are depressed. Thus, the re-calibrated feature map is
more discriminative and robust to occlusion situations. Third, the extracted feature

map is horizontally partitioned to produce part-aware features. The non-occluded pose
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Fig. 3.4 The pipeline of our approach. We utilize red points to denote the non-occluded
keypoints while green ones as the occluded keypoints. The proposed approach consists
of three components. The Keypoint-Filtered Feature Branch utilizes the attentive maps
generated by visible keypoints to remove occluded regions. The Keypoint-Embedded
Feature Branch uses the non-occluded keypoints to produce the keypoint-embedding,
which is utilized to re-weight the channel activations of the global feature map. The
Part-Aware Feature Branch horizontally partitions the deep feature map to obtain the
part-aware features.

keypoints provide the information that which parts are invisible during the inference
time. Thus, we use part-aware features located in the common non-occluded region for

comparison of the probes and gallery images.

3.3.1 Preliminaries

Fig. 3.4 illustrates the pipeline of our method, which consists of three components,
1,e,, the Keypoint-Filtered Feature Branch, the Keypoint-Embedded Feature Branch,
and the Part-Aware Feature Branch. We employ ResNet-50 [28] as our backbone, and
modify it for the person re-id task following previous re-id methods [86, 88]. Specifically,
the last fully connected layers of ResNet-50 [28] are removed and the size of the feature
map is amplified spatially. Denote the spatial size of the input image I as H x W,
our modified backbone produces the feature map with 2 times larger than the original
backbone. The modification is changing the stride of the fourth resblock from 2 to
1 [21, 88]. We denote the extracted deep feature map as F.



3.3 Keypoint-Guided Part-Aware Feature Alignment Model 18

3.3.2 Visible Keypoints Generation

As shown in Fig. 3.4, taking as input a pedestrian image I, a pose estimator pre-trained
on COCO [56] is employed to generate the pose keypoints. The number of the pose
keypoints is denoted as N and in this dissertation we generate eighteen keypoints
including eges, legs, elbows, etc. For each pose keypoint, the output is the coordinates
and a corresponding confidence score. By observation we found that when a keypoint
is located in the occluded region, the corresponding confidence score is much lower
than the visible keypoints. Thus, we utilize a threshold 6 to filter out the keypoints
in the occluded region and remain the visible pose keypoints. ' The non-occluded
keypoints have significant information on the obstacles from pedestrian images.

In Keypoint-Filtered Feature Branch, the non-occluded keypoints’ positions are
used to generate the spatial Gaussian masks. The Gaussian masks are used as the
attentive masks to make the model attend to the visible body parts. Specifically, the

positions of the keypoints are

cri,cyi) if seont > g
p,_ () ESTEZ0 L (3.1)
0 else

P; means the jth keypoint position. cxj,cy; mean the coordinate of the jth keypoint.

geon f
J

non-occluded keypoints P with positions.

denotes the confidence and 6 denote the threshold. Therefore, we acquire

For the Keypoint-Embedded Feature Branch, the keypoint-embedding is generated
for re-calibrating the channel responses. The keypoint-embedding is generated by a
visible keypoint vector, which contains the significant information of obstacles. The

visible keypoint vector p € {0, 1}N is produced by

1 if s >9
pj = ’ (3.2)
0 else.

conf
5
the non-occluded keypoint vector p means whether the jth keypoint is visible. The

denotes the confidence score and ¢ denote the threshold. Each element p; of

non-occluded keypoint vector encodes the occlusion information, which is used to

generate the keypoint-embedding.

LIf there is a case that two persons are occluded by each other, the person with more visible
keypoints is treated as the target.
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3.3.3 Keypoint-Filtered Feature Branch

The final features for retrieval consist of the keypoint-guided (KG) feature and the
part-aware (PA) features, as shown in Fig. 3.4.

The KG feature is assembled by three parts, i.e., the keypoint-filtered (KF), the
keypoint-embedded (KE) and the global max-pooling feature of the global map F.

The Keypoint-Filtered Feature Branch generates Gaussian masks by the visible
keypoints as the attentive maps. In Section 3.3.2, we introduced how to obtain the
locations of the visible keypoints P. For each visible keypoint P; = (cxj,cy;), the
corresponding Gaussian mask is generated with the center at P; = (cxj,cy;). For the
occluded keypoints, we fill the mask P; with 0. M; is employed to represent each
Gaussian mask. Since these Gaussian masks are with the same size of the input image
I, we downsample the masks to the identical size as the extracted global feature F by
bilinear interpolation. Each spatial mask M; multiply the global feature map F to
produce keypoint-filtered feature maps M}, which attend to visible body parts and
ignore the invisible locations.

As shown in Fig. 3.4, after generating the keypoint-filtered feature maps, the max-
pooling operation is used to produce N keypoint-filtered vectors. The keypoint-filtered
vectors are max-pooled to produce the KF feature fy;. We use the max-pooling
operation rather than the average pooling because some visible keypoints are close
to each other, and the corresponding attention masks are overlapped. Using the

max-pooling operation ignores occlusions and the redundant visible body parts.

3.3.4 Keypoint-Embedded Feature Branch

The Keypoint-Embedded Feature Branch aims to re-weight the channel activations of
the feature map F. In Section 3.3.2, we introduced the visible keypoint vector p which
encodes the obstacles’ information from the pedestrian image. The visible keypoint
vector p is used to produce the keypoint-embedding, which is the gates to re-weight the
feature map in the channel dimension. However, the global feature F has much larger
dimension compared with p (2,048 v.s. 18). Directly encoding the keypoint-embedding
by p is improper. Thus, we firstly downsample the global feature map F to half of
the original dimension (from 2,048 to 1,024) using a 1 x 1 convolutional layer. Denote
the downsampled feature map as F'. Then we utilize a two-layer network to encode
the visible keypoint vector p to a keypoint-embedding p’ with a dimension of 1,024.
The keypoint-embedding p’ is treated as weights to re-weight the downsampled feature

map as F/ by channel-wise multiplication. Denote the generated keypoint-embedded
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feature map as Fg.. Finally, Fr. is max-pooled into the keypoint-embedded feature
fi.., which contains the obstacles’ information.

Obstacles Synthesis during Training. For our dataset, both the probe and
gallery pedestrian images have a large variety of occlusions. Nevertheless, the training
set contains only a small quantity of occluded pedestrian images. Thus, a gap between
the training process and the testing appeared. The varieties of occlusions in the training
set are not enough to generate different kinds of non-occluded keypoint vectors. Thus,
we synthesize occluded images for the training set by randomly erasing the training
images to enlarge the variety of occlusions. The keypoints in the erased region are

treated as the occluded keypoints.

3.3.5 Objective Function

The final keypoint-guided feature is concatenated by three parts, i.e., the keypoint-
filtered feature fj ¢ in the Keypoint-Filtered Branch, the keypoint-embedded feature
fie in the Keypoint-Embedded Branch, and the global max-pooling feature f; of the
feature map F. This dimension of the assembled feature is reduced to 256 utilizing a
FC layer. Denote this new vector as the keypoint-guided feature f,,s¢. A classification
loss is adopted which takes as input f,,5c. The loss function of the branches for the

keypoint-guided feature is
Lieypoint = CrossEntropyLoss(Z,z). (3.3)

Z and z denote the predicted class and the ground truth respectively.

Another branch of our proposed method is the Part-Aware Feature Branch, as
shown in Fig. 3.4. The Part-Aware Feature Branch aims to generate part-aware features,
by partitioning the global feature map F horizontally into the part-aware feature maps,
F;. The total partition number is p and i =1,...,p. After that each part-aware map F;
is averaged to produce the part-aware vector f;. The dimension fo the part-aware vector
f; is reduced to 256. A classification loss is employed with the input of f;. Therefore,

the loss for the part-aware Branch L4+ is

p
Lpart = »_ CrossEntropyLoss(2;, z). (3.4)
i=1

Z; is the identity predicted by the i-th feature. The final loss £ consists of the above
losses,
L= O“/‘Cpm“t + (1 - O‘)‘Ckeypomt . (3.5)
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a is a balancing coefficient between Lyqr¢ and Lyeypoint-

3.3.6 Part-Aware Feature Matching in Shared Visible Region

During the evaluation, for each pedestrian image we have a keypoint-guided feature
and p part-aware features. These part-aware features contain both visible and invisible
features. Thus, we employ the keypoints to instruct which part-aware feature is
occluded. A Part-Aware Feature Matching Strategy is shown in Fig. 3.5. If there
exist visible keypoints in one part, the corresponding part-aware feature is viewed as
the visible feature, and vice versa. Thus, the distances across the probe and gallery
pedestrian images are computed by the visible part-aware features in the shared non-
occluded region. Besides, the keypoint-guided feature is also utilized for retrieval. The
above distances computed by non-occluded part-aware features and the keypoint-guided
feature are averaged to generate the final distance.

Concretely, a non-occluded mark I; € {0,1} for each part-aware feature f; is decided
by the visible keypoints. [; =0 denotes the part-aware feature is visible while /; =0

denotes the part-aware feature is occluded. Thus,

1 if Jey; e [ELHLH
i = vi €5 By ) (3.6)
0 else
H is the height of the input pedestrian image while cy; denotes the jth longitudinal
coordinate of the keypoint P;.
For the ith part, the distance across the probe and gallery is computed by
di = Dist(f ) (i=1,...,p). (3.7)

1971
f? denotes the 7th part-aware vector of the query while ff denotes the part-aware vector
of gallery. Dist(-) denotes a cosine distance function.
For the distance computed by keypoint-guided features,
dpose = Dist(f o0, se) (3.8)

pose’ pose

where £ denotes the keypoint-guided feature of the probe while £/ . denotes the

pose pose

keypoint-guided feature of the gallery, respectively.
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Fig. 3.5 Distance comparison strategy of our approach. The distances across images
from probe and gallery sets are computed using part-aware features in the common
non-occluded region as well as the keypoint-guided feature.

The final distance is the average of the distances calculated by the part-aware

features in the shared non-occluded region and the keypoint-guided vector.

S ()it o

y
v SP P9+

(3.9)

dis means the final distance. [} and {¢ are the ith non-occluded mark of the query and

gallery, respectively.

3.4 Experiments and Analysis

3.4.1 Datasets

We evaluate our method on one occluded, two partial, and two holistic re-id datasets.
Occluded-Duke is our proposed dataset specifically built for the occluded re-id.
This dataset is large-scale, including 15,618 images in the training set, 17,661 images
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in the gallery set, and 2,210 images in the query set. All pedestrians in the query set
are with obstacles while 10% gallery images are with obstacles.

Partial-REID [113] is a partial re-id dataset, containing 60 identities and 600
pedestrian images. In this dataset, 300 pedestrian images are with obstacles, while
300 pedestrian images are holistic. The occlusions in Partial-REID include trees, cars,
desks, etc.

Partial-iLIDS [112] contains 238 pedestrian images and 119 pedestrian identities.
For each person identity, there are an occluded pedestrian and a holistic pedestrian. For
the two partial datasets, the partial methods manually cut the images with obstacles
first, then remain the non-occluded parts as the new probe images. Under our setting,
our approach needs no cutting pre-processing.

Market-1501 [111] are composed of 32,668 images of 1,501 person identities,
including 12,936 pedestrian images for training and 19,732 pedestrian images for
testing. All images are collected from six cameras. Since there are few images contain
occlusions in Market-1501, it is viewed as the holistic person re-id dataset.

DukeMTMC-relID [80, 115] has 1,812 identities from eight cameras. There are
2,228 query images, 16,522 training images and 17,661 gallery images in this dataset.
Since the query set only has more than 85% holistic pedestrian images and the gallery
set has more than 90% holistic images, this dataset is treated as a holistic dataset.

Evaluation Metrics. For evaluating the re-id performance, we employ the
commonly-used metrics as in previous re-id methods, ¢.e., the cumulative matching

cure (CMC) and the mean Average Precision (mAP).

3.4.2 Implementation Details and Hyperparameters

ResNet-50 [28] is employed as our backbone and is pre-trained by ImageNet [16]. We
employ AlphaPose [17, 98] as the pose estimator, which is pre-trained on COCO [56].
The threshold @ for distinguishing the visible and invisible keypoints is 0.2. Similar
to previous person re-id methods [31, 88], the resolution of inputs is adjusted to
384 x 128 when we train our model. During training, the batch size is set to 32 and the
number of the training epochs is 60. When we train our model on our dataset and two
non-occluded datasets, we set the learning rate as 0.1. We reduce the learning rate to
0.01 during the final 20 epochs. The coefficient a for balancing the losses is 0.5. When
we train our model on two partial re-id datasets, the start learning rate is 0.02. Then
we reduce it to 0.002 for the final 20 epochs. The coefficient « is 0.9. We utilize the

data augmentations, including random erasing and random flipping. Random erasing
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Table 3.2 Person Re-ID Results on the Occluded-Duke dataset.

Method \ Rank-1 \ Rank-5 \ Rank-10 \ mAP
DIM [105] 0.215 0.361 0.428 0.144
LOMO-+XQDA [54] | 0081 | 017 | 022 | 0.05
Part Aligned [110] 0.288 | 0446 | 051 | 0.202
Random Erasing [118] | 0.405 0.596 0.668 0.3
HACNN [52] 0.344 | 0519 | 0594 | 0.26
Triplet [34] 0.355 0.528 0.611 0.27
Aligned reID [109] 0.415 0.588 0.657 0.327
Adver Occluded [40] 0.445 - - 0.322
PCB [88] 0.426 0.571 0.629 0.337
Part Bilinear [85] 0.369 - - -
FD-GAN [23] 0.408 . . -
PGFA [64] 0.514 0.686 0.749 0.373
DSR [29] 0.408 0.582 0.652 0.304
SFR [30] 0.423 0.603 0.673 0.32
Ours 0.563 | 0.724 0.78 0.435

Table 3.3 Evaluation time on Occluded-Duke. The evaluation time is the milliseconds
per query.

Method Evaluation Time \ Method  Evaluation Time
PGFAy /o key [64] 130ms PCB [88] 90ms
PGFAy/ key [64] 780s DSR [29] 4540ms
Oursy /o key 140ms SFR [30] 4760ms
Oursy/ ey 790ms - -

is employed to synthesize the pedestrian images with obstacles in the . The keypoints

in the erased region are viewed as the invisible keypoints.

3.4.3 Evaluation Performance

Performance on Occluded-Duke. Table. 3.2 illustrates the performances of our ap-
proach and early state-of-the-arts on our proposed Occluded-Duke. The first,second,third
group indicates the methods for the holistic re-id, the methods using the pose keypoints,
the approaches for the partial re-id, respectively. The fouth group shows our model.
Our model outperforms the previous approaches significantly.

Our part-aware feature branch, which horizontally partitioning the global feature
map, is similar to PCB [88]. Differently, our method employs a matching strategy

that part-aware features across the probe and gallery pedestrian images in the shared
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Table 3.4 Person Re-ID Results on Partial-REID and Partial-iLIDS.

Method Partial-REID Partial iLIDS
Rank-1 | Rank-3 | Rank-1 | Rank-3
AMC+SWM [113] | 0.373 0.46 0.21 0.328
MTRC [55] 0.237 0.273 0.177 0.261
DSR [29] 0.507 0.7 0.588 0.672
SFR [30] 0.569 0.785 0.639 0.748
VPM [86] 0.677 0.819 0.672 0.765
PGFA [64] 0.68 0.8 0.69 0.809
Ours 0.725 0.83 0.706 | 0.813

Table 3.5 Person Re-ID Results on Market-1501 and DukeMTMC-relD.

Mothod Market-1501 | DukeMTMC-relD
Rank-1 | mAP | Rank-1| mAP
SVDNet [87] 0.823 | 0.621 | 0.767 0.568
BoW+kissme [111] 0.444 | 0.208 | 0.251 0.122
PAN [115] 0.828 | 0.63 | 0.717 0.515
PAR [110] 0.81 | 0.634 - -
Pedestrian[117] 0.82 0.63 - -
DSR [29] 0.835 | 0.642 - -
MultiLoss [51] 0.839 | 0.644 - -
TripletLoss [34] 0.849 | 0.691 - -
Adver Occluded [40] | 0.865 | 0.783 | 0.791 0.621
MLFN [12] 0.9 0.743 | 0.81 0.628
PCB [88] 0.924 | 0.773 | 0.819 0.653
PGFA [64] 0.912 | 0.768 | 0.826 0.655
Ours 0.927 | 0.813 | 0.862 0.726

visible region are used for computing distances. Besides, the visible keypoints are
used to generate attention masks and re-calibrate channel responses for generating the
keypoint-guided feature. Considering one baseline method, PCB [88], our approach
outperforms it by more than +13% Rank-1 and around +10% mAP, illustrating the
significance of our approach.

Considering PGFA [64], our approach adds the keypoint-embedded feature and
uses simulation augmentation using the random erasing. Table. 3.2 demonstrates that
employing the keypoint-embedding boosts Rank-1 by about +5%, while boosts mAP
by about +6%, illustrating the benefits of Keypoint-Embedded Feature Branch.
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Considering two partial re-id approaches [29, 30], our method surpasses them by
15.5% and 14.0% Rank-1 score, respectively. Besides, our method does not need the
pre-processing of manually cropping.

Table. 3.3 shows the comparison of the inference speed between our approach and
PCB [88], PGFA [64] and the partial re-id approaches, i.e., DSR [29] and SFR [30].
“w/ key" or “w/o key" denote our approach with or without predicting the human
keypoints. Table. 3.3 demonstrates that our approach needs a little more time compared
with PGFA owing to the additional Keypoint-Embedded Branch. Comparison of our
method with or without keypoints prediction shows that extracting the pose keypoints
is inefficient. Thus, extracting the pose keypoints for each pedestrian image in advance
is practical for real-world scenarios. The partial re-id methods (DSR and SFR) are
much more time-consuming than our approach because they need an inefficient feature
map matching process during evaluation.

Performance on Partial Datasets. Recently, several re-id methods [29, 30, 55,
86, 113] for the partial re-id appeared. We evaluate our method and these partial re-id
methods on two partial datasets, Partial-REID and Partial-iLIDS, and the comparison
is shown in Table. 5.1. Our model is trained utilizing the of Market-1501, which is
the same as previous partial re-id methods [29, 30, 86]. Table. 5.1 illustrates that
our model outperforms previous partial re-id methods [29, 30, 55, 86, 113] by a large
margin on partial datasets, without the manually cropping pre-processing.

Performance on Holistic Datasets. The performances of our approach and
previous re-id methods on the holistic re-id datasets are presented in Table.3.5. The
proposed model surpasses all previous state-of-the-art re-id approaches, demonstrating
that the proposed approach has the ability of tackling both the occluded and holistic

re-id tasks.

3.4.4 Ablation Studies

The Impact of the Keypoint-Embedded Feature Branch. The Keypoint-
Embedded Feature module utilizes the non-occluded keypoint vector to produce the
keypoint-embedding. The keypoint-embedding is served as weights to re-weight channel
responses of the feature map. To enlarge the variety of the non-occluded keypoints, we
synthesize occluded pedestrian figures by random erasing during training. In Table. 3.6,
Oursy /o syn w/o ke indicates our model without the keypoint-embedded branch and
data simulation. Ours,, , k. indicates our approach with no keypoint-embedded fea-

tures and Oursy /, 5y, means our approach without data synthesis. Experiment results



3.4 Experiments and Analysis 27

Table 3.6 The ablation studies on the Keypoint-Embedded Feature Branch, the
Keypoint-Filtered Feature Branch and the part-aware feature matching strategy.

Method \ Rank-1 \ Rank-5 \ Rank-10 \ mAP
Oursy /o syn w/o ke | 0-514 0.686 0.749 0.373
Oursy /o ke 0.532 0.694 0.753 0.405
Oursy, /o syn 0.541 0.696 0.752 0.403
Oursy /o kf 0.55 0.705 0.767 0.415
OISy /o matching 0512 | 0.624 | 0.734 | 0.412
Ours 0.563 0.724 0.78 0.435

demonstrate that adding this keypoint-embedded branch boosts the mAP performance
by +3%. Adding the operation of data synthesis further boosts mAP by another +3%.

The Impact of the Keypoint-Filtered Feature Branch. The Keypoint-
Filtered Branch generates attentive maps and removes the distractive information
in the occluded region. In Table. 3.6, Ours,/, i denotes our approach without the
Keypoint-Filtered Branch. Results show that adding this branch boosts Rank-1 by
+1.3% and mAP by +2%, illustrating the benefits of the Keypoint-Filtered Branch.

The Impact of Matching Strategy in Shared Visible Region. Our matching
strategy utilizes the visible keypoints to point out which part-aware feature is occluded.
Only the part-aware features in the shared visible region are used for computing the
distances. To demonstrate the effectiveness of our matching strategy, we evaluate our
model with all the part-aware features. In Table. 3.6, Oursy, /o matching denotes our
approach without the matching strategy in the shared visible region. Results show
that using the proposed matching strategy boosts the Rank-1 performance by +5.0%
and the mAP performance by +2.3%.

Ablations on the Coefficient a. In Equation 3.5, the final loss is composed of
two components, Lpqr¢ and Lieypoint- Lpart denotes the loss of the part-aware features
and Lyeypoint denotes the loss of the keypoint-guided feature. « is the coefficient to
balance Lyqr¢ and Lyeypoint- The ablation studies are conducted on o, which increases
from 0 to 1. =0 indicates the branches about the keypoint-guided feature are used
only, and o =1 indicates the Part-Aware Feature Branch is used only. Fig. 3.6 (a)
illustrates that the re-id results on 0 < a < 1 are better than « =0 or o = 1, indicating
that assembling these two losses acquires better Rank-1 or mAP than using one loss.
When a = 0.5, our approach can achieve the best result.

Ablations on the Part Number. We use the part number p to denote granularity
of the part-aware features. p =1 indicates we only use the global feature and no part-

aware features are generated. Fig. 3.6 (b) shows that when p > 1, our model achieves
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Fig. 3.6 (a) The impact of the coefficient . When « is 0, our model utilizes the
keypoint-guided feature only. When « is 1, we adopt the part-aware features for
evaluation. (b) Ablations on the part number p.

Table 3.7 Ablations on multiple granularities.

Method \ Rank-1 \ Rank-5 \ Rank-10 \ mAP
p=2,3 54.3 0.708 0.773 | 0.423
p=3,4 0.563 0.722 0.781 0.436
Ours (p=3) | 0.563 0.724 0.78 0.435

better the re-id performance than p =1, demonstrating that generating part-aware
features is effective on the occluded re-id task. At the point of p = 3, the proposed
approach acquires the best performance. If p > 3, the performance drops because some
partition region is too small and easily to be ignored because it contains no visible
keypoints, although it contains visible body parts. Table. 3.7 shows the comparison
across our approach and multi-granularity approaches [21, 94]. p = 2,3 denotes we split
the global feature to two and three parts simultaneously. Experiments demonstrate
that the performance is similar to ours when utilizing multi-granularity.

Ablations on the Gaussian Heatmap. The Gaussian maps are generated by
the location of the keypoints. The parameter o of the gaussian map determines the size
of the information window. Small o means the visible region in the generated map is
small. Large o means the visible region is large and the attentive maps cannot filter out
the distractive occlusions. Fig. 3.7 (a) illustrates the ablations on the hyperparameter
o. When o equals to 20, our model has the best performance.

Fig. 3.7 (b) demonstrates the ablations on guassian map resolutions. Results show
that amplifying the input resolution from 384 x 128 to 570 x 190 does not affect the
re-id accuracy. When the rosolution is too small (240 x 80), the performance drops
because the input information is limited.
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Table 3.8 Ablations on different human pose estimators.

Method | | Rank-1 | Rank-5 | mAP
Oulrsw/0 syn w/o key | 0.514 0.686 | 0.373
AlphaPose [17] Oursy, /6 syn 0.541 0.696 | 0.403
Ours 0.563 0.724 | 0.435
Oursw/0 syn w/o key | 0.491 0.667 | 0.353
OpenPose [8] Oursy /o syn 0.523 0.676 | 0.385
Ours 0.543 0.712 | 0.412
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Fig. 3.7 (a) Ablations on the hyperparamters o of Gaussian maps. (b) Ablations on
the image resolutions.

The Ablations on the Pose Estimators. There are two commonly-used pose
estimators, AlphaPose [17] and OpenPose [8]. The above experiments are based on
AlphaPose [17]. In Table. 3.8, we compare the re-id performance of our approach
between the two pose estimators, and results show that our models with the two pose
estimators achieve similar performance, indicating our approach is robust to keypoint

extracting models.

3.4.5 Visualization

Fig. 3.8 shows the visualization of the attentive maps. The attentive maps are produced
by the visible keypoints and in Fig. 3.8 the maps attend the visible body parts in a
pedestrian image, and obstacles’ regions are suppressed.

Fig. 3.9 illustrates several retrieval outputs of the baseline [88] and our approach
on our dataset Occluded-Duke. The PCB model uses the invisible features and cannot

filter out the distractive information of occlusions, and the query image is easy to
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Fig. 3.9 Visulization of the outputs on the baseline [88] and the proposed approach.

retrieve error images with similar occlusions. Differently, our approach depresses the

impact of the occlusions and retrieves more correct results.

3.5 Conclusion

In this chapter, we propose a part-aware deep model for the occluded re-id task. We
firstly define a new setting that both the probe and gallery sets contain obstacles. Under
this assumption, we build a large-scale occluded re-id benchmark, Occluded-Duke. We
propose to leverage the pose keypoints to detect the occluded region and enhance the
discriminative feature. First, the attentive maps are generated by locations of the
pose keypoints to filter out the occlusion information; second, the visible keypoints

are used to generate keypoint-embeddings, which serve as gates to re-weight the
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channel responses. Third, during evaluation, the part-aware features in the common

non-occluded region are employed for comparison.



Chapter 4

Part And Whole Matching for
Interactive Video Object

Segmentation

4.1 Introduction

This chapter presents a part-aware deep model which focuses on the interactive video
object segmentation (VOS). Interactive VOS aims to acquire segmentation masks of
one or several objects in a video clip when some user’s annotations are provided, for
example, scribbles. Specifically, Fig. 4.1 shows the turn-based interactive VOS proposed
by Caelles [7]. In the first turn, the users provide annotations on the foreground objects
at some frame in a video clip, and a model predicts the segmentation mask of these
foreground objects at the interactive frame. Then the information of segmentation
mask is propagated to other frames temporally to obtain the object masks in the
entire video. In next turns, the users can draw scribbles on the false positive and true
negative regions to refine the segmentation results on one frame. The user interaction
and mask transference are repeated until the users are satisfied with the segmentation
results. The interactive VOS is efficient and flexible than semi-supervised VOS and
unsupervised VOS because it needs user-friendly annotations on a frame per turn, and
is able to control the final results by repeatedly providing user annotations.

Previous approaches for the interactive VOS [3, 7, 33, 67, 70] have some limitations:
(1) only the global structural information is considered for both interactive mask
generation and mask transference. The scribble-labeled frame and scribbles are directly

taken as the input of neural networks, to extract the global features for generating
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Fig. 4.1 An example of the turn-based interactive VOS. The green and red scribbles
denote the true nagative and false positive regions, respectively. At the first turn, the
user provides green scribbles at frame 58. The model generates the segments of objects
on the annotated frame and transfers the segments to other frames. In the following
turns, the user refines the results by repeatedly drawing scribbles. For instance, at the
second turn, the user draws green and red scribbles at frame 28.

segmentation masks. However, partial information in local regions is important during
transference because local parts between adjacent frames are similar; (2) the inference of
the entire networks [3, 70] is executed for each interactive turn, which is inefficient; (3)
the interaction and transference are conducted using two independent networks [3, 33];
(4) only the results of previous turns are utilized for the new turn, which ignores the
information from multi-turn interactions [33].

Considering the above limitations, we propose a part-aware and unified method
called Memory Aggregation Networks, which is more efficient since the features are
extracted only at the first turn. The interaction and transference operations are unified
into one framework, illustrating the elegance of our method comparing with previous
methods.

Specifically, the interaction and transference networks are unified by sharing an
embedding encoder to extract pixel embedding vectors for each frame in a video. The
embedding encoder extracts an embedding vector for each pixel in a space, in which

pixels located in an identical object are near to each other. After extracting pixel
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vectors, our method predicts masks of user-labeled frame as well as other frames by two
“shallow” segmentation heads with four convolutional layers, respectively. This is more
efficient especially for the turn-based interactive VOS because we only extract pixel
embedding vectors for all frames at the beginning turn. For next turns, we utilize the
pixel vectors and “shallow” heads to predict segmentation masks, which is more efficient
than early works. Moreover, a local part matching approach is adopted to transfer the
mask information across frames precisely. Besides, we propose memory aggregation
modules to accumulate and arrange informative knowledge from all previous interactive
turns. The accumulated information improves the robustness of the predictive masks
and boosts the accuracy significantly.

We evaluate our method on an interactive VOS benchmark at the DAVIS Challenge
2018 [7]. Results show the superiority of our approach than previous state-of-the-arts
without additional Youtube-VOS dataset [99], CRF post-processing [47, 67] or the
optical flow information [33]. Besides, considering the efficiency, our method completes
7-turn interactive operations in 60s while a previous state-of-the-art [70] only completes

5-turn.

4.2 Memory Aggregation Networks with Part and
Whole Matching

For the turn-based interactive VOS task, given user annotations on one frame, the
learned model harvests segmentation masks of the objects in the entire video clip. Users
can refine the results repeatedly on one frame per turn to obtain better masks until
satisfied. Most of the previous approaches [3, 33, 70] only focus on the global structural
information of the frames and annotations, while ignoring the partial feature similarity
of adjacent frames. This dissertation introduces a part-aware model, excavating the
local part matching to precisely transfer the segmentation information through the
previous to the present frame. Our model tackles the interaction and transference in a
consolidated framework.

Fig. 4.2 shows the holistic framework of our method. Our method is composed of
three components: a pixel vector encoder, an interaction branch, and a transference
branch. This pixel vector backbone extracts the pixel embeddings for each frame in
the given video and assigns each pixel a pixel embedding vector. The pixel embedding
vectors construct an embedding space. The purpose of our method is to learn the pixel
vectors close to each other if they are located in the identical object while distant if

they are located in different objects in the embedding space. The interaction branch
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Fig. 4.2 The pipeline of our method, consisting of pixel vector encoder, an in-
teraction branch and an transference branch. The pixel embedding vectors are
extracted by this pixel vector encoder for each frame in one video. The interaction
branch utilizes a “shallow” segmentation head to generate the segmentation results
of the user-labeled frame. While the transference branch employs memory modules
to accumulate the discriminative information and a segmentation head to predict
segments of other frames. For the whole and partial maps, deeper green pixels have
predictive results with higher confidence.

utilizes the users’ annotations and the pixel vectors to generate the segmentation masks
for the interactive frame. The transference branch leverages the mask information of
the interactive frame as well as the previous frame to generate segment results of the
present frame. The interaction branch and the transference branch utilize one identical
pixel vector encoder. The pixel vectors are extracted for the entire video at the first
turn. Thus, it is efficient for our method to predict the object masks in the video. In
this dissertation, we denote the interactive frame where the users draw scribbles as the
it frame (also called the user-annotated frame). We also denote the present frame as
the it frame and the previous frame as the (i — 1) frame. The pixel of the present
frame is denoted as p, while the pixels assigned to the object o in the interactive or
the previous frame as q.

Pixel Vector Encoder. The pixel vector encoder extracts pixel embedding
vectors for each frame in a video. In the learned vector space, the pixel vectors in
an identical object are close to each other and in different objects are distant. We
use DeepLabv3plus [13] with ResNet-101 [28] as our backbone of the pixel vector
encoder. An embedding layer with a 3 x 3 kernel is employed after the backbone to
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Fig. 4.3 Matching operation on the whole map and local part. With regard to a pixel
p in the present frame (the ith frame), we compute distances between p and pixels
assigned to the object label in the interactive frame (whole map) by scribbles or the
previous frame (partial map) by predicted segmentation mask. The nearest neighbor
of the pixel p in the embedding space is utilized to generate the matching map.

reduce the dimension to 100. For the pixel p from the input image, we denote the
corresponding pixel embedding vector as v,,. The embedding space of the pixel vector
v, is an Euclidean space. Following [18, 92], we define a normalized distance between

pixels p and ¢ utilizing the corresponding pixel embeddings v, and v, as

2
_ =
L+ exp(|lvp— Vq||2)

dist(p,q) =1 (4.1)

The function normalizes the distance between p and ¢ from 0 to 1. A smaller number
means a closer distance. Following FEELVOS [92], we construct matching maps
using the pixel distances to build matching maps, which are utilized by “shallow”
convolutional heads to predict the final masks.

Transference Branch. The transference branch transfers the segmentation masks
from the interactive i and the previous (i — 1) frames to the present processing i‘"
frame for predicting object masks. Similar to FEELVOS [92], the whole and partial
matching is used to produce the whole and the partial map, as shown in Fig. 4.3.
Differently, our method employs memory modules to store, accumulate and update the

informative knowledge of matching maps. With the user-annotation turn increasing,
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Fig. 4.5 (a) Memory module for whole matching maps. Whole matching maps
from the transference branch is accumulated as well as updated in this memory
module. (b) Memory module of the partial matching maps and the forgetting
mechanism. The partial matching maps in the transference branch is recorded. partial
maps from the past R turns are used to predict the segmentation masks.

the discriminative information stored in memories becomes more sufficient and robust
to generate accurate masks. This is specially designed for the interactive VOS.
Memory Module for Whole Matching Map. We denote P; as the set of pixels in the
ith frame. Denote IP’: ot 85 the set of pixels labeled as object o in the i*" frame at the
interactive turn t. For pixel p in the set P;, the whole matching map is generated by

calculating the distance between p and the nearest neighbour from ]P’ ot 85 show in
the left of Fig. 4.3. Formally, we have
Wii(p) = min dist(p,q). (4.2)

qc€ %,o,t
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For the semi-supervised VOS, the model is given a groud truth mask at the first
frame. Differently, for the interactive VOS, the users only draw scribbles and only a
small number of pixels is annotated at each turn. Thus, a generated whole map at
one turn contains inadequate information of the whole object, as shown in Figure. 4.5
(a). Therefore, we construct a memory module for storing as well as accumulating the
past whole maps to enhance the discriminative representations from target objects.
Denote MY € R™%"% a5 the whole memory module. The four dimensions of MY
(m,o0,h,w) means total frame number of a video, object number, height and width of
the whole matching maps. The maximum of the whole map is 1, which means the
distance is largest. Thus, the whole map memory M"Y is initialized with the value of 1
and updated by remaining the minimum value of pixels at each turn. Figure. 4.5 (a)
shows the updating procedure of the whole memory. At the turn ¢, for the frame of i,

the writing process of memory MY is

The reading process of the whole memory is simple - we directly use the aggregated
whole map, M}’;.

Memory Module for the Partial Matching Map. The apparent differences between
two near frames are limited. Thus, the local part is similar across frames. We transfer
the predicted segment map from the (i — 1) to i** frame in a local region for each
pixels. Similar to [92], we propose the partial matching map. Denote P;_1, as the
pixels assigned to the object o at the (i — 1) frame. The neighborhood set B(p) is a
set consisting of the pixels at most k£ pixels away from p. Right of Fig. 4.3 shows how
partial maps are generated.

For a pixel p from the it" frame, the partial map P; can be calculated utilizing

Ininqeplg\r_1 . dist(p,q) if IP’ﬁLO # &

Pit(p) = (4.4)

1 else.

PN 1.0 = Pi—1,NB(p) denotes the intersection of the set of pixels from the (i — 1)th
frame P;_; , and the neighbourhood set B(p) around p.

For the interactive frame, the pixels labeled by user-scribbles are reliable. Differently,
the predictive segment masks of the (i — 1) frame are unreliable because of the incorrect
predictions. Besides, the predicted errors will aggregate during the transference

operation. Thus, if the present " frame is temporally distant from the " frame,
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the performance of the predicted segmentation mask drops a lot. Thus, we construct

hohw for storing partial maps. m,t,0,h,w denote the

a memory module M? € R™
frame number, the turn number, the object number, the height and width of partial
maps. We employ M? € R™%0M% 6 directly store the past partial maps from early

interactive turns. The writting process of the partial map memory module is

M?, =Py (4.5)

P;: denotes the partial map of the ith frame.

The local memory reading is processed by directly using the temporally nearest
interactive frame when processing the " frame. Concretely, When processing the
ith frame, we compute the temporal distance between the present i frame and the
user-annotated 2" frame of every turn t, dist; = |i —1;|. We use the closest map
to the user-annotated " frame as the partial map. Nevertheless, we observe that
segmentation accuracy at later turns performs better than the former turns. Therefore,
the present frame utilizing the partial map at turn 8 performs better than using the
partial map at turn 1, although it is temporally distant at turn 8. Thus, we leverage
the closest partial map from the interactive frame at previous 71" turns. Partial maps
of beginning turns will be dropped. T'= 1 indicates we utilize partial matching maps
of the present turn while use no memory module. Formally, denote the final partial

map of frame ¢ at turn t* as P;,t*- The reading process of P;’t* from MP is
fpe =MLt = argmin i — %] and [t —t*| < T (4.6)

The memory mechanism for the partial map is shown in Fig. 4.5 (b).

We propose a transference head composed of four Conv layers to generate the logits
for one object. The input of the transference head is the ensemble of the pixel vector
map, the whole and partial map from memory modules, and the segment mask of the
(i — 1) frame. The logits are concatenated and fed into a softmax layer to produce
the probability map.

Interaction Branch. This interaction branch predicts the segmentation mask
for the user-annotated 7 frame using scribbles drawn by users. As shown in Fig. 4.2, we
assemble the pixel vector map, user-drawn scribbles and the produced segment result of
previous turn to generate the segment result of the 7 frame. A “shallow” segmentation
head is adopted for the prediction.

In turn-based interactive VOS, the interactive frame needs to record the discrimi-

native information of user annotations, to enhance the predicted mask of the identical
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frame at the following turns. However, the annotated scribbles only contain incomplete
information of the missing parts, which may still lead to unsatisfactory predictions for
some challenging regions. To tackle this issue, an enhanced matching map is proposed
to enrich the information of the incomplete scribbles. Because of the similarity between
the annotated pixels within the scribbles and the nearby ones of the identical object in
the pixel vector space, the enhanced matching map is generated and put into the whole
map memory M. Denote P; as the set of all pixels of the interactive i frame and
IP’;O is the set of user-labeled pixels of the object 0. The distance of a pixel p’s nearest
neighbor in P; is calculated to generate the enhanced map. Although we assume that
pixel embeddi’ngs of an identical object should be near to each other, the pixels in a
local region, who represent a similar appearance, are closer than pixels of the same
object far away in the spatial domain. Thus, for a pixel p € P;, we utilize pixels in its
partial neighbor for computing the distance. ¢ is denoted as any pixel in a neighbour
set B(p) of p. B(p) has pixels at most k pixels away from p. Thus, we can obtain the
enhanced map E;(p) with respect to p by

mz’nqepgg\;dist(p,q) if ]P’étfo +

Ei(p) = (47)

1 else.
P;]-VO =P, NB(p) denotes the intersection of the user-labeled set IP; ' and the neighbour
set B(p). As shown in Fig. 4.4, the enhanced map has more informative knowledge of
the targets than scribbles. The enhanced map E; is stored and accumulated in the
whole memory MY. MY is written by

MY, = min(M

® E; ). (4.8)

w
it—1

This memory module is able to boost the segment performance of the interactive frame

at following turns.

4.3 Experiments

4.3.1 Training

The training procedure of our method includes two periods. First, our model is trained
with the backbone and the transference branch. The transference procedure takes as
input three RGB images: the interactive, the previous and the present frames. We

choose three different frames in a video clip to simulate the transferring procedure
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Annotated Frame Original Scribbles in Turn 1 Rough ROI with Annotated Background

.
e
N

Fig. 4.6 At the first turn the scribbles are drawn only on the fore while no scribbles are
on the back. To make our inference consistent for the beginning turn and the following
turns, we employ a coarse region of interest (ROI) by assigning the pixels out of the
region as the background.

for training. One frame is treated as the interactive frame with user annotations.
Another two frames are neighbouring, treated as the previous and the present frame,
respectively. Previous approaches [33, 70] choose to simulate user-annotations for the
interactive frame when training the transference network. These simulated scribbles
are selected from the ground truth. Therefore, the ground-truth masks are actually
utilized with the training iteration growing. Thus, we directly employ the ground-truth
mask for the interactive frame, since the simulation of scribbles is inefficient during
training. We compared the two training strategies and found the performance is similar
in practice.

Second, we fixed the trained pixel embedding backbone and the transference
segmentation head to train the interaction branch. Collecting a large amount of
manually drawn scribbles by users is time-consuming and expensive. Thus, we simulate
scribbles during training the interaction branch. At the beginning turn, we employ the
user scribbles from the train set supplied by the DAVIS dataset [7]. At the next turns,
we simulate scribbles by comparing the predictive masks and the ground truths. At
the first turn the scribbles are drawn only in the foreground while no scribbles are in
the background. At the following turns, both false positive and true negative scribbles
are provided. To address this issue, we utilize the background label as the previous

turn’s segment results for the first turn.

4.3.2 Inference

Following the turn based interactive VOS proposed by DAVIS [7], users only draw
scribbles on the objects while no scribbles on the backgrounds at the beginning turn.
To make our inference consistent for the first turn and the succeeding turns, we employ
a coarse region of interest (ROI) and assign the pixels out of the region as background,
as shown in Fig. 4.6. The coarse ROI involves total positive annotations and is enlarged

to adequate size to involve all of the objects. Firstly, the pixel vector maps of entire
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Single Object

Multiple Objects

Fig. 4.7 The segment masks on DAVIS are visualized. Users’ scribbles are synthesized
by the computer, suggested by [7]. Segmentation masks are selected after 8 turns.

frames are produced by the pixel vector encoder. Then the interaction and transference
branches are used to predict the segmentation results iteratively. For turns after the
first turn, the frame with the worst predicted mask is utilized as the new interactive
frame. The pixel vectors are only extracted once at the beginning turn. At the following
turns, the pixel vectors are used directly by the segmentation heads in the interaction
and transference branch, making our model more efficient than previous approaches.

Implementation and Hyperparameters. We utilize DeepLabv3plus [13] with
ResNet101 [28] as the embedding encoder backbone, and the stride of the output feature
is 4. We downsample the dimension of the output to 100 utilizing one convolutional
layer, whose kernel size is 3 x 3. For both the interaction and transference branches, we
utilize a segmentation head respectively with four depth-wise separable convolutional
layers. The kernel size of these layers are 7 x 7, and the batch normalization and the
ReLU activation is adopted after every convolutional layer. The middle dimension of
the convolutional layer is 256. After that we use a 1 x 1 convolutional layer to predict
logits.

For the partial map generation, the pixel vector map’s dimension is reduced by a
factor of 2. The local window size is set to k = 12, balancing the trade-off between
efficiency and accuracy. A SGD optimizer is utilized for optimization. We use the
adaptive bootstrapped loss [74], utilizing 100% to 15% hardest pixels from step 0 to
step 50000. The learning rate is initialized by 0.0007 and the batch size is set to 2. The

data augmentation strategies, including random scaling, random flipping and random



4.3 Experiments 43

cropping, are used for the input images. The size of the input image is 416 x 416. For
the first training stage, the weights of the DeepLabv3plus backbone are pre-trained on
COCO [56]. The pixel embedding backbone and the transference head are trained on
DAVIS [75] for 100000 steps. For the second training period, we employ a turn-based
training procedure with three turns per loop. Following DAVIS Challenge 2018, we use
only the foreground scribbles at the first turn and both the foreground and background
scribbles at the following turns. We train the second period on DAVIS [75] for 80000
steps.

4.3.3 Segmentation Results

It is difficult to evaluate the interactive VOS quantitatively because different users
draw different scribbles. Thus, DAVIS Challenge et al. [7] utilizes the computer to
simulate user interactive actions.

Qualitative Performance. In Fig. 4.7, the segmentation results on the validation
set of DAVIS2017 are visualized qualitatively. We observe that the proposed model has
the ability of generating precise segmentation masks on both the single and multiple
objects conditions. The 3rd row of Fig. 4.7 shows that our model is able to tackle
the occluded situations. The 4th row of Fig. 4.7 illustrates that when meeting hard
examples, for instance, there are several objects of an identical category which need
to be segmented, and these objects are occluded mutually, our method may predict
error results in similar regions of different objects. One possible reason is that the pixel
embeddings of similar regions are close in the embeddings space.

Quantitative Performance. We evaluate the proposed approach on DAVIS [7],
utilizing the interactive track. In this track, the computer is used to draw scribbles
on the predicted results for 8 turns. The evaluation metrics include the Jaccard at 60
seconds (J@QG60s) and the area under the curve (AUC). Comparison results between our
approach and previous state-of-the-arts are shown in Table. 4.1. Our model surpasses
all previous approaches. Compared with the best competing method Heo [33] based
on the accuracy, our approach outperforms it by around +4.7% AUC. Comparing
with the best competing method Oh et al. [70] based on inference time, the proposed
approach outperforms it by around +2.7% J@Q60s. Different from previous methods,
our method use no bells and whistles, i.e., the CRF post-processing, the optical flow,

or an extra train set YoutubeVOS [99]. Besides, our method can complete 7-turn
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Method +OF +CRF +YV | AUC J@60
Najafi et al. [67] v 70.2% 54.8%
Heo ef al. [33] v | 69.8% 69.1%
Heo et al. [33] v v | 704%  72.5%
Oh et al. [70] v | 691% 73.4%
MA-Net(Ours) 74.9% 76.1%

Table 4.1 Performances of the proposed method and previous approaches on DAVIS
validation set. The performances are sorted based on JQ60. We denote +OF, +CRF,
+YV as adding the optical flow, the CRF [47] post-processing and the extra YoutubeVOS
train set [99].

Partial window size k| 6 9 12 15
AUC 72.4 737 749 7T4.8
JQ60 73.0 75.3 76.1 76.1

Table 4.2 The ablations on partial window size k.

interactions within 60 seconds while previous state-of-the-art [70] can complete 5-turn

only, indicating the efficiency of our method. !

4.3.4 Ablation Studies

Impact of Memory Modules. Ablation studies about the proposed two memory
modules, the whole and the partial memories, are conducted on the DAVIS2017
dataset [75]. Fig. 4.8 and Fig. 4.9 show the ablation studies based on the JQ60 score
when increasing number of turns. Fig. 4.8 shows the methods with/without the whole
and the partial memory modules. No Whole denotes our method without the whole
memory. Thus only the whole maps at the first turn are employed for mask generation.
No Partial denotes our method without the partial memory. The partial matching
map at the current turn is used for mask generation. No Whole and Partial denote
our model without the whole and partial memory modules. Fig. 4.8 illustrates that
both our proposed partial and whole memory modules take effects for the interactive
VOS and boost the performance significantly because of leveraging all user-annotation
information from previous multiple turns.

For the partial map memory module, the partial map nearest to the interactive
frame is utilized in past 7" turns. There exist trade-off situations between selecting

the closest frame and the nearest turn. The segmentation results using the partial

ITo fairly compare the efficiency, we evaluate our method on a 1080Ti GPU, which is the same as
Oh [70].
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078 | —m— Complete
—A— No Partial
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Number of Interactions

Fig. 4.8 The impact of the proposed memory modules. All experiments are conducted
on DAVIS.
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Fig. 4.9 Ablation studies on T in the partial map memory module. T indicates that
partial maps in past 7" turns in the memory module are utilized.

map distant from the interactive frame performs worse because of accumulating the
errors during the transference. Thus we select the partial map at the turn where it is
closest to the interactive frame. However, the segmentation accuracy becomes better
and better with the interaction turns growing. Thus we select the closest partial map
to the interactive frame in past T turns. 7= 1 indicates we utilize the partial map
at the present turn while 7' = 8 indicates we utilize the partial map in all past turns.
As shown in Fig. 4.9, we found that the performance of R > 1 is better than R =1,
illustrating the effectiveness of the partial memory module. We choose T' = 2 where
the proposed model obtains the best segmentation results.

Impact of the Enhanced Map. For the interaction branch, we propose an

enhanced map to enhance the scribbles and store it in the whole memory module. The
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enhanced map stored in the memory can provide useful information for the interactive
frame in next turns. In addition, since the predicted mask of the interactive frame
will affect other frames by transference, thus, the improvements of the user-annotated
frames brought by the enhanced map will bring additional benefits to the other frames
during transference. We did ablation studies about the enhanced map. If we do not
store the enhanced map in the whole memory, the AUC score will decrease from 0.749
to 0.744.

Ablations on the Partial Window Size. Ablation studies about the local
window size k are conducted. Smaller £ makes the inference more efficient because
of fewer computations. Nevertheless, a small £ will influence the performance of the
method. As shown in Table. 4.2, we select k = 12 for best results.

4.4 Conclusion

Interactive VOS aims to segment objects in an entire video clip when the user an-
notations are provided, for instance, scribbles. We propose a unified and efficient
framework to address the interactive VOS. Our model is composed of three parts, the
pixel vector encoder, the interaction and the transference branches. These interaction
and transference branches share the pixel vector encoder, making our model more
efficient than previous approaches. Besides, we employ two memory modules to store
and accumulate the informative knowledge of users’ annotation and predictive results at
previous turns, boosting the segmentation performance. A future work of our method
is improving the interaction branch by further augmenting the user annotations (e.g.,
scribbles). For instance, the scribbles and the predicted edge information can provide

more sufficient informative knowledge to generate masks with higher quality.



Chapter 5

A Generic Bayesian Framework for

Few-shot Image Classification

5.1 Introduction

The chapter presents a generic Bayesian framework for the few-shot image classification.
The purpose of few-shot classification is adapting new tasks after seeing a few examples.
For the few-shot image classification, models are learned with the support set and
evaluated with the query set for one task. As all we know, the deep learning models
are eager for massive labeled data. However, the few-shot image classification is short
of data with labels and introduces nondeterminacy. Thus, a robust deep model for
the few-shot classification needs the ability of predicting accurate results, as well as
reasoning about the uncertainty. Concretely, the deep model is able to predict the
confidence score of the results accurately - a lower confident score should be predicted if
the classification result is unreliable. Good uncertainty estimation can also be applied
to distinguish out-of-distribution examples and thus helps to avoid making incorrect
predictions. Besides, some few-shot classification approaches endure the overfitting
problem [83, 91] during training because of the lack of data.

Bayesian methods have the ability to address the mentioned problems and estimate
the uncertainty [11, 59, 73, 82|. Previous Bayesian methods [20, 78, 104] are usually
based on an optimization-based framework, model-agnostic meta-learning (MAML) [20].
For each task, these methods need to adapt the meta parameters to the posterior
distributions over the task-specific parameters by optimization. The optimization with
back-propagation during the inference is time-consuming and needs more GPU-memory.

Metric-based few-shot learning methods [83, 89, 91] aim at learning an embedding

space in which representations of the identical class are close and vice versa. These
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methods need no additional parameters optimization during inference, which is simpler
than optimization-based algorithms. In our proposed framework, a Bayesian model
is developed to build the relationship between the query and gallery set utilizing a
discriminative function. Thus, there is no need to optimize the parameters when
testing.

A key challenge is that the computation of posterior distribution is usually difficult
because of the unavailable integral term. Recently, some approximation methods for
deep neural networks [4, 43, 60] have been proposed. In this dissertation, we employ
recently proposed natural-gradient variational inference (NGVI) [36, 43, 73] to estimate
the posterior distribution over neural networks’ weights. Natural-gradient update
exploits the Riemannian space and reforms the dissimilarity of distributions to make
the models converge fast.

Different from early deep models for the few-shot classification, our Bayesian
method promotes the ability of estimating the uncertainty. Different from previous
Bayesian few-shot classification approaches, our approach is more efficient because of
no back-propagation operations during testing. Our proposed Bayesian framework is
generic, and most metric-based few-shot classification approaches can be adapted to our
framework. In this dissertation, we employ the Prototypical Networks (ProtoNet) [83]
as the base model to evaluate our method. However, our model is able to be applied
to other metric-based models (e.g. GNN few-shot model [22]).

Extensive experiments are conducted to show the effectiveness of our Bayesian
model. On two few-shot classification datasets, i.e., minilmageNet and Few-Shot
Cifar-100 (FC100), the results show the superiority of uncertainty estimation over the
baseline, ProtoNet, and previous Bayesian few-shot classification approaches. Moreover,
our model shows superior robustness to adversarial attacks, and alleviate overfitting
when training. For the predictive accuracy our model can achieve similar or better

results compared with previous methods.

5.2 Preliminaries

The section introduces the preliminary knowledge about the few-shot image classifi-
cation and an approximation method for the estimation of the posterior distribution:
natural-gradient variational inference (NGVI).
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5.2.1 Few-Shot Image Classification

In the few-shot image classification, one task 7 is composed of a support set S; =
{(x1,21),..., (Xar, 2ar) } of M labeled image and a query set Qr = {(x},2]), ..., (X}, 23}
of M’ labeled image. x;,X] € RP is a D-dimensional vector representing an image while
2,20 €{1,...,C} is the corresponding category label. We denote X, = (x1,...,xa7)"

T as the labels of S;. Similarly, we denote

as the images of Sy and z; = (z1,...,21)
X! = (x],....x)T and z = (2],...,24;)T as the images and labels of Q. The few-shot
classification aims to recognize the class of images from the query set Q. given the
labeled support set S;. If the support set O, has C' classes and each class contains K
data points, this setting is called the C-way-K-shot classification tasks.

Few-shot learning models are commonly learned by sampling tasks from a dataset.
Each few-shot learning task, consisting of a support set and a query set, is named an
“episode”. Each episode is sampled randomly from a dataset and used to train the
few-shot learning models. We split the dataset of tasks into a training set 7, a test set

£, and a validation set V.

5.2.2 Natural-Gradient Variational Inference

It is hard to calculate the posterior distribution of weights from a neural network
directly. Thus, approximate methods have been proposed to estimate the posterior
distribution, including MCMC methods [68] and variational inference [4, 60]. Varia-
tional Inference(VI) has advantages of efficiency and simplicity, which is used in this
dissertation.

Suppose to utilize the variational distribution ¢,(6) to approximate the posterior
distribution p(@|D). Then the objective is:

L(n) = —Ey[logp(D|6)] + Dkr(4n(8)[|p(8))- (5.1)

Denote D as the observed data points and 7 as the variational parameters of g(8).
We employ a recent variational inference method, the natural-gradient variational
inference (NGVI) [36, 43, 44]. Denote n as the natural parameter and m denotes
the expectation parameter and assume the variational distribution g¢,(8) takes the
exponential-family form. With the assumption that the exponential-family is in minimal
representation, there is a one-to-one mapping between 1 and m. The relationship
between 1 and m is
F(n) 'VpL=VmL, (5.2)
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where we denote the Fisher information matrix as F(n). According to the mirror
descent framework [44], we have the natural-gradient descent in the natural-parameter
space:

N1 =M — 5tF(77)71V1;£ =1 =5 VmL. (5.3)

B¢ is the learning rate in iteration ¢.

According to Equation (5.3) we found that the gradient is calculated by the expect
parameters m while the update step is conducted in the natural-parameter space. The
natural-gradient VI exploits the Riemannian space of ¢(@), which is more advanced
than m in the Eulerian space because of correcting the measure of the dissimilarity of
distributions.

Suppose that ¢(@) is a Gaussian distribution, with hyperparameters g (mean) and
¥ (convariance). We utilize the mean-field approximation for the Gaussian distribution,
which means the covariance matrix is a diagonal matrix: ¥ = diag(a?).

The natural parameters 7 and the expectation parameters m of ¢(8) can be written
as:

M =27 n® .= —;2_1 (5.4)

mY =E 0] = p,M® .= [607] = uu” + Z. (5.5)

Then Equation (5.3) can be written as:

015_431 = 075_2 + QBt[va'z‘Ct]v

2 (5.6)
Hir1 = Py — /Btat+1[v“£t].

Note that the derivative of a2 needs to calculate the Hessian matrix of the objective,
which is complicated. Thus, we utilize the Variational Online Gauss-Newton (VOGN)
method [43] using the Generalized Gauss-Newton approximation, which approximates

second-order gradient with the square of the first-order gradient.

5.3 Metric-Based Bayesian Framework

We propose a metric-based Bayesian framework to directly model the support and
query set without complicated back-propagation for each task. Therefore, we consider
a discriminative model which predicts a probability distribution p(Qr|Sx,8) of the the
query set Q. given the support set S; and the model parameter 8. Denote 7 as one

task. We aim to acquire the posterior distribution of model parameters p(@|D) where
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D ={(Sr,Qx)|m €T} and T is the training set of tasks. After obtaining p(@|D), we
can predict the query set label by p(Qr|Sx,D) = [ p(Qx|Sx,0)p(8|D)d8. According to

the Bayes theorem, the posterior distribution of the model parameters is

p(612) o TT Q51 0)p(0) (5.7)

We denote p(@) as the prior distribution of the model parameters. p(Qr|Sr,0) :=
p(zl | XL, X, 27,0) denotes a discriminative model, predicting the results of the query
label by the support set and the model parameters. The metric based few-shot learning
approaches can serve as the discriminative model, without complete task-specific
optimization over the support set S, during inference.

In this dissertation we adopt a variational distribution ¢(6) to approximate the

posterior distribution p(@|D) by the natural-gradient VI method.

5.3.1 Objective Function

To approximate the posterior distribution p(8|D) by ¢(8), the KL-divergence between

the two distributions is minimized. Formally, the objective function is
L(q(8)) = Dxi(q(8)|[p(6|D))

= Dky <Q(0) II P(Qn|37r,0)19(0)) +C

weT

q(0) (5.8)
Mooy 20157 00p0)

= —Egq0) D 108p(Qr|Sx,0)
TeT

+Dx(q(0)[[p(8)) +C.

= Equ(g) 10g

From Equation (5.8), two terms except for the constant C' need to be optimized. One
is the log-likelihood function over the query set Q. while another is the KL term of
the prior and the posterior distribution.

For the likelihood term, we adopt metric-based few-shot learning methods [81, 83, 91]
to model the likelihood function p(Qr|Sx,8), since the metric-based methods directly
model the relationship across the support set S; and the query set Q. For the KL
term, we suppose the prior distribution p(8) as a Gaussian distribution, with mean
0 and the covariance I: p(0) = N (6]0,I). We use the natural-gradient VI method
(Equation (5.6)) to optimize the loss function Equation (5.8).
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For the training procedure, the parameters are sampled at step ¢, 8; ~ N'(8|u;, diag(a?)),
utilizing the Reparametrization Trick [46]. The we optimize our model by updating the
variational parameters p and ¢ using Equation (5.6). The gradients are calculated
using the VOGN [43] method. For the testing procedure, we learn an optimal varia-
tional posterior, N'(0|u*,diag(a?*)), and sample parameters 6 from this distribution.
We adopt p(Qr|Sx,0) to predict the distribution of the query set. The training and
testing algorithms are shown in Algorithms 1 and 2.

The reason why we employ the natural gradient VI method is it exploits the
Riemannian space of ¢(f) and converges faster. To illustrate the effectiveness, we
compare our method with another optimization method, Bayes by Backprop (BBB) [5].

Please refer to Section 5.4 for the ablation results.

5.3.2 Model Architecture

Our proposed Bayesian framework is general and any discriminative model that directly
takes as input the support set S; and outputs the query set Q. can be applied in our
framework. Recently, some metric-based few-shot classification models [81, 83] have
been proposed and applicable to our Bayesian framework. We adopt ProtoNet [83] to
model the likelihood function p(Qx|Sr,0) in this dissertation. Extensive experiments
on our model with ProtoNet backbone are conducted. To show the generalization of
our framework, we employ another metric-based few-shot classification method, the
GNN few-shot learning model [81], as the likelihood function.

ProtoNet-based model. ProtoNet generates a prototype p. € RM for each class
¢ by an embedding function hg(x;):RP — RM  where 6 denotes the model parameters.

The prototype for a class ¢ is computed by averaging the embeddings of the support

images:
1

SC)
|S7T |(

Y. he(xi), (5.9)

X3 7y2)€S7§rC)

DPc

(c)

where we denote Sy~ as the support images of class c.

We employ the Euclidean distance function d(-) as the distance metric. ProtoNet
produces a distribution over classes for a query point x’ by the softmax over distances
to the prototypes in the embedding space:

exp(—d(hg(x), Pc))

po(y' = c|x',Sr) = S exp(—d(hg(x) po)) (5.10)
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Thus, we can have the likelihood function by estimating p(Qr|Sx,8),

p(QxISr0)= [ pe(v|x . Sx). (5.11)
(x',y")~Qnr

GNN-based model. Here we adopt another metric-based few-shot learning model,
the GNN few-shot model [81]. Graph neural networks are based on the local operators
of a graph G = (V, E). Takes as input Z¥ € RY*% on the vertices of a graph G at layer
k, and adjacency operators A, a GNN layer Ge(-) outputs results for the next layer
Zk+1 c RVXdk-H by

ZF = p( S BZ"0B). (5.12)
BeA
Denote 0 € R%*%+1 a5 the optimization parameters and p(+) as a point-wise non-

linearity. A multilayer perceptron is adopted to learn the adjacency operator A*,

A}, = MLPy(abs(Z} — 7)), (5.13)

and the adjacency familay A = {A* 1}.
We build a node of the graph by taking as input the concatenation of the embedding

vector of the image x; and the one-hot encoding of its label y; in the support set S,

where 9(+) is convolutional neural networks while A(-) is a one-hot encoding operator.

For an image X} from Q, the node is the concatenation of the embedding feature and a
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uniform distribution. A softmax layer is adopted to the output node of the images in
Q, which predicts p(Qr|Sx,0). please refer to [81] for more details.

Algorithm 1: Training
Input: Dataset D, Sample number M, Learning rate [

Initialize pg, 03
p(6) =N(6]0,1)
while not done do
Sample batch of episodes {S;,Q;} ~D
for i=1to M do
Sample 0; ~ N (8|p;,diag(07))
Evaluate Vﬁttﬁt(Sj, Qj,ai)avi-%ﬁt(sjv ijoi)l
end for
VLo =27 ity Vi, Ly
Ve le= 37 Yity VoLt
update:
0't_+21 = 0';2 —I—Q@j[anﬁt]
Bir1 = My — 5t0%+1[vﬂﬁt]
end while

Algorithm 2: Evaluation
Input: Support set Sy, Query Set Q;, Sample number M, Learned variational

distribution N (0|u*, diag(a?*))
for i =1 to M do
Sample 0; ~ N (8|u*, diag(a**))
Compute p(Qr|Sr,0;)
end for

p(QW|S7T) = ﬁ Zi]\ilp<Qﬂ'|Smai)

5.4 Experiments

Our metric-based Bayesian framework is evaluated on the few-shot image classification.
We employ ProtoNet [83] as our baseline since our framework utilizes ProtoNet as the
backbone. Thus, for a fair comparison, we utilize exactly the same architecture as
ProtoNet.

1Vﬁtt£t and Vizﬁt are approximated by first-order and square of first-order derivative with respect

to sampled 6;.
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Besides, we compare our method with some other Bayesian few-shot learning
methods [20, 25, 78, 104] on both accuracy and uncertainty metrics. The uncertainty
metrics include the negative log-likelihood, calibration curves, and entropy of out-of-
distribution examples. Moreover, in the experiments, our model shows the robustness
against adversarial attacks compared with the baseline, and shows the superiority of
preventing overfitting. Finally, our model achieves competitive or better predictive

accuracy than previous state-of-the-art approaches.

5.4.1 Datasets

Two datasets are used for the few-shot image classification:

minilmageNet [91] is derived from ImageNet [16] by Vinyals et al., which is
specifically designed for the few-shot classification problem. It consists of 600 84 x 84
images for 100 classes randomly selected from ImageNet. We split minilmageNet with
64/16/20 classes for train/val/test set following Ravi [79)].

FC100 [72] is a few-shot classification dataset derived from CIFAR-100 [48]. It is
a challenging dataset because of the low resolution. It consists of 600 32 x 32 images
for 100 classes. We follow one previous paper [72] to split it with 60/20/20 classes for

train/val/test set.

5.4.2 Experiments Setting and Implementation Details

We use the 1-shot 5-way, 5-shot 5-way and 5-shot 10-way settings on FC100, while
1-shot 5-way and 5-shot b-way classification settings on minilmageNet. The baseline,
ProtoNet, trains the model by a higher way (30-way episodes during training for 1-shot
5-way classification and 20-way episodes during training for 5-shot 5-way classification).
We train our model with the same settings to fairly compare with ProtoNet. We use
Adam [45] to optimize ProtoNet following the original paper [83].

We employ the same architecture as our baseline, ProtoNet [83], which consists of
four convolutional blocks. Each block is composed of a 64-filter 3 x 3 convolutional layer,
a batch normalization layer [41], a ReLU layer and a 2 x 2 max-pooling layer. When the
input size is 84 x 84 (minilmageNet), the dimension of the embedding feature is 1,600,
while when the input size is 32 x 32 (FC100), the output dimension of the embedding
feature is 256. It is fair to compare our method with previous Bayesian [20, 25, 78, 104]
methods because the four-convolution architecture is the same.

We employ VOGN [43] as the optimization method. We set the learning rate
as 0.01, which is decreased by a factor of 10 every 10,000 iterations. The number
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Table 5.1 Negative Log-likelihood (NLL) results on minilmageNet and FC100. Lower

is better.

Method minilmageNet FC100

1-shot,5-way  5-shot,5-way | 1-shot,5-way  5-shot,5-way 5-shot,10-way
MAML [19] 1.370+0.022  1.108+0.011 - - -
Amortized VI [25] 1.3284+0.024  1.165+0.010 - - -
VERSA [25] 1.1834+0.023  0.859+0.015 - 1.253+£0.018  1.89440.009
ProtoNet(baseline) [83]  1.227+0.020  0.854+0.017  1.606+0.016 1.321+0.015 2.01340.011
BBB[5] 1.23240.016  0.862:0.015 - -
Ours 1.214+0.016 0.812+0.013 1.500+0.012 1.1994+0.011 1.810+0.008

of total iterations is 30,000 for minilmageNet, while 20,000 for FC100. We sample
an episode from the dataset with 15 queries per class for an iteration. During the
training process we evaluate our dataset on the validation set and employ the early-
stop strategy, which means we select the model that achieves the best performance
on the validation set. The hyperparameters of the distribution of model parameters
are initialized with mean p = 0 and precision % = 10. Following previous Bayesian
few-shot approaches [25, 78], we sample parameters 10 times from the distribution for
training and testing, respectively. To optimize the objective function in Equation (5.8),
we need the total number of tasks 7. However, for the few-shot classification, tasks
are sampled from a train set and the amount is exceedingly large. Considering the
limited training iterations, we can only use a subset of 7. It is difficult to estimate the
subset. So we view the amount of the subset as a hyperparameter. We set the task
size 100,000 for minilmageNet and 10,000 for FC100.

5.4.3 Uncertainty Estimation

We propose a probabilistic model for the few-shot classification, which has the ability
of reasoning about the uncertainty. In this section, we compare our model with
the baseline and previous Bayesian few-shot learning approaches on several metrics,
including Negative Log Likelihood, Calibration and Entropy of Out-of-distribution
Examples. Then we illustrate the classification accuracy curve of the train and test set
when training, demonstrating that our model alleviate the overfitting phenomenon.
Negative Log Likelihood. Log likelihood is a common uncertainty metric. Lower
negative log likelihood (NLL) means better uncertainty estimation. We randomly
select 600 episodes, while each episode consists of 15 query samples per class. The

total number of test samples is N;s; = 600 x 15. For a image x; € Q we denote
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Fig. 5.1 Comparison between our approach and previous state-of-the-arts on the
calibration curves and error scores. Bars closer to the diagonal line or lower ECE/MCE
means better calibrated. Bars under the diagonal line or over the diagonal line indicates
overconfidence or underconfidence, respectively.

a corresponding true label z;, a 1-of-K encoded vector. We denote the predicted
probability of a category c¢ for an image x; as p;., where ¢ € 1,...,C. The negative log
likelihood of test set is NLL := — Ntlest ZZN;i“ zgle Yiclog Dic.

The results on NLL are shown in Table 5.1. We compare our proposed model
with MAML [19], the baseline (ProtoNet) [83] and Bayesian methods (Amortized VI
and VERSA) [25]. Our method obtains similar or lower NLL than other methods on

two few-shot learning datasets, illustrating the superiority of our method over this

uncertainty estimation.

Calibration. The ability of reasoning about the uncertainty means the models
can obtain informative confidence scores - the predicted probability of one class label
corresponds with how likely this prediction is correct. The calibration curves [27] are
used to evaluate the calibration of a model. The calibration curves are functions of the
expected accuracy given the confidence as input. If the bars of the calibration curves
are close to the diagonal curve, the predicted confidence of a class label is close to its
ground truth accuracy, which means the model is well-calibrated.

In addition, we also employ two metrics, Expected Calibration Error (ECE) and
Maximum Calibration Error (MCE) [66], to assess the calibration. The ECE score is
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Table 5.2 Comparison about Adversarial Attacks on minilmageNet.

Method 1-shot,5-way 5-shot,5-way

Origin Input Attacked Input Origin Input Attacked Input
MAML [19] 48.7+1.84 1.4740.19 63.114+0.92 1.80+0.25
VERSA [25] 53.40+1.82 6.05+0.44 67.371+0.86 7.22+0.38
ProtoNet(baseline) [83] 49.42+0.78 1.68 +0.18 68.20+0.66 1.92+0.20
Ours 50.3240.82 8.5040.37 68.64+0.67 9.034+0.38

measured by weighted-averaging the bins’ accuracy /confidence difference, while the
MCE score means the biggest bins’ accuracy/confidence difference. The comparison be-
tween our approach and the baseline (ProtoNet) and previous state-of-the-art Bayesian
methods (PLATIPUS [20], AML [78] and VERSA [25]) on the calibration is shown in
Fig 5.1. The results show that our Bayesian framework performs better on the model
calibration, compared with the baseline and previous Bayesian few-shot classification
models [20, 25]. Compared with AML [78], although it is slightly better calibrated
than ours, its classification accuracy is much lower than ours (45.0% vs. 50.3% for
1-shot 5-way setting).

We observe that for the non-Bayesian method (MAML [19], ProtoNet [83]) the
bars are under the diagonal curve, which means these methods tends to predict
classification results overconfidently. Bayesian methods have the potential to relieve
this overconfidence phenomenon. A competitive Bayesian method, VERSA, predicts
the results underconfidently (bars over the diagonal curve). Our approach obtains a
balance that makes our model well-calibrated.

Entropy of Out-of-distribution Images. A robust model with a good ability to
estimate uncertainty can tackle the examples of unseen classes properly. A good model
should be uncertain about unseen images. For example, given a 10-way classifier, an
example sampled from unseen classes should be predicted to each class with confidence
of %, which means the classifier does not know how to identify the out-of-distribution
image.

We propose the entropies on the out-of-distribution examples to evaluate the quality
of uncertainty. Higher entropies mean better uncertainty. The uniform distribution
indicates the highest entropy for the classification task. Similar to one previous
paper [60] we employ the empirical CDF of entropies on out-of-distribution images to
evaluate the performance. The CDF curve towards the bottom-right is better because

the rate of the high confidence result on out-of-distribution images is low. 2000 out-of-
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Fig. 5.2 The empirical CDF of entropies for the out-of-distribution examples. Ccloser
to right-and-bottom means better uncertainty estimation.

distribution images are selected from the test set. For an out-of-distribution image
X;, we denote the probability of class ¢ for x; is p;c., where ¢ € 1,...,C. The entropy
is computed by H(x;) = — chzl piclogpic. Fig 5.2 shows the comparison between our
Bayesian method and ProtoNet & MAML. Our method predicts better uncertainty

results on out-of-distribution images.

5.4.4 Comparison about Adversarial Attacks

Adversarial attacks add small perturbations to input images and significantly affect the
performance of neural networks. We conduct experiments to show the robustness of
our method against adversarial attacks. We employ the FGSM [24] method to attack
our Bayesian model and competitive methods (the baseline, MAML and VERSA).
600 episodes from minilmageNet are sampled and the perturbations are added to the
sampled images. The magnitude of the attack perturbation is 0.05. Table 5.2 shows
that our model is more robust to attacks compared with the competitive methods.
Specifically, our model achieves +7% higher than the baseline (ProtoNet), indicating

that the Bayesian model is more robust than the non-Bayesian models.



5.4 Experiments 60

5.4.5 Comparison about Overfitting

We compare the classification accuracy curve of the train and test set when training
between our approach and the baseline. In Fig 5.3, the black and red line denotes
the classification accuracy of the train and test set, respectively. We found that the
baseline method trained by Adam [45] is easy to overfit to the train set, because the
accuracy of the train set improves fast well the accuracy of the test set drops quickly.
Differently, our Bayesian method prevents overfitting, since the accuracy of the test

set becomes higher with the accuracy of the train set growing.

5.4.6 Image Classification Accuracy Results

Tables 5.3 shows the classification accuracies on two few-shot learning datasets,
minilmageNet and FC100. Following ProtoNet, we sample 600 episodes to evalu-
ate the test set and for each episode, every class contains 15 query images.

In Table 5.3, the first /second /third /fourth group contains non-Bayesian approaches,
other Bayesian methods, our baseline, ProtoNet, and our method (BBB means Equa-
tion (5.8) optimized by Bayes-by-Backprop), respectively. In the left of Table 5.3,
our model achieves competitive or better classification accuracy than other Bayesian
methods on minilmageNet, which indicates that our model learns a deep network
predicting more robust prototypes.

The right of Table 5.3 shows the comparison between our approach with the
ProtoNet baseline and a Bayesian few-shot learning approach, VERSA [25] on FC100.
Results show that on 1-shot 5-way, 5-shot 5-way and 5-shot 10-way settings, our model
surpasses the ProtoNet baseline and VERSA significantly.

5.4.7 Ablation Study

Comparison with Bayes-by-Backprop. NGVI [44] exploits the Riemannian space
of ¢(@), corrects the measure of the dissimilarity of distributions and has better
convergence. We conduct experiments on NGVI and a previous optimizer for the
Bayesian networks, the Bayes-by-Backprop (BBB) [5]. Different from NGVI, the BBB
method exploits the Euclidean space. Experiments are conducted on minilmageNet
utilizing 1-shot, 5-way, and 5-shot, 5-way settings. BBB and NGVI use the same
training and testing strategies for a fair comparison.

For the uncertainty estimation, in Table 5.3, NGVI achieves a better NLL score
than BBB. Fig 5.4 shows that the NGVI optimization makes the Bayesian model better
calibrated. The model optimized by BBB tends to predict under-confidence results
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Fig. 5.3 Comparison about the overfitting phenomena on FC100. The black and red
lines denote the accuracy of the train and test set, respectively.
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Fig. 5.4 Comparison on the model calibration between BBB [5] and NGVI [36].

(bars over the diagonal curve). For the classification accuracy, the model optimized by
NGVI achieves better performance than BBB, as shown in Table 5.3.

Impact of the Sampling Number. In the experiments, we sample the parame-
ters from the distribution ¢(@) 10 times for both training and testing processes, which is
the same as the competing Bayesian methods [25, 78]. Here we conduct ablation studies
on the sampling number when testing. We sample the parameters 1,3,5,10,15,20
times, and show the impact of the sampling number. Fig. 5.5 (1st row) illustrates
that the test sampling number M affects the accuracy. With the sampling number
growing, the classification accuracy increases. The accuracy increases faster when
M < 10. When M > 10 the performances are similar. Fig. 5.5 (2nd row) demonstrates
that the sampling number M affects the calibration score. The 1-shot, 5-way setting
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Table 5.3 Comparison of accuracy on the minilmageNet dataset and the FC100 dataset.
Group 1,2,3,4 denote non-Bayesian approaches, Bayesian approaches, the baseline of
ProtoNet and our approach.

Method minilmageNet FC100*

1-shot,5-way  5-shot,5-way | 1-shot,5-way 5-shot,5-way 5-shot,10-way
Matching Nets [91] 46.6 60.0 - - -
MAML [19] 48.7+£1.84 63.11£0.92 - - -
Meta LSTM [79] 43.441+0.77 60.60+0.71 - - -
PLATIPUS [20] 50.13+1.86 - - - -
AML [78] 46.00+0.60 - - - -
VERSA [25] 53.40+1.82 67.37+0.86 36.76+1.82 49.46+0.88 33.06+0.58
ProtoNet(baseline) [83]  49.424+0.78 68.20+0.66 ‘ 36.36+0.62 48.58+0.65 34.0240.42
BBBI5] 49.3510.74 67.2940.66 - - -
Ours 50.32+£0.82  68.64+0.67 | 37.79+£0.67 52.24+0.69 35.63%0.41

and 5-shot, 5-way setting show different patterns. On the 1-shot, 5-way setting, larger
M means better calibration. Differently, on the 5-shot, 5-way setting, with M growing,
the ECE score shows a “V-shaped” pattern. One possible reason is that when M is
small (M =1,3,5), the predicted results are overconfident since the accuracy is two
low when only providing one example per class (1-shot) while the confidence is high.

Another Model Architecture (GNN). We change the backbone of our Bayesian
framework from ProtoNet to GNN, and the experiments are conducted on minilmageNet
under the 1-shot, 5-way setting. The training and testing strategies for our model are
following the GNN few-shot model [81]. We compare the uncertainty estimation and
the classification accuracy between our model and GNN few-shot model. The details
about the training and testing strategies are shown in [81].

Negative Log Likelihood (NLL). NLL is an uncertainty metrics and lower NLL
means better uncertainty estimation. For the 1-shot, 5-way setting on minilmageNet,
our model achieves 1.2144+0.017 NLL score while GNN achieves 1.334 £0.020. Our
model outperforms GNN by 0.12. This demonstrates that our model is effective in
reasoning about uncertainty using another backbone model.

Calibration. Fig. 5.6 (a) compares our method with the GNN method on the model
calibration. The results show that our model is better calibrated than GNN, and ECE
of our model is 0.0789 lower than GNN. Besides, Fig. 5.6 (a) also illustrates that the

predictions of GNN are overconfidence while our model depresses this phenomenon.



5.4 Experiments 63

1-shot, 5-way 5-shot, 5-way
52 70
4 - ] - I
*] /._.’—_ - ] /—'_ -
48] 65 — inil "
1| == minilmagenet ] ?én‘lorgagene
— ]| -
.67 | -=~ FC100 -
e g
i o
3 |
© 42 Q
E 4 Q
40 <C 55
38 ]
i 50 -]
36 | -— ]
34 — ]
5 s e s N I BT T T T T T T T T T T T T T T T T T T 71
012345 67 8 9101112131415 1617 1819 20 21 01234567 891011121314151617 18192021
Test Sample Number Test Sample Number
0.18 0.08 —
016 g | == minimagenet vor| | —e= minilmageNet
i -=~ FC100 = -=- FC100
014 0.06
0.12 - 1
N 0.05 —
W 0.1 - 8 J
. 0.04 —
W o.08 - i} |
T 0.03 -
0.06 | |
0.04 0.02
OA02—7 0.01 -
U\I\III\IIII\I\IW\\II O\I\IIII\I\I\I\IIIIIII\
01234567 89101 121314151617 18192021 0123456789 1011121314151617 18 19 20 21
Test Sample Number Test Sample Number

Fig. 5.5 Impact of the Sampling Number on the accuracy (1st row) and the ECE score
(2nd row).

Entropy of Out-of-distribution Images. We conduct ablations on the out-of-
distribution images. We randomly sample 2,000 out-of-distribution images from
the test set in minilmageNet, and compute the entropies of the images. Fig. 5.6 (b)
illustrates the CDF curve of the entropy. CDF curve towards the bottom-right is better.
Results show that our model achieves higher entropy and is more uncertain about the
out-of-distribution images.

The results on the above uncertainty metrics demonstrate the superiority of our
Bayesian model about the uncertainty estimates even if we change to another discrimi-
native model.

Classification Accuracy. Our Bayesian model achieves better classification accuracy
than the GNN model with 50.80+0.34 v.s. 50.33 +£0.36. This results show that our
model can achieve not only better uncertainty estimation but also better classification
accuracy than the GNN model.
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5.5 Conclusion

This dissertation proposes a metric-based Bayesian framework to address the few-
shot classification problem. Compared with MAML-based Bayesian methods, our
method directly models the discriminative model to predict the query set given support
set, without task-specific optimization. We employ a natural-gradient VI method to
optimize the objective function. We use the ProtoNet as the discriminative model.
However, our proposed Bayesian framework is generic and easy to extend to other
metric-based few-shot learning models. Extensive experiments are conducted and
our model achieves comparable or better performance than previous state-of-the-arts,
including both the classification accuracy and the uncertainty estimation. Moreover,

our model is more robust against attacks and prevents overfitting.



Chapter 6
Conclusion

Recently, deep learning models are adequately developed for vision applications. In
this dissertation, I mainly focus on two limitations of the deep models. First, most
early works employ the global representation extracted by deep models to tackle the
vision problems and ignore the discriminative partial representations. Second, deep
learning models are eager for massive labeled data, which is inefficient or expensive
to acquire. Thus, the lack of labeled data will introduce uncertainty inherently. A
robust model needs to not only predict accurate results but also reason about the
uncertainty. This dissertation presents the part-aware and robust deep learning-based
models for three vision applications, the occluded person re-id, the interactive video
object segmentation, and the few-shot image classification.

For the occluded person re-id, I propose to partition the feature map into partial
features, and use pose keypoints to indicate the visible parts and the occluded parts.
The visible keypoints are utilized to generate the spatial attention maps and re-calibrate
the channel responses for the feature map. During inference, the part-aware features in
the common visible region between the query and gallery images are used to compute
the distances.

For the interactive video object segmentation (VOS), I propose a part-aware and
unified framework for both interaction and transference. The information is passed
to the present processing frame from the interactive frame and the previous frame. I
first extract the pixel embeddings and compute the distance of pixel embeddings in a
local part or the global map. The global and local maps are utilized for generating the
segmentation masks. Besides, I propose memory modules to aggregate the information
from previous interaction rounds.

For the few-shot image classification, a metric-based Bayesian framework is presented

in the dissertation. I adopt a discriminative model that takes as input the support set
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to predict the label of the query set, without optimization during inference. I employ
a natural-gradient VI method to approximate the posterior distribution of the network
parameters.

In the future, I will continue focusing on the part-aware models for vision applica-
tions, especially for video applications. Objects in adjacent frames show the similarity
in parts. Thus, an excavation about the partial similarity is necessary to generate more
robust and discriminative representations, which will benefit the down-stream vision

tasks.
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