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Abstract

Person re-identification (re-ID) via 3D skeleton data is a chal-
lenging task with significant value in many scenarios. Exist-
ing skeleton-based methods typically assume virtual motion
relations between all joints, and adopt average joint or se-
quence representations for learning. However, they rarely ex-
plore key body structure and motion such as gait to focus on
more important body joints or limbs, while lacking the ability
to fully mine valuable spatial-temporal sub-patterns of skele-
tons to enhance model learning. This paper presents a generic
Motif guided graph transformer with Combinatorial skeleton
prototype learning (MoCos) that exploits structure-specific
and gait-related body relations as well as combinatorial fea-
tures of skeleton graphs to learn effective skeleton representa-
tions for person re-ID. In particular, motivated by the locality
within joints’ structure and the body-component collabora-
tion in gait, we first propose the motif guided graph trans-
former (MGT) that incorporates hierarchical structural motifs
and gait collaborative motifs, which simultaneously focuses
on multi-order local joint correlations and key cooperative
body parts to enhance skeleton relation learning. Then, we
devise the combinatorial skeleton prototype learning (CSP)
that leverages random spatial-temporal combinations of joint
nodes and skeleton graphs to generate diverse sub-skeleton
and sub-tracklet representations, which are contrasted with
the most representative features (prototypes) of each identity
to learn class-related semantics and discriminative skeleton
representations. Extensive experiments validate the superior
performance of MoCos over existing state-of-the-art models.
We further show its generality under RGB-estimated skele-
tons, different graph modeling, and unsupervised scenarios.

Code — https://github.com/Kali-Hac/MoCos

Introduction
Person re-identification (re-ID) aims at matching and re-
trieving a person-of-interest from different views or scenes,
which assumes an essential role in security authentication,
smart surveillance, human tracking, and robotics (Vezzani,
Baltieri, and Cucchiara 2013; Ye et al. 2021). Recent ad-
vancements in low-cost and accurate skeleton-tracking de-
vices (e.g., Kinect (Shotton et al. 2011)) have streamlined
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Figure 1: Our approach exploits various graph motifs to en-
hance skeletal relation learning, and utilizes diverse spatial
(S.) and temporal (T.) combinatorial skeleton features to per-
form skeleton prototype learning for person re-ID.

the collecting of 3D skeletons to make them as a popular
and generic data modality for gait analysis and person re-ID
(Liao et al. 2020; Rao et al. 2021b; Rao, Leung, and Miao
2024). Compared with traditional person re-ID methods that
rely on appearance features (Wang et al. 2016), skeleton-
based models typically utilize body structural features and
motion patterns of key body joints to identify different per-
sons, which could possess many merits such as lighter inputs
and models, better privacy protection (e.g., without using
appearances or faces), and more robust performance under
view, scale, and background variations (Han et al. 2017).

Early skeleton-based methods (Andersson and Araujo
2015) extract hand-crafted anthropometric and gait descrip-
tors (e.g., kinematic parameters) based on domain expertise,
while they are often incapable of exploiting latent skeleton
features beyond human cognition. Recent years have wit-
nessed the great success of deep neural networks such as
graph transformers for skeleton-based person re-ID (Liao
et al. 2020; Rao and Miao 2023). A common practice in
these studies is to combine body-joint relation modeling
and skeleton prototype learning (e.g., class feature cluster-
ing and contrasting) (Rao and Miao 2022; Rao and Miao
2023). However, most methods learn body joint or compo-
nent relations with the assumption of virtual motion con-
nections among all joints (Rao et al. 2021c; Rao and Miao
2023), while they typically lack a specific focus on key body
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joints or local body parts that are highly related to walking
patterns (e.g., gait) to capture more discriminative features.
On the other hand, existing works usually leverage average
skeleton or sequential features (Rao and Miao 2022) to per-
form representation learning, while they rarely harness dif-
ferent combinatorial spatial or temporal patterns (e.g., sub-
patterns) of key body joints, parts or skeletons to enhance
the skeletal structure and motion learning. For example, dif-
ferent combinations of key joints such as hip and knee joints
may characterize different structural features in walking pat-
terns, while a combination of partial consecutive skeletons
could contain key sub-patterns of a sequence, both of which
can be utilized to mine more valuable skeleton features.

To address the aforementioned challenges, we propose a
generic Motif guided graph transformer with Combinatorial
skeleton prototype learning (MoCos) (illustrated in Fig. 1),
which exploits different graph motifs to guide body-joint
relation learning in terms of key body structure and mo-
tion, and leverages different spatial-temporal feature com-
binations of both joints and skeletons to enhance skeleton
graph representation learning for person re-ID. In particu-
lar, motivated by the local correlations (referred to as local-
ity) within hierarchical body joints’ structure, we first de-
vise hierarchical structural motifs (HSM), which endow
body joints with different semantic roles of connections, to
specially focus on multi-order dependencies of body joints
and their structural correlations to capture richer skeleton
patterns. Then, considering that collaborative movements of
upper and lower limbs usually contain unique (e.g., identity-
specific) gait patterns (Murray, Drought, and Kory 1964), we
propose gait collaborative motifs (GCM) that focus on both
local and global motion relations of key limbs’ joints to en-
courage the model to capture more salient gait features. By
incorporating HSM and GCM into the joint relation learn-
ing, we devise the motif guided graph transformer (MGT)
to simultaneously capture key body relations from hierar-
chical local structure of joints and gait-related collaborative
components for person re-ID. Last, to exploit more valuable
combinatorial patterns from skeletons and their sequences, a
combinatorial skeleton prototype learning (CSP) approach
is proposed to randomly mask body-joint nodes and skele-
ton graphs to generate spatial-temporal combinatorial graph
features at both levels of sub-skeletons and sub-tracklets,
which are utilized to contrast and learn the most represen-
tative skeleton graph features (referred to as prototypes) of
each identity. CSP pulls different combinatorial skeleton
graph representations closer to corresponding prototypes,
and pushes them apart from other prototypes, so as to fa-
cilitate the model to learn distinguishing skeleton features
and high-level class-related semantics for person re-ID.

Our main contributions can be summarized as follows:

• We propose a generic MoCos paradigm that exploits di-
verse graph motifs and combinatorial skeleton features to
learn effective representations from skeleton graphs for
person re-ID. To the best of our knowledge, MoCos is
the first exploration of structure-specific and gait-based
graph motifs to enhance skeleton relation and prototype
learning specifically for skeleton-based person re-ID.

• We devise the motif guided graph transformer (MGT) by
synergizing hierarchical structural motifs (HSM) and gait
collaborative motifs (GCM) to guide body-joint relation
learning, so as to capture more discriminative body struc-
tural and gait features within skeletons for person re-ID.

• We propose the combinatorial skeleton prototype learn-
ing (CSP) that leverages combinatorial spatial-temporal
graph features of joints (sub-skeletons) and skeletons
(sub-tracklets) to learn more key skeleton patterns.

• Empirical evaluations on five public datasets validate that
MoCos significantly outperforms existing state-of-the-art
methods and can be effectively applied to different graph
modeling, RGB-estimated or unsupervised scenarios.

Related Works
Skeleton-Based Person Re-Identification. Skeleton-based
person re-ID focuses on the problem of matching and re-
trieving a certain person based on spatial and temporal rep-
resentations of skeletal human body and gait (2024; 2024;
2023; 2024). Early-stage studies manually extract skeleton
or body-joint descriptors in terms of anthropometric and
gait attributes for person re-ID. Barbosa et al. compute Eu-
clidean distances between different joint pairs as descriptors,
while they are further extended to 13 (D13 (Munaro et al.
2014b)) and 16 skeleton descriptors (D16 (Pala et al. 2019))
to perform person re-ID. Most recent methods (2020; 2021b;
2023; 2024) leverage deep learning models for skeleton se-
quence or skeleton graph representation learning. PoseGait
(Liao et al. 2020) is proposed to encode 3D pose features
and joint-based motion descriptors (denoted as DPG) for hu-
man recognition. Rao et al. utilize an encoder-decoder model
with attention mechanisms (AGE) to encode skeleton-based
gait patterns, while its extension SGELA (Rao et al. 2021b)
further enhances self-supervised skeleton semantic learning
with diverse skeletal pretext tasks (e.g., time series fore-
casting (Feng et al. 2024; Zhicheng et al. 2024)) and inter-
sequence contrastive mechanisms for the person re-ID task.
Rao and Miao propose a masked contrastive learning frame-
work (SimMC) to perform skeleton prototype learning with
intra-sequence relation learning for person re-ID. The multi-
scale skeleton graphs are explored in (2021c; 2021a; 2022)
to learn body relations and patterns at various levels. In (Rao
and Miao 2023), a skeleton graph transformer is devised to
learn both skeleton and sequential graph features for per-
son re-ID. A general skeleton feature re-ranking mechanism
is proposed in (Rao, Li, and Miao 2022) for skeleton-based
person re-ID. Hi-MPC (Rao, Leung, and Miao 2024) utilizes
hierarchical prototype learning with a hard skeleton min-
ing approach to learn discriminative skeleton features. Ex-
isting multi-modal person re-ID methods usually combine
skeleton-based features with extra RGB or depth informa-
tion (e.g., depth shape features based on point clouds (Mu-
naro et al. 2014a; Hasan and Babaguchi 2016; Wu, Zheng,
and Lai 2017)) to boost re-ID accuracy. For example, some
works combine RGB images and skeleton data to learn aux-
iliary anthropometric attributes (Wang et al. 2020), body
parts correlations (Lu et al. 2023), and clothing-invariant
features (Nguyen et al. 2024) to enhance their performance.
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Graph Motifs. Motifs define different patterns of con-
nections in graphs or networks via specifying the pattern-
context nodes relevant to a target node of interest (Sankar,
Zhang, and Chang 2017), which have been widely applied
to many areas such as neuroscience and computer vision.
(2004; 2007; 2022; 2023) A few recent works (Wen et al.
2022, 2019) integrate motifs into graph convolutional net-
works (GCNs) to learn skeleton features from joints of in-
terest and their context for action recognition. As far as we
know, this work is the first exploration of structural and gait-
based graph motifs with high-order semantic roles of joints
specifically for skeletal relation learning and person re-ID.

Methodology
Preliminary
Problem Definition. Suppose that a 3D skeleton sequence
X=(x1, · · · ,xf ) ∈ Rf×J×3, where f denotes the number
of skeletons in the sequence and xi ∈ RJ×3 represents the
ith skeleton with 3D coordinates of J body joints. Each se-
quence X corresponds to an identity class y ∈ {1, · · · , C}
and C is the number of different identity classes. We de-
note the Training set, Probe set, and Gallery set as ΦT ={
XT

i

}n1

i=1
, ΦP =

{
XP

i

}n2

i=1
, and ΦG =

{
XG

i

}n3

i=1
, which

respectively contain n1, n2, and n3 skeleton sequences of
different persons collected from different scenes or views.
The model target is to encode skeleton sequences into effec-
tive representations, so that we can query the correct iden-
tity of each skeleton sequence representation (denoted as
{V P

i }
n2
i=1) in the probe set via matching it with the sequence

representations (denoted as {V G
i }

n3
i=1) in the gallery set.

Skeleton Graph Construction. We construct skeleton
graphs based on the physical connections of human body
joints (Rao and Miao 2023): For the tth skeleton xt, we rep-
resent it as the graph Gt (Vt, Et), which consists of J nodes
Vt = {vt

1,v
t
2, · · · ,vt

J}, vt
i ∈ R3, i ∈ {1, · · · , J} and edges

Et = {eti,j |vt
i,v

t
j ∈Vt}, eti,j ∈ R. Here Et denotes the set

of connections and motion relations between different joints,
and can be represented with an adjacent matrix At ∈ RJ×J ,
initialized by the connections of adjacent body joints.

Motif Guided Graph Transformer
Different body joints and parts of a pedestrian typically pos-
sess unique relations, such as structural relations between
adjacent joints, and actional relations between non-adjacent
parts, characterizing discriminative walking patterns (Mur-
ray, Drought, and Kory 1964; Rao et al. 2021a). Existing
methods typically perform global relation learning with the
assumption of virtual motion relations among all joints (Rao
and Miao 2023), while they rarely exploit local hierarchical
structure of joints (defined as “locality”) or key gait-related
body components to capture richer valuable relations. To
this end, we propose to endow body-joint nodes with differ-
ent relational semantic roles (defined as “motifs” for skele-
ton graphs), and devise the motif guided graph transformer
(MGT) to simultaneously focus on their hierarchical struc-
tural relations and gait collaborative relations to learn ef-
fective skeleton graph representations for person re-ID.

Graph Transformer (GT). First, given a skeleton graph,
its J node representations are integrated with their positional
encoding based on the graph adjacency matrix At (Rao and
Miao 2023), which can be formulated as:

hi = (W1vi + b1) + (W2λi + b2) , (1)

where hi ∈ RD represents the position-encoded representa-
tion of ith node, λi ∈ RK denotes the i-node’s positional en-
coding extracted from the K smallest non-trivial eigenvec-
tors of graph Laplacian matrix following (Dwivedi and Bres-
son 2021), and W1 ∈ RD×3,W2 ∈ RD×K , b1, b2 ∈ RD

are learnable parameters to map ith node vi and correspond-
ing positional encoding into feature spaces of the same di-
mension D. Then, GT computes the preliminary relation
value of joints (referred to as “full relations (FR)”) by

Rk,l
i,j = Softmaxj

(
(Qk,lh

(l)
i ) · (Kk,lh

(l)
j )

√
Dk

)
. (2)

In Eq. (2), Qk,l,Kk,l ∈ RDk×D represent the learnable
weight matrices for query and key transformations in the
kth relation head of the lth GT layer, 1√

Dk
is the scaling fac-

tor of dot-product similarity, and Rk,l
i,j denotes the softmax-

normalized relational value between the ith and jth joint
captured by the kth relation head in the lth layer.

Hierarchical Structural Motifs. To guide the model to
fully capture skeleton patterns from body joints’ physical
connections and the multi-level dependencies within their
local hierarchical structure, we devise the hierarchical struc-
tural motifs (HSM) to learn structural body relations from
different-order neighbors of joint nodes. The focused body-
joint relations of HSM can be represented as a matrix with

Am
i,j =

1 if j ∈
m⋃

k=1

N k
i

0 otherwise
, (3)

where m ∈ {1, 2, 3}, Am ∈ RJ×J denote the m-order
HSM matrix, i ∈ {1, 2, · · · , J}, and N k

i represents the in-
dices for k-order neighbors of the ith body-joint node (i.e.,
nodes with k-hop distance to the ith node). Intuitively, the
m-order HSM Am defines Rm = 2m + 1 semantic roles
for all joint nodes: A1 contains R1 = 3 roles, including a
joint node itself, its parent node, and child node; A2 con-
tains R2 = 5 roles, including a joint node itself, its grand-
parent node, parent node, child node, and grandchild node,
while A3 (R3 = 7) further includes the roles of its great-
grandparent node and great-grandchild node. Note that HSM
does NOT require pre-defining the directions of node con-
nections but views them as bi-directional to focus on the
general hierarchical structure of joints. The maximum or-
der is empirically set to 3 as the center joint of spine in most
datasets has up to 3-hop neighbors (Li et al. 2021). By si-
multaneously focusing on relations of each body-joint node
to its immediate and higher-level connected neighbors, HSM
encourages the model to encode the inherent hierarchical
structure (e.g., high-order locality) of joints’ positions and
motion to capture more valuable patterns of skeleton graphs.
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Figure 2: Schematics of our approach: First, with position-encoded node representations for each skeleton graph Gt, MGT
incorporates hierarchical structural motifs (HSM) and gait collaborative motifs (GCM) to perform body relation learning,
which concurrently focuses on multi-order structural correlations and gait-related collaborative body parts to enhance skeleton
pattern learning. Then, CSP temporally and spatially masks joints and graphs to generate combinatorial sub-skeleton (SSk)
and sub-tracklet (STr) representations, which are contrasted with skeleton prototypes generated from same-identity spatially-
temporally averaged (S-Avg and T-Avg) skeleton graph representations. We enhance the similarity of both SSk and STr level
features to their corresponding prototypes, while maximizing their dissimilarity to other prototypes by optimizing LCSP.

Gait Collaborative Motifs. Motivated by the gait prop-
erty that different key body components (e.g., arms and
legs) usually perform collaborative motion characterizing
identity-specific patterns (Murray, Drought, and Kory 1964),
we propose the gait collaborative motifs (GCM) to guide the
model to learn more salient patterns from motion units of
both upper and lower limbs (see Fig. 2). In particular, we
regard each body joint in limbs as a basic motion unit, and
focus on its local relations within the same limb and global
relations with other limbs to facilitate the gait pattern learn-
ing. We define GCM with the focused body-joint relations
as

Bm
i,j =

1 if i ∈ Im, j ∈
2⋃

k=1

Ik, j ̸= i

0 otherwise
, (4)

where m ∈ {1, 2}, B1,B2 ∈ RJ×J denote the GCM matri-
ces for the upper and lower limbs, I1 and I2 represent the
sets of indices for joint nodes in upper limbs (e.g., arms) and
lower limbs (e.g., legs) respectively (visualized in Appendix
I). Specifically, each GCM matrix defines R̂ = 3 semantic
roles for all joint nodes: B1 (or B2) contains the roles of a
joint node in a upper (or lower) limb, its locally-correlated
sibling nodes (i.e., nodes in the same limb), and its globally-
collaborative nodes in other limbs. In this way, GCM aims
to focus on both local and global relation learning of limb
motion units to encourage mining more unique cooperative
skeleton patterns from their gait-related components.

By incorporating HSM and GCM into the relation learn-
ing process of GT, we devise the motif guided graph trans-
former (MGT) to jointly focus on hierarchical body-joint
structure and gait-related components to capture more key
skeleton patterns. In particular, MGT computes motif-guided
relations (MR) by updating Eq. (2) to (illustrated in Fig. 2)

R̂
k,l

i,j = Softmaxj

(
Mk

i,j(Q
k,lh

(l)
i ) · (Kk,lh

(l)
j )

√
Dk

)
, (5)

where

Mk
i,j =


Ak

i,j if k ∈ {1, 2, 3}
Bk−3
i,j if k ∈ {4, 5}

1 otherwise
. (6)

In Eq. (5) and (6), h(l)
i ∈ RD denotes the feature repre-

sentation of the ith joint encoded by the lth MGT layer,
R̂

k,l

i,j represents the relation value between the ith and jth

joint computed by the kth MR head in the lth layer, k ∈
{1, 2, · · · , H}, and H is the number of MR heads. MGT
adopts multiple MR heads to jointly perform motif-guided
and full relation learing, which are then aggregated into the
each graph node representation with

ĥ
(l)

i = Ol

∥∥∥∥H
k=1

 J∑
j=1

R̂
k,l

i,jV
k,lh

(l)
j

 , (7)
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where V k,l ∈ RDk×D represent the learnable weight ma-
trices for value transformation in the kth MR head of the
lth MGT layer, Ol ∈ RD×D is the parameter matrix for
output transformation,

∥∥ represents the concatenation oper-

ation, ĥ
(l)

i ∈ RD denotes the ith node representation that
concatenates node features learned from different MR heads
in the lth layer, For convenience, we use ht

i to denote the
final representation (i.e., concatenated node representation
of the last MGT layer) of ith node in tth skeleton graph.

By integrating different motifs (Eq. (3), (4)) into the rela-
tion computation (Eq. (5), (6)), we encourage the model to
focus on both multi-level structural relations and gait-related
collaboration of key joints to capture richer effective patterns
for person re-ID. It is worth noting that the proposed multi-
head MGT naturally generalizes the self-attention based GT
(Rao and Miao 2023) to local and global body relation learn-
ing using skeleton-specific motifs. The proposed motifs can
also be generally applied to non-graph models, unsupervised
skeleton data, and different-scale skeleton representations.

Combinatorial Skeleton Prototype Learning
To mine the most representative skeleton features of each
identity for person re-ID, existing solutions (Rao and Miao
2022; Rao and Miao 2023) typically average spatial or tem-
poral features of skeletons for prototype clustering and con-
trasting, while they rarely harness different combinatorial
spatial-temporal patterns of body joints, parts or skeletons to
learn more effective representations. For example, a subset
or dynamic combination of key body joints such as wrist,
knee and foot joints (defined as “sub-skeleton representa-
tions”) can depict different body structural features within
gait, while different key segments of a skeletal walking
tracklet (defined as “sub-tracklet representations”) typically
contain diverse sub-patterns (Zhang et al. 2020), both of
which can be exploited to learn more informative and unique
features. To this end, we propose the combinatorial skeleton
prototype learning (CSP) that leverages spatial-temporal
combinatorial graph representations of sub-skeletons and
sub-tracklets to jointly perform skeleton prototype learning.

Given the tth skeleton graph representation (ht
1, · · · ,h

t
J)

containing J spatial representations of body-joint nodes,
we utilize random masks to generate a subset of nodes to
construct its spatial combinatorial representation (i.e., sub-
skeleton representation) by

v̂t =
1

NS

J∑
j=1

xjh
t
j , (8)

where v̂t ∈ RD is the sub-skeleton representation of tth

skeleton graph by randomly masking nodes, xj ∈ {0, 1} de-
notes the jth mask that is an independent and identically dis-
tributed Bernoulli random variable with the probability ps of
being 0 (i.e., xj ∼ Bernoulli(1− ps)), and NS =

∑J
j=1 xj

represents the number (i.e., subset size) of unmasked node
representations. Each unmasked node representation is as-
sumed to be equally important and we average them to be
the sub-skeleton graph representation. In practice, the maxi-
mum number of masked node representations is J − 1 (i.e.,

NS ≥ 1) to avoid empty skeleton representation. Here we
adopt Bernoulli distribution for combinatorial feature gen-
eration due to its simplicity and computational tractability
(Boluki et al. 2020), while other probabilistic distributions
can be also extended and applied to the proposed masking.

Then, provided the spatial combinatorial representations
(v̂1, · · · , v̂f ) of f consecutive skeleton frames (defined as
“a skeletal walking tracklet”), we generate a random subset
of the walking tracklet to yield the spatial-temporal com-
binatorial representation (i.e., sub-tracklet representation)
with

V =
1

NT

f∑
t=1

mtv̂t, (9)

where V ∈ RD denotes the sub-tracklet representation that
incorporates both spatial and temporal combinatorial fea-
tures of a skeleton sequence, and mt ∈ {0, 1} represents the
tth random mask sampled from the Bernoulli distribution
with the probability pt being 0. NT =

∑f
t=1 mt, NT ≥ 1 is

the sequence length of sub-tracklet. Each sub-skeleton rep-
resentation within the sub-tracklet is assigned with the same
importance, and we average them as the final sub-tracklet
representation. It is worth noting that a sub-tracklet contains
sub-trajectory of partial body joints (i.e., sub-skeletons), and
can be regarded as a subset representation of sub-sequence
trajectory. In essence, the temporally-masked sequence in
SimMC (Rao and Miao 2022) and average spatially-masked
skeleton representations in TranSG (Rao and Miao 2023)
can be viewed as two special cases of proposed sub-tracklet
representation by setting ps=0 and pt=0 respectively.

To exploit graph representations of both sub-skeletons
and sub-tracklets to learn the most discriminative skeleton
graph features (defined as “prototypes”) of each person and
high-level semantics (e.g., identity-associated patterns), we
propose the combinatorial skeleton prototype (CSP) loss as

LCSP = λLstr
CSP + (1− λ)Lssk

CSP, (10)

where

Lstr
CSP =

1

n1

n1∑
i=1

− log
exp

(
V i · c/τ1

)∑C
k=1 exp

(
V i · ck/τ1

) , (11)

Lssk
CSP =

1

fn1

n1∑
i=1

f∑
t=1

− log
exp

(
F1

(
v̂i
t

)
· F2 (ĉ) /τ2

)∑C
k=1 exp

(
F1

(
v̂i
t

)
· F2 (ck) /τ2

) ,
(12)

ck =
1

uk

∑
yj=k

V j . (13)

The proposed CSP loss in Eq. (10) combines both sub-
tracklet-level (Lstr

CSP) and sub-skeleton-level combinatorial
prototype loss (Lssk

CSP) with the fusion coefficient λ. In Eq.
(11), (12) and (13), n1 is the number of training skeleton se-
quences, v̂i

t and V i denote the sub-skeleton representation
of the tth skeleton (see Eq. (8)) and the sub-tracklet repre-
sentation of the ith skeleton sequence (see Eq. (9)). c and ĉ
correspond to their prototypes (i.e., class feature centroids)
generated by averaging all sequence representations of the
same identity (see Eq. (13)), ck is the skeleton prototype of
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Methods BIWI-S BIWI-W KS20 IAS-A IAS-B KGBD
mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10

H.
DPG (2020) 6.7 18.5 45.4 63.8 8.7 6.5 15.5 20.3 11.3 35.2 61.5 70.5 11.0 16.4 39.5 53.4 10.6 16.0 41.2 57.3 2.1 30.0 49.1 58.1
D13 (2014b) 13.1 28.3 53.1 65.9 17.2 14.2 20.6 23.7 18.9 39.4 71.7 81.7 24.5 40.0 58.7 67.6 23.7 43.7 68.6 76.7 1.9 17.0 34.4 44.2
D16 (2019) 16.7 32.6 55.7 68.3 18.8 17.0 25.3 29.6 24.0 51.7 77.1 86.9 25.2 42.7 62.9 70.7 24.5 44.5 69.1 80.2 4.0 31.2 50.9 59.8

S.

PoseGait (2020) 9.9 14.0 40.7 56.7 11.1 8.8 23.0 31.2 23.5 49.4 80.9 90.2 17.5 28.4 55.7 69.2 20.8 28.9 51.6 62.9 13.9 50.6 67.0 72.6
AGE (2020) 8.9 25.1 43.1 61.6 12.6 11.7 21.4 27.3 8.9 43.2 70.1 80.0 13.4 31.1 54.8 67.4 12.8 31.1 52.3 64.2 0.9 2.9 5.6 7.5
SGELA (2021b) 15.1 25.8 51.8 64.4 19.0 11.7 14.0 14.7 21.2 45.0 65.0 75.1 13.2 16.7 30.2 44.0 14.0 22.2 40.8 50.2 4.5 38.1 53.5 60.0
SimMC (2022) 12.3 41.7 66.6 76.8 19.9 24.5 36.7 44.5 22.3 66.4 80.7 87.0 18.7 44.8 65.3 72.9 22.9 46.3 68.1 77.0 11.7 54.9 66.2 70.6
Hi-MPC (2024) 17.4 47.5 70.3 78.6 22.6 27.3 40.3 48.8 22.0 69.6 83.5 87.1 23.2 45.6 67.3 75.4 25.3 48.2 70.2 77.8 10.2 56.9 70.2 75.1

G.

MG-SCR (2021c) 7.6 20.1 46.9 64.1 11.9 10.8 20.3 29.4 10.4 46.3 75.4 84.0 14.1 36.4 59.6 69.5 12.9 32.4 56.5 69.4 6.9 44.0 58.7 64.6
SM-SGE (2021a) 10.1 31.3 56.3 69.1 15.2 13.2 25.8 33.5 9.5 45.9 71.9 81.2 13.6 34.0 60.5 71.6 13.3 38.9 64.1 75.8 4.4 38.2 54.2 60.7
SPC-MGR (2022) 16.0 34.1 57.3 69.8 19.4 18.9 31.5 40.5 21.7 59.0 79.0 86.2 24.2 41.9 66.3 75.6 24.1 43.3 68.4 79.4 6.9 40.8 57.5 65.0
ST-GCN (2018) 28.5 61.6 78.2 89.5 28.2 32.9 47.6 54.8 40.1 60.4 79.9 84.6 34.0 41.6 60.6 68.2 28.1 49.1 68.1 76.3 21.1 57.7 71.6 77.2
TranSG (2023) 30.1 68.7 86.5 91.8 26.9 32.7 44.9 52.2 46.2 73.6 86.3 90.2 32.8 49.2 68.5 76.2 39.4 59.1 77.0 87.0 20.2 59.0 73.1 78.2
MoCos (Ours) 32.1 72.0 89.5 93.0 30.5 36.0 49.2 57.0 50.8 76.0 87.3 90.2 35.8 51.9 69.4 77.5 45.5 61.5 79.1 87.8 26.1 62.0 75.2 79.6

Table 1: Person re-ID performance comparison with state-of-the-art Hand-crafted methods (H.), Sequence representation learn-
ing methods (S.), and Graph-based methods (G.). Bold numbers denote the best performance results among all methods.

kth class, uk denotes the number of skeleton sequence rep-
resentations V j with the class label yj = k, and τ1, τ2 rep-
resent temperatures for contrastive learning. F1(·) and F2(·)
are learnable projections to transform sequence-level proto-
types and sub-skeleton-level features into the same feature
space and integrate related features for contrastive learning.
LCSP can be viewed as a generalized skeleton prototype
loss that incorporates joint-level motif-guided relation learn-
ing, sub-skeleton-level and sub-tracklet-level prototype con-
trasting to enhance spatial-temporal skeleton pattern learn-
ing, which can be theoretically modeled as a generalized
Expectation-Maximization (EM) solution (see Appendix II).

Experiments
Experimental Setups
Datasets. Four skeleton-based person re-ID benchmark
datasets are used to evaluate our approach, including IAS
(Munaro et al. 2014c), KS20 (Nambiar et al. 2017), BIWI
(Munaro et al. 2014b), KGBD (Andersson and Araujo 2015),
which contain 11, 20, 50, and 164 different persons. The
generality of MoCos is also validated on a large-scale
multi-view gait dataset CASIA-B (Yu, Tan, and Tan 2006)
with RGB-estimated skeleton data of 124 individuals under
three conditions (Normal (N), Bags (B), Clothes (C)). The
commonly-used standard probe and gallery settings (Rao
and Miao 2023) are adopted for a fair comparison.

Implementation Details. The skeletons in KGBD, IAS,
and BIWI contain J = 20 body joints, while KS20 and
CASIA-B (RGB-estimated skeletons) contain J = 25 and
J = 14 joints, respectively. For a fair comparison, we fol-
low existing methods (Rao, Leung, and Miao 2024) to set
the sequence length to f = 6 for IAS, KS20, BIWI, KGBD
and f = 40 for the RGB-estimated skeleton data in CASIA-
B. We set the embedding size to D = 128 for each node
representation, and empirically employ 2 MGT layers with
H = 8 relation heads and Dk = 16 for each layer. The
probability for spatial or temporal masking of CSP is empir-
ically set for different datasets: ps = 0.25, pt = 0.25 for
IAS, BIWI, KS20, and ps = 0.5, pt = 0.25 for KGBD. We

use fusion coefficient λ = 0.9 for BIWI-W, KGBD, KS20,
λ = 0.25 for BIWI-S, λ = 0.75 for IAS-A and IAS-B. We
set the learning rate to 3.5 × 10−4 and use an Adam opti-
mizer with batch size 256 for model training on all datasets.
More technical details are provided in the appendices.

Evaluation Metrics. Cumulative matching characteris-
tics curve is computed and we report Rank-1, Rank-5, Rank-
10 accuracy (R1, R5, R10), and Mean Average Precision
(mAP) (Zheng et al. 2015) to evaluate model performance.

Comparison with State-of-the-Art Methods
Our approach is compared with state-of-the-art hand-crafted
methods, sequence learning methods, and graph-based
methods on BIWI, KS20, IAS, KGBD in Table 1.

Comparison with Graph-based Methods: As shown
in Table 1, the proposed MoCos significantly outperforms
existing state-of-the-art graph-based methods (SPC-MGR
(Rao and Miao 2022), MG-SCR (Rao et al. 2021c), SM-
SGE (Rao et al. 2021a)) with an improvement of 11.1-41.3%
for mAP and 10.0-51.9% for Rank-1 accuracy on differ-
ent benchmark datasets. Unlike these methods that resort to
multi-scale graph modeling and multi-stage relation learn-
ing, our approach can utilize simpler single-level graph rep-
resentations with motif guided concurrent relation learning
(MGT) to more effectively capture distinguishing skeleton
features for person re-ID. In contrast to the latest skeleton
graph model TranSG (Rao and Miao 2023) employing naı̈ve
GT, our model using MGT also consistently achieves bet-
ter performance in terms of mAP (2.0-6.1%), Rank-1 (2.4-
3.3%), Rank-5 accuracy (0.9-4.3%), and Rank-10 accuracy
(0.0-4.8%) on all datasets. This demonstrates the higher ef-
ficacy of MoCos incorporating joint-level motif-guided rela-
tion learning and different-level prototypical contrast (CSP)
to learn richer unique skeleton features for person re-ID. We
will also discuss its generality under diverse graph modeling
and different unsupervised paradigms in the next section.

Comparison with Hand-crafted and Sequence Learn-
ing Methods: Compared with methods that rely on hand-
crafted pose features (DPG (Liao et al. 2020)) or anthropo-
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ID GT HSM GCM CSP BIWI-S BIWI-W KS20 KGBD
R1 mAP R1 mAP R1 mAP R1 mAP

1 38.1 11.3 21.2 18.3 64.8 20.5 53.0 11.0
2 ✓ 66.6 26.7 31.2 25.5 71.3 42.5 57.0 18.1
3 ✓ ✓ 69.0 29.1 33.0 27.1 74.5 48.4 59.3 24.1
4 ✓ ✓ 69.4 29.6 34.0 28.2 74.4 48.9 60.2 24.0
5 ✓ ✓ ✓ 70.8 31.4 34.5 29.4 75.2 50.1 60.9 25.8
6 ✓ ✓ ✓ ✓ 72.0 32.1 36.0 30.5 76.0 50.8 62.0 26.1

Table 2: Ablation study on different components: Graph
transformer (GT), hierarchical structural motifs (HSM), gait
collaborative motifs (GCM), and combinatorial skeleton
prototype learning (CSP). ✓indicates using the component.

metric attributes (D13 (Munaro et al. 2014b), D16 (Pala et al.
2019)), our approach achieves superior performance by a
marked margin of up to 53.5% Rank-1 accuracy and 39.5%
mAP on different benchmarks. Moreover, MoCos also ob-
tains significantly higher performance than latest skeleton
sequence contrastive models SimMC (Rao and Miao 2022)
and Hi-MPC (Rao, Leung, and Miao 2024) that utilize
temporally-masked or hierarchical skeleton representations.
This demonstrates the stronger effectiveness of our skele-
ton graph contrastive model (CSP) that combines both sub-
skeleton and sub-tracklet level spatial-temporal features to
capture more recognizable patterns for person re-ID.

Ablation Study
We conduct ablation study to evaluate the effectiveness and
contribution of each component in our approach. As shown
in Table 2, we adopt the direct prototype learning (DP) of
skeleton sequences as the baseline (ID = 1) and include GT
with direct graph prototype learning (Rao and Miao 2023)
(ID = 2) for comparison. In contrast to DP or GT without
employing relation learning or graph motifs, integrating mo-
tifs HSM or GCM into the body-joint relation learning ob-
tains significantly higher mAP (1.6-28.4%) and Rank-1 ac-
curacy (1.8-31.7%) on different datasets, while combining
them (MGT) (ID = 5) further improves the overall perfor-
mance. This demonstrates the effectiveness of both HSM
and GCM, as they can function individually or be com-
patibly combined to capture more discriminative relational
features from structural and gait aspects for person re-ID.
Furthermore, incorporating combinatorial skeleton proto-
type learning (CSP) into MGT (ID = 6) consistently achieves
higher results by up to 1.5% for Rank-1 accuracy and 1.1%
for mAP on all datasets. This verifies the ability of CSP to
utilize spatially-temporally combined sub-skeleton and sub-
tracklet representations to enhance the capture of key skele-
ton patterns and class-related semantics for person re-ID.

Further Analysis
Application to RGB-estimated Scenarios. To verify the

generality of MoCos on RGB-estimated skeletons, we ex-
tract skeleton data with pre-trained pose estimation mod-
els (Cao et al. 2019; Chen and Ramanan 2017) from RGB
videos instead of depth sensors. The results in Table 3
show that our model not only achieves superior perfor-

Probe-Gallery N-N B-B C-C C-N B-N
Methods mAP R1 mAP R1 mAP R1 mAP R1 mAP R1

A.

LMNN (2009) — 3.9 — 18.3 — 17.4 — 11.6 — 23.1
ITML (2007) — 7.5 — 19.5 — 20.1 — 10.3 — 21.8
ELF (2008) — 12.3 — 5.8 — 19.9 — 5.6 — 17.1
SDALF (2010) — 4.9 — 10.2 — 16.7 — 11.6 — 22.9
MLR (Features) — 13.6 — 13.6 — 13.5 — 9.7 — 14.7
MLR (Scores) (2015) — 16.3 — 18.9 — 25.4 — 20.3 — 31.8

S.

AGE (2020) 3.5 20.8 9.8 37.1 9.6 35.5 3.0 14.6 3.9 32.4
SM-SGE (2021a) 6.6 50.2 9.3 26.6 9.7 27.2 3.0 10.6 3.5 16.6
SPC-MGR (2022) 9.1 71.2 11.4 44.3 11.8 48.3 4.3 22.4 4.6 28.9
SGELA (2021b) 9.8 71.8 16.5 48.1 7.1 51.2 4.7 15.9 6.7 36.4
SimMC (2022) 10.8 84.8 16.5 69.1 15.7 68.0 5.4 25.6 7.1 42.0
TranSG (2023) 13.1 78.5 17.9 67.1 15.7 65.6 6.7 23.0 8.6 44.1
Hi-MPC (2024) 11.2 85.5 17.0 71.2 14.1 70.2 4.9 27.2 7.5 50.1
MoCos (Ours) 16.1 87.9 18.9 73.6 18.1 72.1 7.3 26.5 9.8 50.6

Table 3: Person re-ID performance comparison with
Appearance-based (A.) or Skeleton-based (S.) methods on
CASIA-B. “C-N” denotes using “Clothes” probe set and
“Normal” gallery set. “—” indicates no published result.

Scales Methods BIWI-S BIWI-W KS20 KGBD
R1 mAP R1 mAP R1 mAP R1 mAP

J-Scale SM-SGE (2021a) 33.0 10.0 12.9 14.9 44.7 10.2 40.2 4.3
MoCos (Ours) 72.0 32.1 36.0 30.5 76.0 50.8 62.0 26.1

P-Scale SM-SGE 32.8 11.1 14.5 16.5 43.2 9.8 33.0 4.1
MoCos (Ours) 38.3 14.7 20.7 19.0 49.0 15.7 35.9 4.7

B-Scale SM-SGE 27.5 10.0 12.6 13.8 37.3 9.3 31.5 4.4
MoCos (Ours) 35.6 12.5 18.4 16.9 41.1 13.5 30.6 4.4

Table 4: Performance of MoCos on Joint (J), Part (P) or
Body (B) scale graph modeling with J , 10, and 5 nodes.

mance to most existing state-of-the-art skeleton-based mod-
els, but also outperforms many representative established
appearance-based methods that rely on RGB-based features
(e.g., silhouettes) or/and visual metric learning (Liu et al.
2015; Farenzena et al. 2010). This verifies the generality and
higher effectiveness of MoCos to learn discriminative pat-
terns from estimated skeletons, and demonstrates its poten-
tial for person re-ID under large-scale RGB-based scenarios.

Evaluation on Different-Scale Skeleton Graphs. We
construct different-scale graphs (Rao et al. 2021a) for Mo-
Cos learning to evaluate its performance under varying
graph modeling. As presented in Table 4, compared with
the state-of-the-art multi-scale graph method SM-SGE (Rao
et al. 2021a), our model achieves better performance in most
cases of both original and higher level skeleton representa-
tions (e.g., part-scale skeleton graphs). Such results suggest
the compatibility of the proposed motif guided graph trans-
former (MGT) with different-scale graph modeling, and also
justify its stronger capability to learn more effective graph
features and semantics at different levels for person re-ID.

Transfer to Unsupervised Paradigms. As shown in Ta-
ble 5, our MGT and CSP (denoted as “+ MoCos”) can be
transferred for unlabeled skeleton relation and prototype
learning, which effectively boosts performance of different
unsupervised non-graph and non-transformer models (Rao
and Miao 2022; Rao and Miao 2022) in most cases. This
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Methods BIWI-S BIWI-W KS20 KGBD
mAP R1 mAP R1 mAP R1 mAP R1

SPC-MGR (2022) 16.0 34.1 19.4 18.9 21.7 59.0 6.9 40.8
SPC-MGR + MoCos 16.3 42.8 20.1 23.6 23.6 65.4 8.2 43.2
SimMC (2022) 12.3 41.7 19.9 24.5 22.3 66.4 11.7 54.9
SimMC + MoCos 16.0 55.4 22.4 25.9 23.9 67.2 12.1 54.6

Table 5: Performance of our approach when applied to dif-
ferent unsupervised paradigms using unlabeled skeletons.

(a) t-SNE Visualization

(b) Relation Comparison

Figure 3: (a) t-SNE visualization of features for the first ten
classes in IAS and KS20. Different colors indicates different
classes. (b) Visualization of mean relation values inferred by
non-motif method (Rao and Miao 2023) (Left) and our Mo-
Cos (Right) on the same value scale and testing skeletons.

validates generality and scalability of MoCos, which can be
potentially applied to more general scenarios without labels.

Feature and Relation Visualization. The t-SNE visu-
alization (Van der Maaten and Hinton 2008) in Fig. 3 (a)
shows the evident inter-class separation of the learned fea-
tures, suggesting the effectiveness of our approach to capture
useful class-related semantics on different datasets. We also
visualize the mean relations of (J = 20) joints inferred from
MoCos in Fig. 3 (b), and the results imply that our motif-
guided approach could capture richer and more salient joint
correlations than TranSG (Rao and Miao 2023) that solely
uses full-relation learning without motifs. More empirical
and theoretical analyses are provided in Appendix I and II.

Conclusion
In this paper, we propose MoCos to perform motif-guided
joint relation learning and combinatorial skeleton prototype
learning for person re-ID. We design the motif guided graph
transformer (MGT) that incorporates hierarchical structural
motifs and gait collaborative motifs to capture key relations
within multi-order body joints’ structure and gait-related

limbs. The combinatorial skeleton prototype learning (CSP)
is proposed to contrast randomly-combined sub-skeleton
and sub-tracklet graph features with skeleton prototypes to
learn class-related semantics and discriminative represen-
tations. Our approach outperforms existing state-of-the-art
models, and can be generally applied to various scenarios.
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