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Skeleton Prototype Contrastive Learning with
Multi-Level Graph Relation Modeling for
Unsupervised Person Re-ldentification

Haocong Rao, Chunyan Miao

Abstract—Person re-identification (re-ID) via 3D skeletons is an important emerging topic with many merits. Existing solutions rarely
explore valuable body-component relations in skeletal structure or motion, and they typically lack the ability to learn general
representations with unlabeled skeleton data for person re-ID. This paper proposes a generic unsupervised Skeleton Prototype
Contrastive learning paradigm with Multi-level Graph Relation learning (SPC-MGR) to learn effective representations from unlabeled
skeletons to perform person re-ID. Specifically, we first construct unified multi-level skeleton graphs to fully model body structure within
skeletons. Then we propose a multi-head structural relation layer to comprehensively capture relations of physically-connected
body-component nodes in graphs. A full-level collaborative relation layer is exploited to infer collaboration between motion-related body
parts at various levels, so as to capture rich body features and recognizable walking patterns. Lastly, we propose a skeleton prototype
contrastive learning scheme that clusters feature-correlative instances of unlabeled graph representations and contrasts their inherent
similarity with representative skeleton features (“skeleton prototypes”) to learn discriminative skeleton representations for person re-ID.

Empirical evaluations show that SPC-MGR significantly outperforms several state-of-the-art skeleton-based methods, and it also
achieves highly competitive person re-ID performance for more general scenarios.

Index Terms—Skeleton Based Person Re-ldentification; Unsupervised Representation Learning; Multi-Level Skeleton Graphs;

Skeleton Prototype Contrastive Learning

1 INTRODUCTION

ERSON re-identification (re-ID) aims at identifying or match-
P ing a target pedestrian across different views or scenes, which
plays an essential role in safety-critical applications including
intelligent video surveillance, security authentication and human
tracking [1]-[9]. Conventional studies [10]-[16] typically utilize
visual features such as human appearances, silhouettes and body
textures from RGB or depth images to discriminate different indi-
viduals. Nevertheless, this kind of methods are often vulnerable to
appearance, lighting and clothing variation in practice. Compared
with RGB-based and depth-based methods, 3D skeleton-based
models [17]-[22] exploit 3D coordinates of numerous key joints
to characterize human body and motion, which enjoys smaller data
size and better robustness to scale and view variation [23]. With
these advantages, 3D skeleton data have drawn surging attention
in the fields of person re-ID and gait recognition [19]-[22], [24],
[25]. However, the way to model discriminative body and motion
features with 3D skeleton data remains to be an open challenge.

To perform person re-ID via 3D skeletons, existing endeavors
typically model skeleton features by two groups of methods.
Skeleton descriptor based methods [17], [18], [26] manually
extract certain anthropometric and geometric attributes of body
from skeleton data. However, these hand-crafted methods usually
require domain knowledge such as human anatomy [27], and can-
not fully mine underlying features beyond human cognition. Deep
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Fig. 1. Our approach constructs skeleton graphs to model multi-level
body components and relations, and contrasts the clustered representa-
tive features to learn effective skeleton representations for person re-ID.

neural network based methods [19], [20], [25] usually leverage
convolutional neural networks (CNN) or long short-term memory
(LSTM) to learn skeleton representations with sequences of raw
body-joint positions or pose descriptors (e.g., limb lengths). Nev-
ertheless, these works rarely explore inherent relations between
different body joints or components, which could ignore some
valuable structural information of human body. Taking the human
walking for example, neighbor body joints “foot” and “knee” have
strong motion correlations, while they usually enjoy diverse degree
of collaboration with limb-level components “leg” and “arm”
during movement, which can be exploited to catch unique and
recognizable patterns [28]. Other important flaws of this type of
methods are label dependency and weak generalization ability. In
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practical terms, these methods usually require massive labeled data
of pre-defined classes to either train the model from scratch [21],
[25] or fine-tune the pre-trained skeleton representations [19],
[20], [22] to classify the known identities. As a result, they lack
the flexibility to learn general and representative skeleton features
that can re-identify different pedestrians under the unavailability of
labels, which limits its application in many real-world scenarios.
To address the above challenges, this work for the first
time proposes a generic Skeleton Prototype Contrastive learn-
ing paradigm with Multi-level Graph Relation modeling (SPC-
MGR) in Fig. 1 that can comprehensively model body structure
and relations at various levels and mine discriminative features
from unlabeled skeletons for person re-ID. Specifically, we first
devise multi-level graphs to represent each 3D skeleton in a
unified coarse-to-fine manner, so as to fully model body structure
within skeletons. Then, to enable a comprehensive exploration
of relations between different body components, we propose to
model structural-collaborative body relations within skeletons
from multi-level graphs. In particular, since each body component
is highly correlated with its physically-connected components and
may possess different structural relations (e.g., motion correla-
tions), we propose a multi-head structural relation layer (MSRL)
to capture multiple relations between each body-component node
and its neighbors within a graph, so as to aggregate key correlative
features for effective node representations. Meanwhile, motivated
by the fact that dynamic cooperation of body components in
motion could carry unique patterns (e.g., gait) [28], we propose
a full-level collaborative relation layer (FCRL) to adaptively
infer collaborative relations among motion-related components
at both the same-level and cross-level in graphs. Furthermore,
we exploit a multi-level graph feature fusion strategy to inte-
grate features of different-level graphs via collaborative relations,
which encourages the model to capture more graph structural
semantics and discriminative skeleton features. Lastly, to mine
effective features from unlabeled skeleton graph representations
(referred as skeleton instances), we propose a skeleton prototype
contrastive learning scheme (SPC), which clusters correlative
skeleton instances and contrasts their inherent similarity with the
most representative skeleton features (referred as skeleton proto-
types) to learn general discriminative skeleton representations in
an unsupervised manner. By maximizing the similarity of skeleton
instances to their corresponding prototypes and their dissimilarity
to other prototypes, SPC encourages the model to capture more
discriminative skeleton features and class-related semantics (e.g.,
intra-class similarity) for person re-ID without using any label.
An earlier and preliminary version of this work was reported in
[21]. Compared with [21] that performs supervised skeleton repre-
sentation for person re-ID, this paper focuses on the unsupervised
re-ID problem under general settings. In this work, we explore
unified and generalized multi-level skeleton graphs to extend
earlier graph representations to different skeleton data, and pro-
pose a novel skeleton prototype contrastive learning paradigm to
mine discriminative skeleton features with the proposed unlabeled
skeleton graphs for person re-ID. To our best knowledge, this is
also the first work that explores a generic unsupervised learning
paradigm for skeleton-based person re-ID. We also devise a new
full-level collaborative relation layer to capture more comprehen-
sive relations between different-level body components, and fur-
ther explore a multi-level graph feature fusion strategy to enhance
graph semantics and global pattern learning. To validate the above
improvement, this work conducts comprehensive experiments on
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four public person re-ID datasets, and carries out more detailed
analysis on different person re-ID tasks (e.g., multi-view person
re-ID) under more general scenarios. Furthermore, we propose
two evaluation metrics, mean intrA-Class Tightness (mACT) and
mean inteR-Class Looseness (mRCL), to quantitatively evaluate
the tightness of same-class representations and the looseness of
different-class representations, so as to showcase the effectiveness
of skeleton representations learned by the proposed approach.
Our main contributions are summarized as follows:

e We devise unified multi-level graphs to model 3D skele-
tons, and propose a novel Skeleton Prototype Contrastive
learning paradigm with Multi-level Graph Relation model-
ing (SPC-MGR) to learn an effective representation from
unlabeled skeleton data for unsupervised person re-ID.

e We propose multi-head structural relation layer (MSRL)
to capture relations of neighbor body components, and
devise full-level collaborative relation layer (FCRL) to
infer collaboration between different-level components, so
as to learn more structural semantics and unique patterns.

e We propose a skeleton prototype contrastive learning
(SPC) scheme to encourage capturing representative dis-
criminative skeleton features and high-level class-related
semantics from unlabeled skeleton data for person re-ID.

e We propose mean intra-class tightness (mACT) and mean
inter-class looseness (mRCL) to evaluate skeleton repre-
sentation learning, and show the effectiveness of skeleton
representations learned by our unsupervised approach.

o Extensive experiments show that the proposed SPC-MGR
outperforms several state-of-the-art skeleton-based meth-
ods on four person re-ID benchmarks, and is also highly
effective when applied to skeleton data estimated from
large-scale RGB videos under more general re-ID settings.

The rest of our paper is organized as follows. Sec. 2 provides
an introduction for related works in the literature. Sec. 3 presents
each technical module of the proposed approach. Sec. 4 elucidates
the details of experiments, and comprehensively compares our
approach with existing solutions. Sec. 5 conducts ablation study
and extensive analysis of the proposed approach. Sec. 6 concludes
this paper. Sec. 7 provides a statement for potential ethical issues.

2 RELATED WORKS

2.1 Skeleton-Based Person Re-ldentification
2.1.1 Hand-Crafted Methods

Early skeleton-based works extract hand-crafted descriptors in
terms of certain geometric, morphological or anthropometric at-
tributes of human body. Barbosa et al. [17] compute 7 Euclidean
distances between the floor plane and joint or joint pairs to
construct a distance matrix, which is learned by a quasi-exhaustive
strategy to extract discriminative features for person re-ID. Mu-
naro et al. [26] and Pala et al. [29] further extend them to 13
(D13) and 16 skeleton descriptors (D1¢) respectively, and leverage
support vector machine (SVM), k-nearest neighbor (KNN) or Ad-
aboost classifiers for person re-ID. Since such solutions using 3D
skeletons alone are hard to achieve satisfactory performance, they
usually combine other modalities such as 3D point clouds [30] and
3D face descriptors [29] to improve person re-ID accuracy.



2.1.2 Supervised and Self-Supervised Methods

Most recently, a few works exploit deep learning paradigms to
learn gait representations from skeleton data for person re-ID in
a supervised or self-supervised manner. Liao et al. [25] propose
PoseGait, which feeds 81 hand-crafted pose features of 3D skele-
tons into CNN for human recognition. Rao et al. [19] devise a
self-supervised attention-based gait encoding (AGE) model with
multi-layer LSTM to encode gait features from unlabeled skeleton
sequences, and then fine-tune the learned features with the super-
vision of labels for person re-ID. In [20], they further propose a
locality-awareness approach (SGELA) that combines various pre-
text tasks (e.g., reverse sequential reconstruction) and contrastive
learning scheme to enhance self-supervised gait representation
learning for the person re-ID task. The latest self-supervised
work is SM-SGE [22], which utilizes a skeleton graph based
reconstruction and inference mechanism to encode discriminative
skeleton structure and motion features for the person re-ID task.
Our work differs in following aspects. We for the first time
propose an unsupervised learning paradigm to learn discriminative
skeleton representations from unlabeled skeleton data to directly
perform person re-ID. Our approach requires neither any form of
feature engineering (e.g., hand-crafted skeleton descriptors [17],
[26], [29]) nor any skeleton label for training model [21], [25] or
fine-tuning representations [19], [20], [22]. Unlike most existing
works that directly represent skeletons as sequences of body joints
[19], [20] or pose descriptors [25], this work not only explores
more comprehensive body-structure modeling by devising unified
and generalized multi-level skeleton graphs, but also systemati-
cally mines valuable body-component relations at various levels.
Besides, the proposed approach needs neither self-supervised pre-
text tasks (e.g., reconstruction [22]) for pre-training or supervised
classification networks for discriminative representation learning.
Instead, it exploits the unsupervised skeleton prototype contrastive
learning to mine representative skeleton features and class-related
semantics from unlabeled 3D skeleton data. To the best of our
knowledge, this is also the first attempt to leverage skeleton graph
based relation modeling and contrastive learning to realize both
skeleton representation learning and unsupervised person re-ID.

2.2 Contrastive Learning

Contrastive learning has recently achieved great success in many
self-supervised and unsupervised learning tasks [16], [20], [31]-
[35]. Its general objective is to learn effective data representations
by pulling closer positive pairs and pushing apart negative pairs
in the feature space using contrastive losses, which are often
designed based on certain auxiliary tasks (e.g., similarity metrics
learning). For example, Wu et al. [32] devise an instance-level
discrimination method in the form of exemplar task [36] to per-
form image contrastive learning with noise-contrastive estimation
loss (NCE) [37]. In [33], contrastive predictive coding (CPC)
based on a probabilistic contrastive loss (InfoNCE) is proposed
to learn general representations for different domains. To optimize
representation learning (e.g., consistency) in memory bank based
contrastive methods [38]-[40], some recent end-to-end works
[41]-[43] utilize all samples of the current mini-batch to generate
negative instance features, while the momentum-based approach
[44] further explores the use of momentum-updated encoder and
queue dictionary to improve consistency of both encoder and
instance features. The latest PCL [35] integrates both contrastive
learning and clustering into an expectation-maximization (EM)
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framework, which is highly efficient on unsupervised visual rep-
resentation learning and inspires our work for 3D skeletons.

Our work differs from previous studies in following aspects.
The proposed skeleton prototype contrastive learning scheme is
devised to mine most representative and discriminative skeleton
features (i.e., skeleton prototypes) from unlabeled multi-level
skeleton graph representations of 3D skeleton sequences (i.e.,
skeleton instances). In this scheme, the skeleton instances and
generated skeleton prototypes are exploited as the contrasting
instances, which fundamentally differs from existing works [34],
[35], [43], [44] that use augmented samples of images as instances.
The goal of skeleton prototype contrastive learning scheme is to
maximize skeleton instances’ similarity with their prototypes and
dissimilarity to other prototypes using the proposed clustering-
contrasting strategy, which does not require any extra memory or
sampling mechanism [16], [35] and can directly learn effective
skeleton representations for the person re-ID task without intro-
ducing any ground-truth label from source data domains.

3 THE PROPOSED APPROACH

Suppose that a 3D skeleton sequence S1.; = (S1,---,8y) €
R/ *I*XD where S; € R7*D is the t'" skeleton with J body
joints and D = 3 dimensions. Each skeleton sequence Si.f
corresponds to an ID label y, where y € {1,--- ,C} and C'is the

YN
number of different persons. The training set &, = {Silf} '

i\ V2 i lﬁg
probe set &, = {S’fjf} g and gallery set ®, = {S“l}:’f}
contain N1, No, and N3 ‘Skeleton sequences of different persons

under varying views or scenes. Our goal is to learn an embedding
function 1 (-) that maps ®, and ®, to effective skeleton repre-

sentations {M"'} N2 and {M?’ }jvi’l without using any label,

such that the representation M"" in the probe set can match the

representation M?7 of the same identity in the gallery set. The
overview of the proposed approach is given in Fig. 2, and we
present the details of each technical component below.

3.1 Unified Multi-Level Skeleton Graphs

Inspired by the fact that human motion can be decomposed
into movements of functional body-components (e.g., legs, arms)
[45], we spatially group skeleton joints to be higher level body
components at their centroids. Specifically, we first divide human
skeletons into several partitions from coarse to fine. Based on
the nature of body structure, we specify the location of each
body partition and its corresponding skeleton joints of different
sources (e.g., datasets). Then, we adopt the weighted average
of body joints in the same partition as the node of higher level
body component and use its physical connections as edges, so
as to build unified skeleton graphs for an input skeleton. As
shown in Fig. 3, we construct three levels of skeleton graphs,
namely part-level, body-level and hyper-body-level graphs for
each skeleton S, which can be represented as G', G? and G°
respectively. Each graph G'(V!, &) (I € {1,2,3}) consists of
nodes V' = {v}, v}, .-+ ol } vl e RP i e {l,--- m} and
edges £ = {e! ; [vl,vs eV}, €l ; € R. Here V' and £' denote
the set of nodes corresponding to different body components
and the set of their internal connection relations, respectively. n;
denotes the number of nodes in gl. More formally, we define a
graph’s adjacency matrix as A! € R™*™ to represent structural
relations among 7; nodes. We compute the normalized structural
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-, Sy is represented with part-level, body-level,

and hyper-body-level graphs. Secondly, we employ multi-head structural relation layers (MSRL) to capture structural relations of neighbor nodes
in each graph, and averagely aggregate features learned by multiple heads to obtain node representations. Then, full-level collaborative relation
layers (FCRL) infer the dynamic collaborative relations among the same-level and different-level body components, which are exploited to integrate
key graph features into multi-level skeleton graph representations F'', F2, and F3. Next, we perform clustering on skeleton instances, which
are sequence-level (“Seq.”) multi-level skeleton graph representations, to generate clusters and corresponding skeleton prototypes. Finally, during
skeleton prototype contrastive learning, we enhance the similarity of instances belonging to the same prototype and maximize their dissimilarity to
other prototypes by minimizing contrastive loss Lgpc. The learned skeleton graph representations are exploited to perform person re-ID.
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Fig. 3. Three graph levels for a skeleton. We spatially divide human body
into 10, 5 and 3 partitions to construct part-level, body-level, and hyper-
body-level graphs, and averagely merge internal body joints into nodes.

relations between node 4 and its neighbors, 7.e., Y JEN; Aé, = 1,
where N denotes the neighbor nodes of node i. Al is adaptively
learned to capture flexible structural relations in the training stage.

Remarks: The proposed unified multi-level skeleton graphs
can be generalized into different skeleton datasets, which enables
the pre-trained model to be directly transferred across different
domains for generalized person re-ID (see Sec. 5.5.2). Besides,

they can be extended to skeleton data estimated from RGB videos
to learn effective person re-ID representations (see Sec. 5.5.1).

3.2 Structural-Collaborative Body Relation Modeling

The physical connections of body structure typically endow body
components in a local partition with higher correlations, while
components of different parts may act collaboratively in various
global patterns during motion [46]. To exploit such internal re-
lations to mine rich body-structure features and unique motion
characteristics from skeletons, we propose the multi-level struc-
tural relation layer (MSRL) and full-level collaborative relation
layer (FCRL) to model the structural and collaborative relations
of body components from multi-level skeleton graphs as follows.

3.2.1 Multi-Head Structural Relation Layer

To capture latent body structural information and learn an effective
representation for each body-component node in skeleton graphs,
we propose to focus on features of structurally-connected neighbor
nodes, which enjoy higher correlations (referred as structural rela-
tions) than distant pairs. For instance, adjacent nodes usually have
closer spatial positions and similar motion tendency. Therefore,
we devise a multi-head structural relation layer (MSRL) to learn
relations of neighbor nodes and aggregate the most correlative
spatial features to represent each body-component node.

We first devise a basic structural relation head based on
the graph attention mechanism [47], which can focus on more
correlative neighbor nodes by assigning larger attention weights,
to capture the internal relation 657 ,; between adjacent nodes ¢ and
7 in the same graph as:

e, = LeakyReLU(Wf,T (Wil [wio!]) (1)
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Fig. 4. Examples of multi-head structural relations in G* (left) and full-
level collaborative relations among graphs (G', G! and G, G?) (right).

where W! € RP>*Dr denotes the weight matrix to map the [*"

level node features ’Ué € RP into a higher level feature space R,
W! € R?Pr is a learnable weight matrix to perform relation
learning in the [*" level graph, || indicates concatenating fea-
tures of two nodes, and LeakyReLU(+) is a non-linear activation
function. Then, to learn flexible structural relations to focus on
more correlative nodes, we normalize relations using the softmax
function as follows:
exp (eé,j)

Srew; oxp (¢l )

where N; denotes directly-connected neighbor nodes (including 7)
of node 7 in graph. We use structural relations Aéj ; to aggregate
features of most relevant nodes to represent node 4:

Aﬁ»’j = softmax; (eﬁ»ﬂ-) =

2

TL=0 Z A,IMWf}'Ué- 3
JEN;

where o(-) is a non-linear function and ﬁi € RP is feature

representation of node ¢ computed by a structural relation head.
To sufficiently capture potential structural relations (e.g., posi-
tion similarity and movement correlations) between each node and
its neighbor nodes, we employ multiple structural relation heads,
each of which independently executes the same computation of
Eq. 3 to learn a potentially different structural relation, as shown
in Fig. 4. We averagely aggregate features learned by m different
structural relation heads as the representation of node ¢ as follows:

m

. 1
Op= 0| Y (AL (W) )

s=1 jENi

where f)é € RD% denotes the multi-head feature representation
of node 7 in G!, m is the number of structural relation heads,
(Aé j)s € R represents the structural relation between node % and
j computed by the s** structural relation head, and (W')* de-
notes the corresponding weight matrix to perform feature mapping
in the s*" head. Here we use average rather than concatenation op-
eration to reduce feature dimension and allow for more structural
relation heads. MSRL enables our model to capture the relations
of correlative neighbor nodes (see Eq. 1 and 2) and integrates key
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spatial features into node representations of each graph (see Eq. 3
and 4). However, it only considers the local relations of the same-
level components in graphs and is insufficient to capture global
collaboration between different level body components, which
motivates us to propose the full-level collaborative relation layer.

3.2.2 Full-Level Collaborative Relation Layer

Motivated by the natural property of human walking, i.e., gait,
which could be represented by the dynamic cooperation among
body joints or between different body components [28], we expect
our model to infer the degree of collaboration (referred as col-
laborative relations) among body-component nodes in multi-level
graphs, so as to capture more unique and recognizable walking
patterns from the motion of skeletons. For this purpose, we
propose a full-level collaborative relation layer (FCRL) to capture
relations between a node and all motion-related nodes of the same
level and that between a node and its spatially corresponding
higher level body component or other potential components. As
shown in Fig. 2 and Fig. 4, we compute collaborative relation
matrix A%? € R"*™ (q.b € {1,2,3},a < b) between the a*"
level nodes V* and the b*" level nodes V° as following:

~aT
exp (vf 'U?)

) - s —aT b

k=1 €XP (’Ui Vg

Aab_ ~aT =b
A =softmax; ('ui v;

®)
)

where Kf]b is the collaborative relation between node 7 in G¢
and node j in Gb. Here we use the inner product of multi-head
node feature representations (see Eq. 4) that retain key spatial
information of nodes to measure the degree of collaboration.
Instead of merely considering body relations between adjacent
level graphs [21], FCRL can capture the global collaborative
relations among both adjacent and non-adjacent graphs, and
meanwhile provides full collaboration inference between a node
and all potential motion-correlated nodes in the same graph.

3.2.3 Multi-Level Graph Feature Fusion

To enhance structural semantics of multiple graphs (e.g., global
graph patterns) and adaptively integrate key correlative features in
component collaboration, we exploit collaborative relations to fuse
body-component node features across different spatial levels. We
update the node representation (U;) of a'? level graph by fusing
collaborative node features (17?-) learned from different graphs:

ng

AP WE B! ©6)

J

3
~a ~a a,b
v; — v; + E /\C

b=a j=1

where Wé’b € RP»*Dr 5 a learnable weight matrix to integrate
features of collaborative node f;g of b level into a'” level node
¥¢. np denotes the number of nodes in the b*” level graph, and
)\gb represents the fusion coefficient between a'’* level and b*"
level graphs, which can be adjusted according to their inherent
correlations (e.g., level similarity). We denote the fused [*"
level graph features of the i*" skeleton as F i € RuxDPr py
concatenating all node representations. Inspired by [22], we retain
graph representations of each individual level and adopt their
concatenation to represent a skeleton as follows:

M; = [F};F} F}] ()

where M; € R("+n2413)xDr s the multi-level graph represen-
tation of the 7* skeleton S;, and [; ] indicates the concatenation of



graph features. By combining all graph-level representations that
integrate structural and collaborative body relation features (see
Eq. 1-Eq. 6), we encourage the model to capture richer features of
body structure and skeleton patterns at various levels. We show the
effectiveness of the proposed structural-collaborative body relation
learning by the relation visualization in Sec. 5.3 and Appendix.

3.3 Skeleton Prototype Contrastive Learning Scheme

As skeletons of the same individual typically share highly similar
body attributes (e.g., anthropometric attributes) and unique walk-
ing patterns [28], it is natural to consider mining the most fypical
attributes or patterns to identify the same person from others. To
achieve this goal and encourage the model to capture more high-
level skeleton semantics (e.g., class-related patterns), we propose
a Skeleton Prototype Contrastive learning (SPC) scheme to focus
on the most representative skeleton graph features (referred as
skeleton prototypes) of pedestrians and exploit their inherent sim-
ilarity and dissimilarity with other unlabeled graph representations
(referred as skeleton instances) to learn general and discriminative
representations of each individual for the person re-ID task.

3.3.1 Skeleton Prototype Generation

Given multi-level graph representations (M ¢, - -- , M ) of an in-
put skeleton sequence (S1.; = (S1,---,S)), we first integrate
graph features into a sequence-level skeleton graph representation:

f
M = % > wiM; )
=1

where M is the multi-level graph representation of skeleton se-
quence S'1.¢, which incorporates structural-collaborative features
and temporal dynamics of f consecutive multi-level skeleton
graphs, and w; denotes the importance of i*" skeleton graph repre-
sentation. Here we assume that each skeleton equally contributes
to representing graph features of a sequence, i.e., w; = 1. For
clarity, we use M = {Ml}fv:ll to represent multi-level graph
representations of skeleton sequences in the training set ®;, which
are exploited as skeleton instances in the proposed SPC scheme.

Then, to gather skeleton instances M that contain similar
features to find the representative skeleton prototypes, we leverage
the DBSCAN algorithm [48], which can discover clusters with
arbitrary shapes or semantics, to perform clustering as:

DBSCAN(M) —s M', M, --- , M, M’ ©9)
where M = M' UMCU- - -UM” UM, z is the number of clusters
(i.e., pseudo classes), M' = {Hf}ﬁl ke {l,---, z}, is the
cluster that contains z;, instances belonging to the k" pseudo
class, and M’ = {M? 7°, denotes the set of outlier instances
that do not belong to any cluster. We compute the centroid of each

cluster, which averagely aggregates features of skeleton instances
in the cluster, to obtain corresponding skeleton prototype:

1 g
pPF=—N"DM;
Tk Z:ZI ¢

—k . . . .
where M; € R("+n2413)XDn jg the ¥ skeleton instance in the
k' cluster, and P* denotes the k'" skeleton prototype.

(10)

3.3.2 Skeleton Prototype Contrastive Learning

To focus on the typical and discriminative features of skeleton pro-
totypes as well as facilitate learning high-level skeleton semantics
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from different prototypes, we propose to enhance the inherent sim-
ilarity of a skeleton instance to corresponding skeleton prototype
and maximize its dissimilarity to other skeleton prototypes with a
skeleton prototype contrastive loss as:

z T
ESPCZ%ZZ*bg

k=11i=1

exp (M? . Pk/T)
> i—1€xp (Mf . Pj/T)

where N represents the number of all training instances, z denotes
the number of skeleton prototypes, xj is the number of skeleton
instances belonging to the k' prototype P* and 7 represents
the temperature for contrastive learning, where higher value of
7 produces a softer probability distribution over prototypes and
retains more similar information among clusters [49]. The skeleton
prototype contrastive loss Lspc can be viewed as a special form
of InfoNCE loss [33], which aims to maximize the dot product
based similarity between the query for each skeleton instance
and its positive key for the same prototype while maximizing the
dissimilarity to negative keys for other prototypes.

an

3.3.3 Analysis of Skeleton Prototype Contrastive Learning

The objective of skeleton prototype contrastive learning is to
maximize the intra-prototype similarity and inter-prototype dis-
similarity to mine discriminative skeleton features and identity-
related semantics in an unsupervised manner. Such learning
process can be interpreted as to simultaneously enhance the
tightness of skeleton instances belonging to the same prototype
and the looseness among different prototypes. Considering that a
better representation space should have smaller intra-class dis-
tance (higher tightness) and larger inter-class distance (higher
looseness), we can measure the tightness and looseness levels of
the learned representations with regard to ground-truth classes
to verify whether the model has learned effective features for
different classes from the unlabeled data. To this end, we pro-
pose two metrics named mean intrA-Class Tightness (mACT) and
mean inteR-Class Looseness (mRCL) to quantitatively evaluate the
merits of the learn skeleton representations.

Mean Intra-Class Tightness (mACT): To obatin mACT, we
first compute intra-class tightness (ACT) of the kM class with

C 1 En C i
Sk Dim1 5 2aj=1 2.1 D (Ujv Cz)

ACT(IC) _ Dglobal-average _
D inra-class C2 Zj’;l D (v;‘f’ ck)

(12)
where Dy intaclass T€Presents the average intra-class distance be-
tween the representation, 'u?', of j*" sample and the representation
centroid, ¢, belonging to the k" class, Dgiopal-average denotes
the global average distance between each representation and all
centroids, s; represents the number of instances in the ith class,

C'is the number of ground-truth classes, and D(v’, c.) =
'u}-cz

L AN
1/Di intraclass can be used to represent the k-class tightness, but
this result does NOT consider the factor of global feature distri-
bution that leads to different representation distances. Therefore,
we use Dygiobal-average / Di-intra-class t0 indicate the degree of intra-
class tightness. When Dj inraclass 1S smaller than Dyjobal-average
the representations in k' class are denser than the average, thus
indicating a higher ACT of k" class. Then, we average the ACT
values of all classes to represent the mean intra-class tightness
(mACT) of representations by mACT = é Zz?=1 ACT(k).

is the cosine distance between v;‘- and c,. Note that



Algorithm 1: Main algorithm of SPC-MGR

Y
Input: Unlabeled training skeleton sequences ®; = {S tllf} '

i=1

, maximum distance € and minimum sample amount @,y,;,, for

the DBSCAN algorithm, initialized embedding function t(+) for skeleton representation learning, temperature 7

Output: Embedding function ¢ (+)
1 while not MaxEpoch do

2 | M; = w(Si’ff)
3 | {M"};_,, M’ = DBSCAN({DML;} " €, amin)
4 | P = Prototype(Mk)

s | Loe{(MYimy AP }ir )

6 update parameters of ¢(+) to minimize Lgpc

7 end

// Alternate clustering and contrastive learning
. == 1M1
// Encode skeleton sequences to get instances {Mi}i:1
// Generate clusters and discard outliers
// Generate skeleton prototypes with Eg. 10
// Calculate SPC loss with Eqg. 11

Mean Inter-Class Looseness (mRCL): To measure the
mRCL of representations, we compute the ratio of the average
distance between different class centroids, Deeniroid-averages 0 the
global average distance, Diiopal-average (s€€ Eq. 12), with

C C
D1 D=1 D(c;, ¢;)

D centroid-average

TABLE 1
Statistics of different datasets. Note: We construct different gallery and
probe sets based on multiple testing splits (see Sec. 4.1). For CASIA-B
dataset, we exploit 3D skeleton data estimated from RGB videos.

mRCL = =
D global-average

S Ay v Dle)
(13)

where higher mRCL can be obtained with greater average distance
Deentroid-average between different representation centroids com-
pared to the global average representation distance Dgigpar-average-
Full details of mACT and mRCL are provided in the Appendix.
We conduct both quantitative and qualitative analysis of the
proposed skeleton prototype contrastive learning scheme using the
mACT and mRCL metrics, which shows that it can encourage
the model to capture class-related semantics for more effective
skeleton representations, as detailed in Sec. 5.4 and Appendix.

3.4 The Entire Approach

The computation flow of the proposed approach can be described
as: S — G (Sec. 3.1) = F (Sec. 3.2) - M (Eq.7) - M
(Sec. 3.3) — P (Eq. 10). For convenience, we use the embedding
function v(+) to represent the multi-level skeleton graph represen-
tation encoding process, which can be formulated as ¢(S) = M.
We perform skeleton prototype contrastive learning by minimizing
Lspc, 80 as to optimize ¢ (+) and learn effective skeleton repre-
sentations in an unsupervised manner, as illustrated in Algorithm
1. To facilitate better skeleton representation learning with more
reliable clusters, we optimize our model by alternating clustering
and contrastive learning. More technical details are provided in
the Appendix. For the person re-ID task, we exploit the learned
embedding function 1(+) to encode each skeleton sequence of the

probe set ®,, into corresponding multi-level graph representation,
{M""}N2 | and match it with representations, { M’ };y::“l, of
the same identity in the gallery set ®, using Euclidean distance.

4 EXPERIMENTS
4.1 Experimental Setup

We evaluate our approach on four skeleton-based person re-ID
benchmarks: Kinect Gait Biometry Dataset (KGBD) [18], BIWI

KGBD BIWI KS20 | IAS-Lab | CASIA-B
# Train IDs | 164 50 20 11 124
# Train 188,742| 205,764  |35976| 88,986 706,480
Skeletons
# Gallery IDs| 164 28 20 11 62
# Gallery 188700 | Walking: 4.932| . /IAS-A: 6,978 Ngl‘f ;gzﬁiggo
Skeletons ’ Still: 3,186 ’ IAS-B: 7,764 s
Bg: 53,880
# Probe IDs | 164 28 20 11 62
# Probe ou 146 | Walking: 4.932| o [IAS-A: 6,978 N(‘;f ;Ziggo
Skeletons ’ Still: 3,186 | 270 |1IAS-B: 7,764 | o 0
Bg: 53,880
N oy od oy oy o
o " "_: o qaq 4 B
1 '{ K ¥ : ; /‘ Y

E 'v _
Fig. 5. Examples of 3D skeletons in KGBD (left of first row), KS20 (right
of first row), BIWI (second row), IAS-Lab (third row), and CASIA-B (last

row). We show RGB samples of datasets that contain visual images.
Note: Skeleton sequences of CASIA-B are estimated from RGB videos.

[26], KS20 VisLab Multi-View Kinect Skeleton Dataset [50], IAS-
Lab [51], and a large-scale RGB video based multi-view gait
dataset: CASIA-B [52]. They collect skeleton data from 164, 50,
20, 11, and 124 different individuals respectively, as detailed in
Table 1. For BIWI and IAS-Lab datasets, we evaluate each testing
set by setting it as the probe and the other one as the gallery.
For KGBD, since no training and testing splits are given, we



TABLE 2
Performance comparison with existing hand-crafted, supervised, self-supervised, and unsupervised methods on KS20 (RVE setup), KGBD, and
IAS-A testing sets. The amount of network parameters (million (M)) and computational complexity (giga floating-point operations (GFLOPs)) for
the deep learning based methods are also reported. Bold numbers refer to the best cases among self-supervised/unsupervised methods.

KS20 KGBD IAS-A
Types Methods # Params GFLOPs top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP
Hand-crafted D; 3 Descriptors [26] — — 394 717 81.7 189 17.0 344 442 1.9 400 587 67.6 24.5
D6 Descriptors [29] — — 517 771 869 240 312 509 598 4.0 427 629 70.7 252
Supervised PoseGait [25] 8.93M 121.60 494 80.9 90.2 235 506 67.0 72.6 139 284 557 69.2 175
MG-SCR [21] 0.35M 6.60 463 754 84.0 104 440 587 646 69 364 596 69.5 14.1
AGE [19] 7.15M 37.37 432 70.1 80.0 8.9 2.9 5.6 7.5 09 31.1 548 674 134
Self-supervised SGELA [20] 8.47TM 747 450 650 75.1 212 38.1 535 60.0 45 167 302 440 132
/Unsupervised SM-SGE [22] 5.58M 2261 459 719 81.1 95 382 542 60.7 44 340 605 71.6 13.6
SPC-MGR (Ours) 0.01M 0.12 59.0 79.0 86.2 21.7 408 575 650 69 419 66.3 75.6 24.2

randomly leave one skeleton video of each person as the probe
set, and equally divide the remaining videos into the training set
and gallery set. For KS20, we design different splitting setups to
evaluate the multi-view person re-ID performance of our approach.
In Random View Evaluation (RVE), we randomly select one
sequence from each viewpoint as the probe sequence and use
one half of the remaining skeleton sequences for training and the
other half as the gallery. For Cross-View Evaluation (CVE), we
divide probe samples by each viewpoint, including left lateral at
0°, left diagonal at 30°, frontal at 90°, right diagonal at 130°, and
right lateral at 180°, to construct five individual viewpoint-based
probe sets. We test each of them by matching identities from other
four viewpoints to evaluate cross-view person re-ID performance.
More details about the experimental setups are provided in the
Appendix. Experiments with each evaluation setup are repeated
for multiple times and the average performance is reported.

4.2 Implementation Details

The numbers of nodes in the part-level, body-level, and hyper-
torso-level graphs are n; = 10, ng = 5, and ng = 3 respec-
tively. The sequence length f on four skeleton-based datasets
(KS20, KGBD, BIWI, IAS-Lab) is empirically set to 6, which
achieves best performance in average among different settings.
For the largest dataset CASIA-B with roughly estimated skeleton
data from RGB frames, we set sequence length f = 40 for
training/testing. The node feature dimension is D;, = 8 and the
number of structural relation heads is m = 16 for KGBD and
m = 8 for other datasets. We use /\‘é’b =1 (a,b € {1,2,3})
to averagely fuse multi-level graph features. For the DBSCAN al-
gorithm, we empirically use maximum distance € = 0.6 (KGBD,

BIWI), ¢ = 0.8 (KS20, IAS-Lab), ¢ = 0.75 (CASIA-B), and
adopt minimum amount of samples a,,;, = 4 for KGBD and
amin = 2 for other datasets. We set the temperature 7 to 0.06

(KGBD), 0.075 (CASIA-B), 0.07 (BIWI), 0.08 (KS20, IAS-Lab)
for skeleton prototype contrastive learning. We employ Adam
optimizer with learning rate 0.00035 for all datasets. The batch
size is 256 for KGBD and 128 for other datasets. For all methods
compared in our experiments, we select optimal model parameters
for training, and use their pre-defined skeleton descriptors or pre-
trained skeleton representations for person re-ID. Full implemen-
tation details are provided in the Appendix and our codes are
available at https://github.com/Kali-Hac/SPC-MGR.

4.3 Evaluation Metrics

We compute Cumulative Matching Characteristics (CMC) curve,
which typically adopts top-1, top-5, and top-10 accuracy as the
quantitative metrics, to show ratios that a probe sample matches
the same identity in different-sized ranked lists of gallery samples.
We also report Mean Average Precision (mAP) [53] to evaluate
the overall performance of our approach. Unlike existing skeleton-
based re-ID works that take only top-1 accuracy and nAUC mea-
surements [54] under the assumption of fixed classes, this work
evaluates all existing methods with more comprehensive metrics
(top-1, top-5, top-10 accuracy and mAP) under the frequently-used
person re-ID evaluation protocol, .e., match IDs between probe
and gallery, which can be extended to more general scenarios with
varying classes such as generalized person re-ID tasks.

4.4 Performance Comparison

In this section, we compare our approach with state-of-the-art self-
supervised and unsupervised skeleton-based person re-ID methods
[19], [20], [22] on KS20, KGBD, IAS-Lab, and BIWI datasets
with different probe settings in Table 2 and Table 3. As a reference
for the overall performance, we include the latest supervised
skeleton-based person re-ID methods [21], [25] and representative
hand-crafted person re-ID methods [29], [30]. For deep learning
based methods, we also report their model sizes, ¢.e., amount of
network parameters, and computational complexity in Table 2.

4.4.1 Comparison with Self-Supervised and Unsupervised
Methods

As presented in Table 2 and Table 3, the proposed SPC-MGR
enjoys distinct advantages over existing self-supervised and unsu-
pervised methods on all datasets. Compared with AGE model [19]
that learns skeleton features based on body-joint sequence repre-
sentations, our approach consistently achieves higher person re-ID
performance by a large margin of 7.2 to 37.9% top-1 accuracy
and 6.0 to 12.8% mAP on different datasets, which demonstrates
that the proposed multi-level skeleton graph representations with
structural-collaborative body relation learning are more effective
on modeling discriminative skeleton features for the person re-ID
task. Our approach significantly outperforms the state-of-the-art
skeleton contrastive learning method SGELA [20] by up to 25.2%
top-1 accuracy and 11.0% mAP on KS20, KGBD, IAS-A, and
TAS-B testing sets. On two testing sets of BIWI, both SGELA and
the proposed approach obtain comparable mAP, while our SPC-
MGR can achieve superior overall performance with higher top-1
(7.2-8.3%), top-5 (5.5-17.5%), and top-10 accuracy (5.4-25.8%).
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TABLE 3
Performance comparison with existing hand-crafted, supervised, self-supervised, and unsupervised methods on IAS-B, BIWI-Still (BIWI-S), and
BIWI-Walking (BIWI-W) testing sets. Bold numbers refer to the best cases among self-supervised/unsupervised methods.

IAS-B BIWI-S BIWI-W
Types Methods top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP
Hand-crafed D3 Descriptors [26] 43.7 68.6 76.7 23.7 28.3 53.1 65.9 13.1 14.2 20.6 237 17.2
D¢ Descriptors [29] 44.5 69.1 80.2 24.5 32.6 55.7 68.3 16.7 17.0 253 29.6 18.8
Supervised PoseGait [25] 28.9 51.6 62.9 20.8 14.0 40.7 56.7 9.9 8.8 23.0 31.2 11.1
MG-SCR [21] 324 56.5 69.4 12.9 20.1 46.9 64.1 7.6 10.8 20.3 29.4 11.9
AGE [19] 31.1 523 64.2 12.8 25.1 43.1 61.6 8.9 11.7 21.4 273 12.6
Self-supervised  SGELA [20] 222 40.8 50.2 14.0 25.8 51.8 64.4 15.1 11.7 14.0 14.7 19.0
/Unsupervised SM-SGE [22] 389 64.1 75.8 13.3 313 56.3 69.1 10.1 13.2 25.8 335 15.2
SPC-MGR (Ours) 43.3 68.4 79.4 24.1 34.1 57.3 69.8 16.0 18.9 31.5 40.5 194
TABLE 4

Performance comparison with state-of-the-art self-supervised and unsupervised methods with cross-view evaluation (CVE) setup of KS20
datasets. 0°,30°,90°, 130°, and 180° denote probe or gallery sets in different views.

Gallery 0° 30° 90° 150° 180°
Probe top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP
AGE [19] 46.7 742 835 225 11.0 357 475 100 81 299 475 92 75 267 435 84 70 230 374 82
0° SGELA [20] 76.2 89.6 92.8 37.1 151 273 351 199 10.1 275 409 182 10.7 21.5 293 18.0 154 258 38.0 12.6
SM-SGE [22] 58.4 847 922 277 172 500 633 10.8 7.2 219 39.1 105 44 194 347 93 10.0 23.8 331 94
SPC-MGR (Ours) 789 94.1 97.3 529 26.2 53.1 715 229 39.1 598 715 314 30.5 574 727 26.6 27.0 52.0 664 19.9
AGE 10.1 428 57.8 88 523 827 915 250 150 356 585 88 10.1 242 41.8 81 78 242 343 383
30° SGELA 13.1 19.6 22,6 194 709 882 91.8 405 11.8 245 363 165 69 226 31.7 154 92 154 229 139
SM-SGE 18.1 484 650 11.5 60.2 82.0 89.8 282 125 272 353 107 7.5 234 338 106 88 272 39.1 105
SPC-MGR (Ours) 39.1 60.2 69.1 26.2 754 95.7 96.5 56.7 40.2 62.5 723 324 289 551 660 249 184 48.1 664 16.1
AGE 75 273 432 87 9.0 285 441 93 574 814 90.7 192 13.8 41.1 571 9.0 7.8 300 46.0 83
90° SGELA 9.6 19.8 29.7 164 10.8 156 204 17.5 484 757 865 31.6 17.1 357 43.0 220 135 234 318 213
SM-SGE 19.1 33.1 48.1 124 23.1 40.6 574 11.5 722 89.1 928 249 209 484 694 128 194 369 516 113
SPC-MGR (Ours) 37.5 67.2 75.0 26.0 41.8 65.2 742 322 86.7 98.1 99.2 63.1 59.0 824 86.3 40.7 348 62.1 77.0 248
AGE 6.7 213 347 82 79 234 389 89 152 359 544 92 453 705 821 187 11.3 37.1 502 89
150° SGELA 58 188 28.0 142 116 155 207 168 17.6 47.1 532 245 59.6 815 89.1 36.8 17.0 29.8 325 23.0
SM-SGE 84 244 378 104 129 266 363 109 24.1 534 663 129 644 859 950 255 17.8 409 59.1 12.1
SPC-MGR (Ours) 285 59.8 719 233 254 49.6 652 223 574 77.0 852 408 773 965 97.7 58.6 359 625 79.3 23.0
AGE 79 177 326 81 52 224 334 83 105 256 340 82 11.6 33.1 529 88 47.1 724 826 226
180° SGELA 14.0 29.1 392 21.3 119 20.6 259 173 18.6 37.8 49.7 194 227 459 552 20.7 745 92.7 95.1 383
SM-SGE 56 200 306 85 6.6 227 316 8.6 138 341 456 94 103 375 566 104 519 79.7 87.8 256
SPC-MGR (Ours) 28,5 53.5 625 21.7 17.2 37.1 50.0 18.8 31.6 535 66.8 30.0 313 563 77.3 264 652 89.5 96.5 459

Finally, our approach also performs better than the latest graph-
based skeleton representation learning method SM-SGE [22] by a
distinct margin of 2.6-13.1% top-1 accuracy and 2.5-12.2% mAP
on all datasets. In contrast to direct inter-sequence contrastive
learning [20] or manually devising pretext tasks for skeleton repre-
sentation learning [19], [22], our approach can automatically mine
most representative skeleton features by contrasting sequence-
level representations (instances) and cluster-level representations
(prototypes), which enables our model to learn better skeleton rep-
resentations for person re-ID. Moreover, our model requires only
0.01M parameters and evidently lower computational complexity
for skeleton representation learning compared with existing self-
supervised and unsupervised methods, as shown in Table 2, which
demonstrates its superior efficiency for person re-ID tasks.

We also compare the performance of our approach with state-
of-the-art skeleton-based counterparts with the cross-view evalu-
ation (CVE) setup of KS20. As shown in Table 4, our approach
remarkably outperforms the latest self-supervised and multi-view
skeleton-based methods SGELA [20] and SM-SGE [22] by an
average margin of 6.5-32.1% top-1 accuracy, 12.8-41.0% top-
5 accuracy, 17.5-40.0% top-10 accuracy, and 5.2-22.8% mAP
on 24 out of 25 testing combinations of probe views and gallery

views, which demonstrates that our model can learn more dis-
criminative skeleton representations with better robustness against
viewpoint variations for cross-view person re-ID.

4.4.2 Comparison with Hand-Crafted and Supervised
Methods

Compared with D13 [26] and D1g [29] that extract hand-crafted
geometric and anthropometric skeleton descriptors, our model
achieves a significant improvement of person re-ID performance
by 1.5-23.8% top-1 accuracy on KGBD, BIWI-S, and BIWI-
W. Despite gaining similar performance on IAS-A and IAS-B,
these methods are inferior to our approach by at least 7.3% top-1
accuracy on more challenging datasets such as KS20 and KGBD
that contains more viewpoints and individuals. Furthermore, with
unlabeled 3D skeletons as the only input, the proposed approach
can obtain comparable or even superior performance to two state-
of-the-art supervised methods PoseGait [25] and MG-SCR [21] on
five out of six testing sets (KS20, IAS-A, IAS-B, BIWI-S, BIWI-
W). Interestingly, with massive labels as the supervision, these
methods still fail to obtain satisfactory person re-ID accuracy and
even perform worse than hand-crafted methods on datasets with
frequent view, shape, and appearance changes in KS20, IAS, and
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TABLE 5
Ablation study of our model with different components: Multi-level skeleton graphs (MG), multi-head structural relation layer (MSRL), full-level
collaborative relation layer (FCRL), and skeleton prototype contrastive learning (SPC). “SG” denotes employing the single-level graph (part-level
graph) and “+” indicates using the corresponding model component. “SG + MSRL” is evaluated under random model initialization without SPC.

Id Configurations KS20 KGBD TIAS-A IAS-B BIWI-W BIWI-S

g top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP
1 Baseline 17.0 9.5 20.5 4.4 29.4 13.8 30.2 133 10.9 14.1 24.8 9.3
2 SG + MSRL 18.6 10.2 21.4 3.7 30.3 14.3 31.8 13.3 11.2 13.8 26.0 11.0
3 SG + MSRL + SPC 28.4 15.5 26.2 5.7 37.9 21.5 38.5 20.8 15.4 16.4 27.3 12.2
4 MG + MSRL + SPC 45.1 21.2 34.5 6.3 40.0 22.5 41.9 232 18.1 16.9 31.5 13.4
5 MG + MSRL + FCRL + SPC 59.0 21.7 40.8 6.9 41.9 24.2 43.3 24.1 18.9 19.4 34.1 16.0

TABLE 6

Performance of our approach on different datasets when exploiting different levels of graphs. “v” indicates using corresponding graph level.

Hyper-body-level Body-level Part-level K$20 KGBD IAS-A IAS-B BIWL-W BIWI-S

top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

v 29.9 15.6 15.2 4.2 30.6 20.4 30.9 21.1 14.5 3.7 20.9 9.4

v 44.3 19.9 20.8 4.0 34.7 20.9 38.5 22.9 16.5 15.4 27.9 12.4

v 48.2 20.9 342 54 41.5 21.7 39.1 20.3 17.8 16.9 29.9 13.7

v v 46.1 20.5 26.7 5.7 39.3 21.3 37.8 22.0 16.6 16.9 334 14.1

v v 514 21.1 34.6 6.0 41.3 22.8 38.9 23.2 18.3 16.5 34.0 13.5

v v 53.3 21.3 35.6 6.3 41.7 21.9 41.5 23.1 18.9 18.5 32.5 15.1

v v v 59.0 21.7 40.8 6.9 41.9 24.2 43.3 24.1 19.3 18.9 34.1 15.3

TABLE 7

Performance of our approach on different datasets when employing different amounts of structural relation heads (m = 2,4, 8, 16).

KS20 KGBD IAS-A TAS-B BIWI-W BIWI-S
m top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP
2 52.7 20.1 30.3 6.2 38.9 222 40.7 23.1 17.3 17.5 25.8 11.5
4 53.9 21.4 33.7 6.5 393 194 40.8 23.4 17.8 17.8 30.5 13.3
8 59.0 21.7 38.9 6.6 419 24.2 433 24.1 18.9 19.4 34.1 16.0
16 56.5 21.6 40.8 6.9 41.0 23.4 42.1 23.8 18.8 19.3 33.2 14.4
TABLE 8
Performance of our approach on different datasets when setting different coefficients (Ac = 0.1,0.25, 0.5, 1.0) for multi-level graph feature fusion.

A KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

c top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP
0.1 53.3 20.4 34.1 6.3 40.8 22.3 40.6 21.7 18.4 18.2 32.8 13.5
0.25 54.2 20.2 34.0 5.7 40.9 22.2 43.1 239 18.4 17.1 333 13.5
0.5 55.5 21.2 35.3 6.3 41.4 22.8 43.6 24.0 18.5 18.5 334 13.4
1.0 59.0 21.7 40.8 6.9 419 242 433 24.1 18.9 194 34.1 16.0

BIWI with the probe-gallery person re-ID setup. Considering that
our approach does not require any manual annotation and can
achieve highly competitive and more balanced performance with
a significantly smaller size of network parameters, as shown in
Table 2, it can be a more general solution to skeleton-based person
re-ID and related tasks. We will show broader applications of our
approach to more general person re-ID scenarios in Sec. 5.5.

5 FURTHER ANALYSIS
5.1 Ablation Study

In this section, we conduct ablation study to demonstrate the
necessity of each component in the proposed approach. We use
raw skeleton sequences as the baseline and report average per-
formance of each configuration. As reported in Table 5, we can
draw the following conclusions. The model utilizing single-level
skeleton graph with MSRL (Id = 2, 3) shows higher performance
than the baseline (Id = 1) that directly uses raw body-joint

sequences by 0.3-8.5% top-1 accuracy and 0.7-7.7% mAP on
all datasets, regardless of using SPC. Such results demonstrate
the effectiveness of graph representations, as it can model richer
body structural information and mine valuable body-component
relations to obtain a more discriminative skeleton representation.
Compared with the model without contrastive learning (Id = 2),
employing SPC (Id = 3) obtains consistent re-ID performance
improvement by up to 9.8% top-1 accuracy and 7.5% mAP
on different datasets. This justifies that the proposed SPC is
a highly effective contrastive learning paradigm, which enables
the model to mine more typical and unique skeleton features of
different identities from the unlabeled graph representations for
person re-ID. Exploiting the proposed multi-level graphs (Id =
4) performs better than solely using single-level graph (Id = 3)
with a remarkable margin of 2.1-16.7% top-1 accuracy and 0.4-
5.7% mAP, which demonstrates that modeling body structure and
relations at various levels with the proposed graph representations
(MG) can encourage the model to learn more useful skeleton
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TABLE 9
Performance of our approach on different datasets when setting different temperatures (= = 0.06,0.07,0.08, 0.1, 0.25, 0.5) for the SPC scheme.

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

T top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP
0.06 58.3 21.2 40.8 6.9 41.2 22.5 43.2 24.0 18.5 18.7 34.5 15.6
0.07 58.6 21.3 38.6 6.6 41.5 22.7 43.0 23.8 18.9 19.4 34.1 16.0
0.08 59.0 21.7 36.6 6.6 41.9 242 433 24.1 18.8 18.9 339 14.5
0.1 57.7 21.6 34.0 6.5 41.4 23.1 43.8 24.2 18.6 17.6 32.8 12.9
0.25 57.0 21.5 27.7 5.7 41.0 21.4 43.2 23.5 18.3 16.2 33.8 15.1
0.5 56.5 21.1 19.8 5.0 40.8 24.0 41.0 24.5 19.0 18.5 33.0 15.0

TABLE 10

Performance of our approach on different datasets when setting different minimum sample amount (a,,i» = 1, 2, 3,4) for the DBSCAN algorithm.

. KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S
man top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP
1 539 215 303 63 412 231 430 236 184 185 340 143
2 59.0 21.7 34.4 6.5 41.9 242 433 24.1 18.9 19.4 34.1 16.0
3 58.4 21.2 36.6 6.5 41.1 22.6 432 239 19.1 19.3 32.0 13.8
4 58.6 215 408 6.9 40.0 2.1 428 242 18.8 18.1 309 13.3
TABLE 11

Performance of our approach on different datasets when setting different maximum distances (e = 0.4, 0.6, 0.8, 1.0) for the DBSCAN algorithm.

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S
€ top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP
0.4 533 21.7 339 5.8 39.8 23.1 432 24.3 18.6 17.6 24.6 11.2
0.6 55.7 21.5 40.8 6.9 413 22.6 42.7 24.0 18.9 19.4 34.1 16.0
0.8 59.0 21.7 22.1 54 41.9 24.2 433 24.1 17.3 18.5 332 144
1.0 54.3 21.0 17.7 4.0 40.7 222 41.0 23.8 12.3 15.1 28.9 12.0

features for person re-ID. We will compare the effects of different
level graphs in the next section as well. Adding FCRL further
improves the overall performance in terms of both top-1 accuracy
by 0.8-13.9% and mAP by 0.5-2.6% on different datasets. Such
results verify our claim that combining structural and collaborative
body relation learning can facilitate capturing richer features of
body structure and skeleton patterns for the person re-ID task.

5.2 Discussions
5.2.1 Different Skeleton Graph Levels

To analyze the effects of different graph levels, Table 6 evalu-
ates the performance of our approach when combining different
graphs for person re-ID under the same optimal model setting.
Exploiting low-level graph representations can achieve evidently
better person re-ID performance than using high-level graphs by
1.3-19.0% top-1 accuracy on most datasets, which suggests that
the low-level graphs (e.g., part-level) that contain more body-
component nodes and body structural/relational information can
benefit learning more discriminative skeleton representations for
person re-ID. Combining different levels of graphs can improve
the person re-ID performance compared with solely using single-
level graphs (first three rows in Table 6) in most cases, while
the model exploiting all level graphs is the best performer among
different datasets. This further justifies that the proposed multi-
level graphs that model body structure and motion at various
levels enable our approach to capture more recognizable structural
features and pattern information for the person re-ID task.

5.2.2 Different Structural Relation Head Settings

As shown in Table 7, we show the effects of different amounts
of structural relation heads on our approach. It is observed that

introducing more learnable structural relation heads with larger m
values can improve the performance of our approach on different
datasets, as it can encourage capturing more spatially or motion
related features of adjacent body components. However, too many
structural relation heads, m = 16, for example, may cause the
model to learn redundant relation information and degrade model
performance on relatively limited training data such as KS20.

5.2.3 Different Graph Fusion Coefficients

The hyper-parameter )\"C"b controls the extent of fusing collabora-
tive node features between a'” level and b*" level graphs. Here we
use a unified A¢ to equally fuse features between different graph
levels, so as to better analyze the overall effects of collaborative
fusion. As reported in Table 8, improving A enables our model to
achieve better Re-ID performance in terms of both top-1 accuracy
and mAP on all datasets. Such results verify the necessity of
adequate collaborative graph fusion to learn more effective multi-
level skeleton graph representations for person re-ID. Based on
this observation, we set )\gb = 1 to fuse skeleton graph features.

5.2.4 Temperature Settings for SPC Scheme

As shown in Table 9, the model using lower temperature 7 can
obtain slightly better person re-ID performance. Since higher
temperatures tend to retain more similar features between different
skeleton prototypes, it might reduce the capacity of contrastive
learning on capturing inter-prototype differences and their under-
lying discriminative features. This result is also consistent with
our previous analysis that the proposed SPC scheme under an ap-
propriate temperature can encourage learning higher mRCL, i.e.,
inter-class differences, and more effective skeleton representations
for the person re-ID task. We also found that a high temperature
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Fig. 6. (a)-(c): Visualization of body-component collaborative relations (CR) across adjacent levels on KS20, BIWI and IAS. (d), (f), (h): CR value
matrices between G; and Gs. (e), (9), (i): CR value matrices between G> and Gs. The ordinate and abscissa denote indices of body-component

nodes in low-level graph and high-level graphs. We visualize top-2 relation values in each matrix row by drawing red and green lines in (a)-(c).

could lead to an evident degradation of model performance on
the KGBD dataset that contains more individuals. In practice, we
select the best model temperature for datasets of different sizes to
achieve more balanced and better person re-ID performance.

5.2.5 Different Settings for DBSCAN

We adjust the sample density, 7.c. minimum sample amount @,
within the maximum distance €, in the DBSCAN algorithm to
encourage more balanced and stable clustering. In Table 10 and
Table 11, it is seen that relatively lower a,,;,, and higher €, which
enhances the connectedness of skeleton instances in larger clusters
and generates less prototypes, can boost the model performance in
most cases. However, on larger datasets such as KGBD, setting
a high € is shown to reduce the overall performance, while
adopting lower € and higher a,;y, ¢.e., improving the amount
of prototypes, can facilitate person re-ID performance. It suggests
that more diverse skeleton prototypes may encourage mining
richer discriminative features in the case of more identities.

5.3 Analysis of Body Relation Learning

To validate the ability of our approach on inferring body-
component relations between different graphs, we visualize col-
laborative relations and corresponding relation value matrices of
different graphs in Fig. 6. Here we take collaborative relations be-
tween adjacent graph levels as an example for analysis. As shown
in Fig. 6 (a)-(c), we can see that our approach can learn to assign
larger relation values to significantly moving body partitions such
as feet, hips, hands, and elbows (nodes 0, 1, 2, 3, 6, 7, § and 9 in
G1), which typically perform collaborative motion during walking
process and can carry abundant and unique motion features. By
inferring inherent relations between these body components and
fusing them into multi-level graph representations, our model
is able to focus on crucial patterns of skeletal motion to learn
more effective skeleton representations. Our approach can not only
capture relations of major body components to their corresponding
high-level components, but also allocate different attention to
potentially motion-related components. For example, as shown in
Fig. 6(d), Fig. 6(f) and Fig. 6(h), the movement of arms (nodes

3 and 4 in G5) is highly correlated with the leg motion (nodes
0, 1, 2 and 3 in G7), and different parts of them enjoy varying
degree of collaboration in walking. Such results demonstrate that
our approach can capture body-related high-level semantics (e.g.,
body-component correspondence) and meanwhile facilitate global
pattern learning of correlative components. More graph details and
visualization results are provided in the Appendix.

5.4 Analysis of Skeleton Representations
5.4.1

In this section, we further analyze the effectiveness of the learned
skeleton representations with the proposed mACT and mRCL
metrics, and compare our approach with existing self-supervised
and unsupervised methods, AGE [19], SGELA [20], SM-SGE
[22]), on all datasets. As shown in Fig. 7, we can obtain the
following crucial analysis. The representations learned by the pro-
posed SPC-MGR enjoy the highest mACT and mRCL among all
methods on different datasets, which indicates that our approach
is able to learn higher similarity for the same-class instances while
improving the distance between different classes. Such results also
substantiate our intuition on SPC scheme that maximizing intra-
prototype similarity and inter-prototype dissimilarity can encour-
age capturing both similar and unique semantics of ground-truth
classes in skeleton representation learning. The model obtaining
both higher mACT and mRCL can also achieve better person re-
ID performance in most cases. For example, our method, SGELA,
and SM-SGE achieve higher top-1 accuracy and mAP than AGE
on KS20 and BIWTI testing sets (see Table 2 and Table 3), which
is consistent with results of mACT and mRCL shown in Fig. 7(b)
and Fig. 7(d). This further verifies that the proposed mACT and
mRCL can serve as auxiliary evaluation metrics to help analyze
the effectiveness of learned representations in person re-ID tasks.

Intra-Class Tightness and Inter-Class Looseness

5.4.2 Visualization of Skeleton Representations

We conduct a T-SNE [59] visualization of skeleton representations
for a qualitative analysis, and compare our approach with two
state-of-the-art skeleton-based methods, i.e., AGE [19], SM-SGE
[22]. As presented in Fig. 8(c), the skeleton representations learned
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t‘; L. ~, ¢ N SHl
NI N Pl SR z )
Py ¥ L eV Sov e ST~
{" 8 (.:.’ \\'\ y . pRed, 'O S -t~
g.;r..‘; a &. f e N AEBRe (-} r

N ‘;:'w ; Ve g/ ‘Q b “ « /;‘

<J o o4 ©

(a) AGE (BIWI) (b) SM-SGE (BIWI) (c) SPC-MGR (BIWI) (d) AGE (KS20) (e) SM-SGE (KS20) (f) SPC-MGR (KS20)

Fig. 8. T-SNE visualization of the skeleton representations learned by AGE ((a),(d)), SM-SGE ((b), (e)), and the proposed SPC-MGR ((c), (f)) for
the first 10 classes in BIWI and KS20 datasets. Note: Different colors indicate skeleton representations of different classes.

TABLE 12
Performance comparison with appearance-based and skeleton-based methods on CASIA-B. Note: “CI-Nm” denotes the probe set under “Clothes”
condition and gallery set under “Normal” condition. T refers to appearance-based methods and * represents requiring label information for training.
‘—” indicates no published result.

Probe-Gallery

Nm-Nm

Bg-Bg

Methods

top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP

TLMNN* [55] 39 227 361 — 183 38.6 492 —
TITML* [56] 75 222 342 — 195 260 337 —
TELF* [54] 123 356 503 — 58 255 376 —
TSDALF [57] 49 27.0 416 — 102 335 472 —
fScore-based MLR* [58] 13.6 48.7 637 — 13.6 487 637 —
Feature-based MLR* [58] 16.3 434 608 — 189 448 594 —
AGE [19] 20.8 293 342 35 371 562 670 9.8
SM-SGE [22] 502 73.5 819 6.6 2066 490 594 93
SPC-MGR (Ours) 71.2 88.0 928 9.1 443 664 764 114

CI-Cl CIl-Nm Bg-Nm
174 357 458 — 11.6 126 178 — 23.1 371 444 —
20.1 344 433 — 103 245 361 — 21.8 304 363 —
199 439 567 — 56 160 263 — 17.1 300 379 —
16.7 420 567 — 11.6 194 276 — 229 301 361 —
135 486 639 — 97 278 451 — 147 326 502 —
254 533 689 — 203 426 569 — 318 53.6 641 —
355 543 653 9.6 14.6 33.0 427 3.0 324 512 60.1 39
272 514 632 9.7 106 263 359 3.0 16.6 368 475 35
483 71.6 81.6 11.8 224 404 51.0 43 289 493 59.1 4.6

by our approach can form different class clusters with higher
separation than AGE and SM-SGE on BIWI, which suggests the
lower entropy of our representations. Interestingly, it is observed
that the learned representations on KS20 are separated in small
groups of the same class, as shown in Fig. 8(f), which enjoys
significantly larger looseness than other two methods. Such results
imply that our model may learn skeleton representations with finer
separation and enable pattern-based grouping in a specific class.

5.5 Broader Applications Under General Scenarios

In more general person re-ID scenarios such as large-scale RGB-
based scenes, the source datasets might only contain RGB images
without any skeleton data or lack sufficient data for model training.
For the former case, the proposed approach can exploit unlabeled
3D skeletons estimated from RGB videos to learn effective repre-
sentations for the person re-ID task. In the later case, our approach
is able to directly transfer the pre-trained model to perform person
re-ID on a new dataset. We show the broader applications of our
approach under these general settings as follows.

5.5.1 Application to Model-Estimated Skeleton Data

To verify the effectiveness of our skeleton-based approach when
applied to large-scale RGB-based settings (CASIA-B), we ex-
ploit pre-trained pose estimation models [60], [61] to extract 3D
skeleton data from RGB videos of CASIA-B, and evaluate the
performance of our approach with the estimated skeleton data.
We compare our approach with representative appearance-based
methods [54]-[58] and skeleton-based methods [19], [22]. As
reported in Table 12, our approach is superior to recent skeleton-
based methods SM-SGE and AGE with an evident performance
gain of 7.2-50.4% top-1 accuracy and 1.1-5.6% mAP in four out
of five evaluation conditions of CASIA-B, which substantiates that
the proposed approach is capable of learning more discriminative
skeleton representations than these methods in the case of us-
ing model-estimated skeleton data. Compared with representative
classic appearance-based methods that utilize visual features, e.g.,
RGB features and silhouettes, our skeleton-based approach still
achieves the best performance in most conditions. For instance,
our approach not only performs better than LMNN [55] and ITML
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TABLE 13
Generalized person re-ID performance of our approach with direct domain generalization (DG) from source datasets (“Source”) to target datasets
(“Target”). “UF” represents fine-tuning the source model with the unlabeled data of target datasets. BIWI-W/S denotes the Walking/Still testing set
of BIWI. Bold numbers indicates that the model using “DG” or “UF” obtains better performance than the original one trained on the same dataset.

Source KS20 KGBD IAS-Lab BIWI

Target Type top-1 top-5 top-10 mAP top-1 top-5 top-100 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP
KS20 DG — — — — 19.7 543 69.7 102 20.1 604 75.6 135 297 627 79.9 15.0
UF 59.0 79.0 86.2 217 484 717 85.2 21.6 522 783 89.1 228 50.8 79.7 87.1 21.9

KGBD DG 183 373 46.7 4.4 — — — — 156 356 46.2 4.0 20.5 40.8 50.1 49

UF 28.5 452 52.9 64 408 575 65.0 6.9 31.1  48.1 55.7 6.5 297 474 55.0 6.4

IAS-A DG 279 57.1 71.5 1566  29.6 565 71.6 16.0 — — — — 27.5 53.6 67.9 14.4
UF 428 677 77.5 23.0 341 594 72.0 184 419 663 75.6 242 372 618 72.2 23.8

IAS-B DG 320 60.6 72.0 157 295 588 68.9 16.5 — — — — 27.0 57.6 70.5 13.5
UF 454 688 814 290 359 616 72.1 219 433 684 79.4 241  39.1 669 74.5 24.2

BIWL-W DG 193 315 38.9 19.6 103 225 33.1 120 100 23.1 31.1 15.9 — — — —
UF 21.6 323 409 207 150 29.6 39.1 143 177 293 36.2 16.6 189 315 40.5 19.4

BIWLS DG 23.8 522 69.9 142 19.0 494 67.4 8.5 18.8  46.1 61.1 12.2 — — — —
UF 404 629 74.2 162 213 465 57.2 9.8 279 445 63.9 128 341 573 69.8 16.0

[56] that use metric learning with different visual features (RGB
and HSV colors and textures) [58], but also surpasses the score-
based MLR model [58] that fuses RGB appearance and GEI fea-
tures by up to 57.6% top-1 accuracy, 39.3% top-5 accuracy, and
29.1% top-10 accuracy. Despite only utilizing estimated skeleton
data with noise for training, the proposed unsupervised approach
can still obtain highly competitive performance compared with su-
pervised appearance-based methods in different conditions, which
demonstrates the great potential of our approach to be applied to
large-scale RGB-based datasets under more general re-ID settings.

5.5.2 Application to Generalized Person Re-Identification

Our approach can learn a unified skeleton graph representation
for different skeleton data with varying body joints or topologies,
which enables the pre-trained model to be directly transferred
to different datasets for the generalized person re-ID task. To
evaluate the effectiveness of our approach on generalized person
re-ID, we exploit the model trained on the source dataset to
perform person re-ID on the target dataset, i.e., direct domain
generalization (DG), and then further fine-tune the model with the
unlabeled data of target datasets, ¢.e., unsupervised fine-tuning
(UF), to compare the generalization performance. As shown in
Table 13, we can draw the following observations and conclusions.
The model trained on one dataset can achieve competitive person
re-ID performance on other unseen target datasets. Direct gener-
alization is shown to be effective among different datasets, while
unsupervised fine-tuning on the target dataset can further improve
the person re-ID performance. Such results demonstrate that our
approach possesses good generalization ability with robustness
to domain shifts [62] and can be promisingly applied to other
open person re-ID tasks. Interestingly, we observe that training on
different source datasets typically leads to different person re-ID
performance on a new dataset. For example, the model trained
on the KGBD fails to yield satisfactory performance on IAS-
B, BIWI-W and BIWI-S, while the pre-trained model of KS20
with further fine-tuning on those testing sets can achieve superior
performance to the original ones, as shown by the bold numbers in
Table 13, which implies that an appropriate domain initialization
or model pre-training of our model could be potentially exploited
to facilitate better generalized person re-ID performance.

6 CONCLUSION AND FUTURE WORK

In this paper, we devise unified multi-level graphs to represent
3D skeletons, and propose an unsupervised skeleton prototype
contrastive learning paradigm with multi-level relation modeling
(SPC-MGR) to learn effective skeleton representations for person
re-ID. We devise a multi-head structural relation layer to capture
relations of neighbor body-component nodes in graphs, so as to ag-
gregate key correlative features into effective node representations.
To capture more discriminative patterns in skeletal motion, we
propose a full-level collaborative relation layer to infer dynamic
collaboration among different-level components. Meanwhile, a
multi-level graph fusion is exploited to integrate collaborative
node features across graphs to enhance structural semantics and
global pattern learning. Lastly, we propose a skeleton prototype
contrastive learning scheme to cluster unlabeled skeleton graph
representations and contrast their inherent similarity with repre-
sentative skeleton features to learn effective skeleton represen-
tations for person re-ID. The proposed SPC-MGR outperforms
several state-of-the-art skeleton-based methods, and is also highly
effective in more general person re-ID scenarios.

There exist two limitations in our study. The 3D skeletons used
in this work are collected with relatively high precision with little
noise, while a more general scenario for skeleton collection and
person re-ID (e.g., extracted from RGB videos in outdoor scenes)
has not been thoroughly studied. The datasets for evaluation are
with relatively limited scale when compared with prevalent RGB-
based re-ID datasets like MSMT17, since large-scale 3D skeleton
based re-ID benchmarks with more pedestrians and scenarios are
still unavailable. To facilitate skeleton-based research, we will
build and open our own skeleton-based re-ID datasets in the future.

We believe that this work makes progress towards lightweight,
general, and robust person re-ID research, where we for the first
time exploit unlabeled 3D skeleton data of small scale to learn dis-
criminative and generalizable pedestrian representations to effec-
tively perform unsupervised, multi-view, and generalized person
re-ID. There are several potential directions to be further explored.
More efficient clustering schemes, such as memory-based cluster-
ing, could be devised to improve the stability and consistency of
skeleton representation learning in clustering. Combining finer-
grained contrastive learning is able to help bootstrap clustering,
while employing skeleton augmentation strategies could sample



more instances to enhance the skeleton prototype contrastive
learning. Another important direction is to explore graph-based
self-supervised pretext tasks to facilitate capturing richer high-
level graph semantics from unlabeled graph representations. Our
model can be potentially transferred to other skeleton-based tasks,
such as 3D human action recognition, and we can expect it to
synergize other modalities for more computer vision tasks.

7 ETHICAL STATEMENTS

Person re-ID is a crucial task providing significant value for both
academia and industry. Nevertheless, it could be a controversial
technology like face recognition, since its improper application
will probably pose threat to the public privacy and society security.
In this context, we would like to emphasize that all datasets in
our experiments are either publicly available (IAS-Lab, BIWI,
KGBD) or officially authorized (CASIA-B, KS20). The official
agents of those datasets have confirmed and guaranteed that
all data are collected, processed, released, and used with the
consent of subjects. For the protection of privacy, all individuals
in datasets are anonymized with simple identity numbers. Besides,
our approach and models must only be used for research purpose.
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