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Abstract— Unsupervised domain adaptation (UDA) on person
Re-Identification (ReID) aims to transfer the knowledge from a
labeled source domain to an unlabeled target domain. Recent
works mainly optimize the ReID models with pseudo labels
generated by unsupervised clustering on the target domain. How-
ever, the pseudo labels generated by the unsupervised clustering
methods are often unreliable, due to the severe intra-person
variations and complicated cluster structures in the practical
application scenarios. In this work, to handle the complicated
cluster structures, we propose a novel learnable Hierarchical
Connectivity-Centered (HCC) clustering scheme by Graph Con-
volutional Networks (GCNs) to generate more reliable pseudo
labels. Our HCC scheme learns the complicated cluster structure
by hierarchically estimating the connectivity among samples from
the vertex level to cluster level in a graph representation, and
thereby progressively refines the pseudo labels. Additionally,
to handle the intra-person variations in clustering, we propose
a novel relation feature for HCC clustering, which exploits the
identities from the source domain as references to represent target
domain samples. Experiments demonstrate that our method is
able to achieve state-of-the art performance on three challenging
benchmarks.

Index Terms— Unsupervised domain adaptation, person re-
identification, graph convolutional networks.

I. INTRODUCTION

THE task of person ReID aims to retrieve the images of
the same person as the given query image, from a large

scale database. Recent person ReID methods [1]–[4] achieve
impressive performance when the training data and testing data
are collected from the same or similar scenarios. However,
the performance of these methods often drops significantly
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when the distribution of the testing data in the target domain
is very different from that of the labeled training data in
the source domain. Such distribution discrepancy, referred
to as domain gap, is usually caused by different capture
conditions, including the camera views, camera types, illumi-
nation conditions, and resolutions. Thus unsupervised domain
adaptation (UDA) strategies [5]–[8] have been investigated
recently to improve the generalization capability of the models
trained on the labeled source domains to the unlabeled target
domains.

Most of the state-of-the-art UDA person ReID methods
[7]–[11] follow the clustering-based UDA framework, which
generate pseudo labels as supervision information for ReID
model training. Specifically, we can pretrain the ReID model
in a supervised manner on the source domain, and extract
features for the target domain samples with this pre-trained
model. Hence, unsupervised clustering can be applied over
the unlabeled target samples based on the extracted features,
and then each cluster can be assigned with a pseudo label
as an inferred identity. Consequently, the ReID model can be
fine-tuned in a supervised manner with these pseudo labels
in the target domain. For the representative clustering-based
methods, UDAP [7] proposed a self-training scheme, where
the pseudo label generation and model learning are opti-
mized alternately, and Ge et al. [8] designed a Mutual Mean
Teaching (MMT) method that jointly used two collaborative
networks to get soft labels from each other.

Clearly, the quality of the pseudo labels generated by
clustering is quite crucial for the performance of these UDA
ReID methods, and to generate high quality pseudo labels,
the capability of the clustering method itself and the quality
of the features used for clustering are both very important.
Most of the clustering-based UDA methods [7]–[11] directly
use the embedding features extracted from a ReID model,
and perform unsupervised clustering over these embedding
features to generate pseudo labels for UDA. However, both the
embedding features and unsupervised clustering methods are
not powerful enough to meet the requirements for generating
reliable pseudo labels.

Most existing clustering-based UDA methods adopt
K-means [12] or DBSCAN [13] for clustering, which make
over-simplified assumptions on the cluster structures. For
example, K-means [12] assumes that the samples in each
cluster are around a single sample center, and DBSCAN [13]
assumes that different clusters have an equal density. Actually,
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Fig. 1. Illustration of the identity similarity between the target domain
samples and the source domain identities.Despite the large intra-person
variations making direct clustering difficult, the unlabeled target samples a
and b can be associated via high identity similarity (0.8 and 0.75) to the
same source domain identity s1.

in the feature space, the visual similar samples of a given
identity are likely to cluster together, while the samples with
large intra-person variations tend to be scattered as multiple
sub-centers. Thus, the oversimplified assumptions are not able
to handle the complicated cluster structure, which will lead to
weak clustering performance when handling such complicated
structure cases.

As analyzed above, the quality (representation capabil-
ity) of the features used for clustering are also crucial to
achieve high quality pseudo labels. However, the existing
UDA methods [7]–[11] directly use the embedding features
extracted from a ReID model, while the domain gap makes
these features learned from source domain cannot properly
generalize to target domains. We observe that it is hard to use
these features to well cluster the target domain samples with
large intra-person variations. The intra-person variations refer
to visual differences among the images of the same identity
and are often caused by different capturing viewpoints, human
poses, etc (See Fig. 1). Besides, the features cannot directly
encode such variations in a supervised learning manner since
the label information is unavailable in the target domain.
Inspired by the fact that the source domain contains rich
labeled data, a question rises: can we take advantage of the
source domain images with intra-person variations but have
ground-truth labels as references for handling the variations
in the target domain?

To generate reliable pseudo labels by capturing compli-
cated cluster structures, we propose a graph-based clustering
method for UDA, named Hierarchical Connectivity-Centered
(HCC) clustering, to progressively capture the complicated
cluster structures. Specifically, we consider the clustering as a
graph modeling problem. In a graph, the samples are treated
as vertices, and then the clustering labels can be obtained
by estimating the connectivity likelihood between vertices.
In HCC clustering, a vertex-based GCN and a cluster-based
GCN are sequentially connected for hierarchical processing,

because it is difficult to directly model the complicated cluster
structures with high intra-person variations at one stroke. The
vertex-based GCN filters out noisy connectivity in the initial
graph to generate the high-purity sub-clusters including the
visual similar samples, and then the cluster-based GCN further
merges the relevant sub-clusters with intra-person variations.
By hierarchically refining the connectivity at both vertex and
cluster level, HCC can better model the complicated clustering
structures in UDA.

Furthermore, to learn robust features against intra-person
variations, we introduce a novel relation feature to link the
target domain samples to source domain identities (IDs).
Given a target sample, the designed relation feature encodes
the identity-level similarities for all source IDs. In this way,
the source IDs can be treated as a reference basis to describe
target samples, and the various samples in each ID can be used
to improve feature robustness against appearance variations in
target domain. For example, in Fig. 1, the relation feature can
associate the unlabeled target samples a and b with different
source samples of the same ID s1, despite the high pose
variations that make a and b visually different. The high
similarities to the same reference ID s1 indicate that target
domain samples a and b are likely to be of the same ID
(pseudo label). Such an indirect association via the relation
feature, leveraging the labeled source domain samples as
references, can alleviate the impact of intra-person variation in
target domain. Therefore, the interplay of HCC clustering and
relation feature can facilitate generating reliable pseudo labels,
and eventually, a discriminative ReID model can be obtained
by training under the supervision of such pseudo labels.

Our contributions can be summarized as follows:
• We propose a novel Hierarchical Connectivity-Centered

(HCC) clustering method for UDA, which uses GCNs
to exploit vertex-level and cluster-level connectivity. The
proposed HCC can effectively capture the complicated
clustering structures, eventually leading to a reliable
pseudo label generation.

• We propose a relation feature to explore the relation-
ships between the target samples and source identities
in UDA. The relation features can effectively make use
of source labels as references to represent the target sam-
ples, enhancing the feature robustness against intra-person
variations.

• Using the pseudo labels generated by HCC clustering,
we can achieve 7.7% and 16.1% mAP improvements
based on MMT and UDAP frameworks when transferring
from DukeMTMC-ReID to Market1501. And the perfor-
mance of our method is even close to the fully super-
vised methods on the Market1501 and DukeMTMC-ReID
datasets.

II. RELATED WORK

A. Unsupervised Domain Adaptation

Unsupervised domain adaptation [14]–[18] has a labeled
source dataset and an unlabeled target dataset as the fundamen-
tal setup, which can be split into two lines, closed-set UDA and
open-set UDA. The differences between closed and open set
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UDA lie in the class relationships between the source and tar-
get domains. In closed-set UDA, the source and target domains
share the same classes. The representative methods [15], [16],
[19] are designed to learn a domain invariant representation,
which can generalize well to the target domain with severe
bias. Recently, some adversary-based methods [20]–[23] are
proposed to learn transferable representations for domain
adaptation. In [20], Judy et al. used cycle and semantic con-
sistency to perform adaptation at multiple levels in a deep net-
work. In [21], Pei et al. presented a multi-adversarial domain
adaptation approach, which captured multimode structures to
enable fine-grained alignment of different data distributions.
On the other hand, open-set UDA [24], [25] focuses on the
scenarios where both unknown-class and known-class samples
exist in the target domain. In [25], Saito et al. proposed to align
the samples on target domain with known source samples in
the feature space. However, it is infeasible to directly apply the
above closed-set or open-set UDA methods to person ReID,
because generally, there is no person identity overlap between
the source and target domains in real-world ReID scenarios.

B. Unsupervised Domain Adaptation for Person ReID

In the practical ReID scenarios, usually there exist no
identity labels in the target domain, while the labeled source
domain data can be obtained to promote the target domain
learning. One category of UDA methods in person ReID
focuses on narrowing the distribution gap between the source
and target domains. For example, some methods [5], [26],
[27] used GANs to transfer the style of source samples to
the target domain and then performed feature learning. Other
methods [6], [28], [29] attempted to transfer the attributes from
labeled source data to unlabeled target data. For example,
TJ-AIDL [6] was a joint attribute-identity transfer learning
method and EANet [28] fused the semantic information from
source and target domains as additional supervised informa-
tion. However, the distribution gap between source and target
domains is hard to eliminate.

The emerging clustering-based UDA methods for person
ReID have achieved impressive performance, which employ
clustering algorithms [12], [13] to get pseudo labels for
supervised training on the target domain. Song et al. [7] pro-
posed the UDAP method, which used DBSCAN clustering to
assign pseudo labels for the unlabeled data then trained the
ReID network. Fu et al. [9] proposed a self-similarity group-
ing (SSG) method, which exploited the potential similarity
from the global body to local parts. Besides, some approaches
also aim to use multiple models for ReID model training in
UDA. Ge et al. [8] proposed a mutual mean teaching (MMT)
method that used an on-line peer-teaching strategy to refine the
soft pseudo labels. Yang et al. [11] designed an asymmetric
co-teaching (ACT) network that selected the samples with
small loss from one network as the confident samples to train
another network, in an alternate way.

However, most of the clustering-based works focused on
designing network structures and loss functions, while the
enhancement of clustering for more reliable pseudo labels, and
exploitation of label information in source domain are largely

ignored. Differently, we focus on exploiting the relationship
between unlabeled target samples and labeled source identities,
and modeling the complicated cluster structures to generate
more reliable pseudo labels for UDA.

Besides, there are also some methods [8], [30] use soft
label schemes to improve the model learning for UDA
instead of one-hot hard label. Ge et al. [8] proposed a soft
softmax-triplet loss to generate soft pseudo labels online for
more supervision information. Yu et al. [30] proposed a soft
multi-label based method to guide hard negative mining,
to further distinguish the visually similar pairs with different
identities. The soft labels in these methods are the likelihoods
that work as the supervision information for hard negative
mining [30] or model training [8]. Differently, our pro-
posed relation feature provides a new feature representation,
using source domain labeled identities to describe identity
similarity relations to alleviate intra-person variation in the
target domain. Note that, the intra-person variation cannot
be well solved by [30], as it does not discover the visual
diversity of each reference person. Our identity similarity
considers multiple samples of reference persons involving
large variations, thus the relation features are able to associate
the samples with large appearance variations.

C. Graph Convolutional Network

Graph convolutional network (GCNs) is an extension of
convolutional neural network (CNN) to learn from graph
structured data. In particular, the graph convolution is directly
conducted on the graph nodes and their spatial neighbors.
Many existing works [31]–[36] have demonstrated the power-
ful capability of the GCNs on modeling complicated graphical
structures. For example, Yang et al. [35] proposed DSGCN
that used a proposal scheme as MaskRCNN [37] to iteratively
detect and segment graph for face clustering. Wang et al. [38]
improved the linkage prediction by leveraging GCN to capture
graph context. In [36], VEGCN was designed to estimate the
confidence of vertices and edges. Chiang et al. [39] proposed
an SGD-based GCN algorithm by exploiting the graph cluster-
ing structure with a low computational cost and a small space
requirement. However, these methods [35], [36], [38], [39] rely
on high-quality ground truth labels and highly discriminative
embedding feature for learning graph structures, which are
hard to be directly obtained in UDA tasks.

Besides, there are also some methods using GCN for
person ReID. Yang et al. proposed a Spatial-Temporal GCN
for video-based ReID, including a spatial GCN to extract
structural information of a human body, and a temporal
GCN to mine discriminative cues from adjacent frames.
Liu et al. designed a PRGCN, which casts the similarity
computation to a probability prediction problem between
node pairs with GCN, instead of using Euclidean distances.
However, these methods are designed for the supervised
person ReID, and not suitable for the UDA which lacks the
reliable labels. Zhong et al. [40] proposed to exploit three
types of invariance for adaptation, i.e., exemplar-invariance,
camera-invariance, and neighborhood-invariance, where the
neighborhood-invariance was explored by a graph-based
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Fig. 2. Illustration of HCC based UDA framework. (a) The overall framework, in which pseudo label generation by HCC clustering and ReID model
training with pseudo labels are alternately conducted. (b) The computation procedure of the relation feature between unlabeled target domain samples and
labeled source domain samples. (c) The pipeline of the HCC clustering method goes through relation-aware graph construction, initial connectivity generation,
connectivity refinement by vertex-based GCN and sub-cluster aggregation by cluster-based GCN.

prediction. However, when the GCN trained on the source
domain is directly applied to the target domain, the perfor-
mance drops significantly. In this work, our HCC is trained
with noisy target domain data and labeled source domain
data. HCC learns to estimate the vertex level and cluster level
connectivity to progressively model the complicated cluster
structures in UDA. With additional relation features, HCC can
effectively aggregate the relevant samples with intra-person
variations.

III. PROPOSED METHOD

Problem Definition: In unsupervised domain adaptation
for person ReID, there exists an unlabeled target domain
dataset and a labeled source domain dataset. The unlabeled
target domain dataset Dt contains Nt samples, and can be
denoted as Dt = {xt

i |Nt
i=1}. The labeled source domain dataset

Ds contains Ns samples, and each sample xs
j corresponds

to an identity (ID) label ys
j , which can be represented as

Ds = {(xs
j , ys

j )|Ns
j=1}. In this work, we follow the common

clustering-based UDA framework, whose goal is to generate
reliable pseudo labels ŷt of Dt by fully exploiting unlabeled
target data and labeled source data. Then, a discriminative
ReID model in the target domain can be learned by the
supervision of high quality pseudo labels.

Overall Framework: We show our HCC (Hierarchical
Connectivity-Centered) based UDA in Fig. 2(a), which follows
the common clustering-based UDA framework to alternately
generate pseudo labels and train the ReID model. The ReID
model provides embedding features to HCC clustering module,

and HCC clustering module generates pseudo labels for ReID
model training. The HCC clustering and ReID model train-
ing are alternately conducted during domain adaptation in
a progressive way. Specifically, before HCC clustering, the
relation feature is computed based on the identity similarities
between unlabeled target domain samples and labeled source
domain identities, to ease the impact of intra-person variation,
as shown in Fig. 2(b). Based on such features, we perform hier-
archical connectivity-centered clustering to generate pseudo
labels, as shown in Fig. 2(c). It first constructs a relation-aware
graph with extracted embedding and relation features, and
thereby we can obtain initial connectivity of the graph, which
still suffers from noises. Then, a vertex-based GCN filters the
noisy connectivity to construct high purity sub-clusters at the
vertex level. Finally, a cluster-based GCN further aggregates
the relevant sub-clusters to avoid over-splitting. The final
clusters are assigned with the pseudo labels to train the ReID
model on the target domain in a supervised manner.

In this section, We first introduce the relation feature
and relation-aware graph construction of HCC in Sec. A.
We then present the details of the proposed the vertex-based
GCN for connectivity refinement and cluster-based GCN for
sub-cluster aggregation in Sec. B and Sec. C, respectively.
Finally, we introduce the optimization of HCC based UDA in
Sec. D.

A. Relation-Aware Graph Construction

To realize the inference of sample connectivity in a graph
structure, we first construct a relation-aware graph. Each vertex
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in this graph represents a sample by its embedding feature and
additional relation feature. The former is directly extracted
from a ReID model, which is good at validating connectivity
for visually similar samples, while the latter is better at mining
connectivity among samples with high intra-person variations.
The initial connectivity in the graph is built based on the sim-
ilarity between samples measured by the two types of features
above, and further refinements will be conducted on this graph.
In the following paragraph, we will introduce the relation
feature extraction, relation-aware connectivity generation and
initial graph construction.

1) Relation Feature: To connect the unlabeled target sam-
ples of the same ID yet with large variations, we expect
to utilize the labeled identity information of source domain
samples. The target samples of the same ID present abun-
dant diversity such as different human poses, viewpoints and
backgrounds, and such a diversity also exists in the labeled
source domain. Then with the label information in source
domain, two target samples with variations can be related
by different source samples with the same ID, where similar
intra-person variations also exist, as shown in Fig. 1. Thus,
we propose a novel relation feature to build the connection
between the target domain samples and source domain iden-
tities. Given a target sample, the relation feature measures
its identity similarity to each labeled ID in source domain.
Concretely, the identity similarity for a certain ID is obtained
by computing the similarity of embedding feature between a
target sample and all samples with this ID label from source
domain. Therefore, the relation feature can implicitly evade
the intra-person variation problem by using the source domain
identities as a basis to represent a target sample, as shown
in Fig. 2(b).

According to the person ID labels, the source domain
dataset can be organized as Ds = {S1, S2, . . . , SNI D }, where
NI D is the number of person IDs, and Sg = {(xs

j )|
Ng
j=1} is a set

containing Ng samples of the same ID label g. Specifically,
for each sample xt in target domain, its relation feature f r can
be computed as follows: First, given a person ID g, we use
embedding features to calculate the cosine similarities between
xt and each source domain sample xs

j of ID g as,

r = {sim(xt , xs
j )|Ng

j=1}, xs
j ∈ Sg. (1)

where sim(·, ·) denotes the cosine similarity function.
We select the top m similarities of r , because they are likely

to associate two related unlabeled target samples via the same
identity in source domain. Then, the final relation similarity
f r
g between target sample xt and source person ID g can be

denoted as:

f r
g =

∑M
m=1 R(r, m)

M
, (2)

where R(r, m) denotes the m-th highest similarity in r .
Finally, since source domain has NI D person IDs, each

sample in target domain can get a NI D -dimensional relation
feature f r = [ f r

1 , f r
2 , .., f r

NI D
]. And each dimension in f r is

independently informative concerning ID similarity in source
domain (See Fig. 2(b)). Such an indirect association between

target samples by relation feature can improve the robustness
of clustering against intra-person variation.

2) Relation-Aware Connectivity: With the additional rela-
tion features, we can generate relation-aware connectivity in
graph construction by k-nearest neighbor (KNN) strategy.
The k-nearest neighbors are calculated by cosine similarity
between samples, and we concatenate the features f e and f r

together for this relation-aware calculation. Besides, to filter
out the low-confidence neighbors and ensure the mutual neigh-
boring relationship between two samples, we conduct cycle
consistency check [41]. The mutual neighbor means that if a
sample vertex vi is one of the k-nearest neighbor of v j , then
v j should also be the k-nearest neighbor of vi . Thus, we can
construct the initial connectivity based on the neighboring
relations. The connectivity can be represented as a symmetric
adjacency matrix A, whose elements are:

ai, j =
{

sim(vi , v j ), if vi and v j are mutual neighbor,

0, otherwise

(3)

where sim(vi , v j ) is the cosine similarity between the neigh-
boring vertices vi and v j . Otherwise, if vertices vi and v j are
not connected, then ai, j = 0. In this way, we can get a sparse
matrix, which is efficient for subsequent computations.

3) Initial Graph Construction: After generating
relation-aware connectivity between vertices, we can
then describe a sample set as a graph G = (V; E). In this
graph, each image sample is a vertex in V and connected
to its k-nearest neighbors, forming edges E . And we use
the symmetric adjacency matrix A calculated by Eq. 3 to
describe the edges E . For each image/vertex, we represent
it with its embedding features and relation features,
building corresponding feature matrices Fe = { f e

i }Nt
i=1 and

Fr = { f r
i }Nt

i=1. Here, embedding features are semantic
representations from the ReID model to relate the visually
similar samples, while the relation features describe the
identity similarity to relate samples with intra-person
variations.

However, such an initial graph suffers from limited purity
disturbed by noises in neighbor selection, and over-splitting of
the samples with the same ID into multiple sub-clusters due
to intra-person variation. Therefore, we design a vertex-based
GCN and a cluster-based GCN for hierarchical refinement.
For these GCN modeling, the inputs include the feature
matrices Fe, Fr and the symmetric adjacency matrix A.

B. Vertex-Based GCN for Connectivity Refinement

To filter out the inevitable noisy connections in the
graph construction and pursue higher purity of the clusters,
we design a vertex-based GCN to estimate the connection at
vertex level. Since the embedding features can provide suffi-
cient constraints to group low intra-person variation samples,
the vertex-based GCN mainly uses embedding feature matrix
Fe and symmetric adjacency matrix A (Eq. 3) for graph refine-
ment towards purer clustering. The GCN contains L layers,
and the formulation of graph convolutional computation in
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each layer can be represented as:
F (l+1)

e = ReLU(g(A,F (l)
e )W(l)), (4)

where l is the layer index in GCN. F (l)
e is the input of l-th

layer, and the input for first layer F (1)
e , is the initial embedding

feature matrices Fe. W(l) ∈ R
2din×dout is a trainable matrix

for the l-th layer to transform the embeddings into a new
feature space. g(·, ·) is a concatenation function to leverage
both the input embeddings and the embeddings after neighbor-
hood aggregation (i.e., AF (l)

e ) for learning the transformation
matrix W(l), which can be formulated as follows:

g(A,F (l)
e ) = [F (l)

e ||AF (l)
e ], (5)

where operator || represents the matrix concatenation. The
concatenation function g(·, ·) has been proved more effective
than simply taking a weighted average of the embedded
features of neighbors around each vertex in the graph [38].

After performing vertex-based GCN, we can obtain the
updated vertex features from the last layer. The predic-
tion of the connectivity between vertices vi and v j can be
conducted as a binary classification. Then, based on these
updated features, we use a fully-connected layer and softmax
function to get connectivity probability p, which serves for
the connectivity prediction between two vertices. Specifically,
the cross-entropy loss is used to optimize this binary classifi-
cation, which can be formulated as:

LV −GC N =
∑

(k log p + (1 − k) log(1 − p)), (6)

where p is the predicted probability that vertex vi is connected
with v j , and k is the label for supervision, indicating whether
two vertices share the same identity. The details of acquiring
vertex labels and connectivity supervision k are introduced
below.

Vertex Label Setting and Inference: Owing to the lack of
original labels on the target domain, it is non-trivial to properly
set the vertex/sample label. In this work, we use unsupervised
clustering method DBSCAN [13] to get initial noisy labels
for target domain samples, then connectivity label k can be
obtained. For more robust vertex-based GCN training, we also
use labeled source domain data. Such mixed labels can reduce
the impacts of noises in the target domain with the additional
guidance of source data. To better learn on two domains,
we use Maximum Mean Discrepancy (MMD) to align the
distribution (See Sec. III D).

During inference, we use the vertex-based GCN to
re-evaluate the likelihood of each connectivity in the initial
graph, which is generated by k-nearest neighbor strategy
(See Sec. III A). To obtain high purity clusters, we only cut off
the low-confidence/score connections which may be noises,
and do not add new connections. After vertex-based GCN,
we obtain the connectivity probability p for each edge. Then,
we convert the connectivity probabilities to cluster results by
the pseudo label propagation strategy [42], which iteratively
updates the clustering results. Specifically, in each iteration,
the strategy cuts off low-score edges, and discovers connected
clusters from current graph. Clusters whose size surpasses
a pre-defined maximum value Sv will be further divided in

the next iteration with a larger threshold, because sub-clusters
with limited size tend to have higher purity. After sufficient
iterations, all the instances will be included in a certain sub-
cluster, and thereby the pseudo labels are assigned with less
noise.

C. Cluster-Based GCN for Sub-Cluster Aggregation

The vertex-based GCN focuses on getting high purity
clusters at the vertex level, thus it is inevitable to generate
overly divided sub-clusters due to the high intra-person varia-
tions. To merge the relevant sub-clusters for alleviating over-
splitting, we further propose a cluster-based GCN to infer
the connectivity beyond the vertices at a cluster level, which
measures the connectivity likelihood between sub-clusters.
Considering the robustness of the relation feature against high
intra-person variation, we use it for connectivity inference in
cluster-based GCN.

Similar to the vertex-based GCN that discovers the neigh-
bors for each vertex, we also establish initial cluster-level
k-nearest neighboring relations for each sub-cluster. The
neighboring distance is computed by relation features between
the center of each cluster. The sub-cluster center here
denotes the standard graph center1. We predict the con-
nectivity between a sub-cluster and its neighboring sub-
clusters. Accordingly, we construct sub-graph around each
sub-cluster, to depict the neighboring relations. A sub-graph
G(VC) includes all vertices/samples VC from this sub-cluster
and its neighbors. Then, we use the sub-graph as the input for
cluster-based GCN. Thus, the graph convolution transforma-
tion in cluster-based GCN can be represented as:

F (l+1)
r (VC) = ReLU(g(A(VC),F (l)

r (VC))W�(l)), (7)

where A(VC) and F (l)
r (VC ) denote the adjacency matrix

(Eq. 3) and feature matrix of all vertices in the sub-graph
G(VC). g(·) is the same concatenation operation as in Eq. 5,
and W�(l) refers to a trainable parameter matrix for the l-th
GCN layer.

After graph convolution, we get an updated output embed-
ding for each vertex. Then the cluster-level embedding feature
can be calculated by pooling the embeddings of all the vertices
in the same cluster, as:

fc = AP([ fs1 || fs2 || . . . || fsn ]), (8)

where fs1 , fs2, . . . fsn are the output embeddings of the ver-
tices in a sub-cluster, n is the vertex number, and operator
|| is a concatenation operation. Average pooling AP(·) is
adopted to get the cluster-level embedding fc. After getting
the cluster-level embedding features, we employ a fully con-
nected layer and softmax function to predict the probability of
two sub-clusters belonging to the same ID. The cluster-level
connectivity prediction is also a binary classification, thus the
loss function LC−GC N is in the same form as LV −GC N (Eq. 6).
Then the mistakenly separated sub-clusters can be merged into
one cluster.

1http://en.wikipedia.org/wiki/Graph_center.
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Cluster Label Setting and Inference: The supervision label
for a sub-cluster is set as the majority of the vertex labels
in it. Since the sub-clusters tend to have high purity after
vertex-based GCN, it is easy to determine the majority. The
vertex label setting is the same as in Sec. III B. With such a
label setting, the noises in each sub-cluster can be ignored to
a great extent. In the inference of cluster-based GCN, we can
obtain the likelihood of the connectivity among sub-clusters,
and based on this cluster-level updated connectivity in the
graph, the final refined labels are applied to the target domain
samples with pseudo label propagation strategy [42] (Similar
to Sec. III B). And the pre-defined maximum value of cluster
size is Sc in cluster label inference.

Overall, we design several schemes to achieve cluster-level
GCN, including cluster-level neighbor selection, sub-graph
G(VC) construction, cluster-level embedding calculation
(Eq. 8), and cluster label setting and inference. In this way,
the cluster-level GCN can infer the connectivities beyond the
sample vertices at a cluster level.

D. Optimization of HCC Based UDA

During the optimization in HCC based UDA, the HCC
clustering and ReID model training are alternately conducted,
as shown in Fig. 2. Specifically, the HCC clustering provides
pseudo labels for ReID model training, and the ReID model
generates embedding features which are used for HCC cluster-
ing. Theoretically, as for the ReID model used in UDA frame-
work, our HCC based UDA can also flexibly adopt the ReID
models from other methods. Concretely, the network structures
and the loss functions designed by other methods can also be
used for our ReID model. Then, by using the pseudo labels
generated by the HCC clustering, the ReID model can be
trained in a supervised way. Besides, to improve the stability
and generalization of the ReID model, in our HCC based
UDA framework, both the source and target domain data are
used. To further mitigate the domain gap between source and
target domains, the MMD (Maximum Mean Discrepancy) [43]
constraint is further adopted in training.

1) Domain Alignment With MMD Regularization: We aim
to fully exploit the knowledge of the source domain data,
at the same time, we also need to avoid negative migration
induced by domain gap. The negative migration refers to the
undesired impediment of source domain knowledge to the
learning in the target domain. Thus, we use Maximum Mean
Discrepancy (MMD) [43] to mitigate distribution differences
between source and target domain data, formulated as:

LM M D =
∥∥∥∥∥∥

1

ns

ns∑
i=1

φ( f s
i ) − 1

nt

nt∑
j=1

φ( f t
j )

∥∥∥∥∥∥
2

H
, (9)

where f s
i and f t

j are the embedding features of source and
target domain data. ns and nt are the numbers of source and
target samples in a batch. φ(·) is a trainable mapping module
which projects the features into a Reproducing Kernel Hilbert
Space (RKHS) [44]. After incorporating MMD loss into our
framework, we can align the data distributions and obtain
a better shared embedding space for the source and target
domain data.

Algorithm 1 HCC Based UDA Framework

2) Learning Objectives for ReID Model: The overall learn-
ing objective for ReID model is:

LReI D = Ltgt + λsrcLsrc + λmmdLM M D, (10)

where λsrc and λmmd are the parameters to balance the losses.
Lsrc is the learning constraint on source domain, for which
we use the cross-entropy and triplet [45] loss. Ltgt denotes
the constraint on target domain, and it can be the same setting
as Lsrc or the supervision loss function in other UDA person
ReID methods (since HCC can be incorporated into other UDA
frameworks).

3) Learning Objectives for HCC Clustering Model: The
learning objectives of GCNs are optimized one by one in
HCC. After the initial graph construction, the vertex-based
GCN is optimized with the supervision of LV −GC N . After
getting the sub-clusters from vertex-based GCN, we step to
train the cluster-based GCN with LC−GC N .

Following the clustering-based UDA framework, we alter-
nately optimize the HCC clustering model and the ReID model
(See Algorithm. 1).

IV. EXPERIMENTS

A. Experimental Setup

The proposed HCC clustering focuses on generating reliable
pseudo labels in UDA, which are used to train the ReID
model in a supervised way. As analyzed in Sec. III D,
the ReID model training schemes (i.e., network structures
and loss functions) in other clustering-based UDA methods
can be incorporated into our HCC-based UDA frameworks.
Based on two representative UDA methods, i.e., UDAP [7]
and MMT [8], we perform experiments with the following
structures: (1) HCC-UDAP, (2) HCC-MMT. The UDAP [7] is
a common baseline UDA method, where a single embedding
network (Resnet50 [53]) with triplet loss is designed for
ReID model training. The MMT [8] is a complicated UDA
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framework that jointly optimizes two collaborative networks
(Resnet50) for mutual teaching with an advanced supervision.
Thus, Ltgt in Eq. 10 can be replaced by the corresponding loss
in UDAP and MMT. In HCC-UDAP, Ltgt is a triplet loss; and
in HCC-MMT, Ltgt includes cross-entropy loss, soft classifi-
cation loss, softmax-triplet loss, and soft softmax-triplet loss.
Overall, we use our HCC clustering to generate more reliable
pseudo labels, and the supervision loss of the target domain,
the network structure and training strategy are consistent with
UDAP or MMT.

We conduct experiments on three challenging person
ReID datasets: Market1501 [54], DukeMTMC-ReID [55] and
MSMT17 [27].

Market1501 [54] is a widely used dataset for ReID, which
contains 32,668 person images of 1501 identities captured
from 6 cameras. The training set contains 12,936 images
of 751 person IDs, and the testing set contains 3,368 query
images and 19,732 gallery images of 750 IDs.

DukeMTMC-ReID [55] contains 36,411 person images
of 1,812 person IDs from 8 outdoor cameras. It contains
16,522 person images of 702 IDs for training, and 2,228 query
images and 17,611 gallery images of 702 IDs for testing.

MSMT17 [27] is more challenging than Market1501 [54]
and DukeMTMC-ReID [55], as strong illumination, scenes,
backgrounds and resolution variations are involved. It contains
126,411 person images of 4,101 IDs collected by 15 cameras
including outdoor and indoor scenes. There are 32,621 images
of 1,041 IDs for training, and 11,659 query images and
82,161 gallery images for testing.

Evaluation Protocol: In domain adaptation setup, a labeled
training set is used as the source domain and an unlabeled
training set is served as the target domain. The target testing
set is used to evaluate the performance of the ReID model.
We use Cumulative Matching Characteristic (CMC) and mean
Average Precision (mAP) for evaluation.

B. Implementation Details

In this section, we will introduce the detailed network struc-
tures and parameters in implementations. The vertex-based
GCN stacks 4 graph convolution layers. The input channel
numbers of these 4 layers are 2048, 512, 256, 256, and the
output embedding of the GCN is a 256 dimension feature.
Then a fully connected layer and the cross-entropy loss are
applied for connectivity inference. SGD optimizer [56] is used
with the start learning rate of 0.01 for training 20 epochs.
The cluster-based GCN shares a similar network structure and
optimizer parameters as the vertex-based GCN.

As for the ReID model, the two branches for source and
target data training share the same network structure except
for their softmax layers, as shown in Fig. 2(a). We follow [8]
to train the ReID model. The input image size is 256 ×
128, and the batch size is 64 (16 IDs × 4 images per ID).
The pre-trained ReID model on source domain is trained
for 80 epochs with the start learning rate of 3.5 × 10−5.
In UDA training stage, the ReID model and HCC clustering
are alternately trained 30 times, and at each time we use
the generated pseudo labels from HCC to train the ReID

model for 40 epochs with the learning rate of 3.5 × 10−5.
For the parameter setting, λsrc and λmmd in Eq. 10 are set
to 0.75 and 1, respectively. The number k for KNN selection
and M for relation feature calculating are 10 and 3. The Sv

and Sc are 20 and 40, which define the pre-defined maximum
value of cluster size in vertex label inference and cluster label
inference. We conduct experiments on PyTorch [57] platform
with 4 TITAN XP GPUs and 1 E5 2650 CPU.

C. Experimental Results Analysis

In Table I and Table II, we report the performance
comparison with the state-of-the-art unsupervised domain
adaptation methods on Market1501, DukeMTMC-ReID
and MSMT17 datasets. As for the comparison methods,
PTGAN [27], SPGAN [5], ATNet [47], CamStyle [48],
HHL [26], AD-Cluster [52] and PDA-Net [50] all used GANs
for UDA. However, the performances of these GAN-based
methods are sensitive to the generation results of GANs,
which lack sufficient stability. Therefore, recently, many
clustering-based methods are proposed for unsupervised
domain adaptation. UDAP [7], PCB-PAST [10], SSG [9],
ACT [11] and MMT [8] are the representative clustering-based
methods, which focused on designing the network structure
or loss function for the ReID network training. Different from
these methods, we focus on the reliable label generation by the
novel relation feature and GCN-based HCC clustering method.

1) Comparison on Market1501 and DukeMTMC-ReID: We
incorporate UDAP and MMT methods into our HCC-based
UDA framework to validate the effectiveness and generaliza-
tion capability of HCC clustering, named HCC-UDAP and
HCC-MMT. Our HCC-MMT can achieve 78.9% mAP and
91.2% on Rank-1 when transferring from DukeMTMC-ReID
to Market1501, which significantly outperforms the state-of-
the-art GAN-based UDA method AD-Cluster [52] by 10.6%
and 4.5% on mAP and Rank1. Our method is also superior to
the state-of-the-art clustering based UDA method MMT [8] by
a large margin (78.9% v.s. 71.2% on mAP). The performance
advantages can be validated in bi-directional adaptation, from
DukeMTMC-ReID to Market1501 and vice versa. Moreover,
compared with VEGCN-MMT, which uses VEGCN clustering
to generate pseudo labels for MMT, our HCC-MMT also
achieves better performance. In addition, ECN+GPP [40] used
memory-bank to memorize the features on the whole dataset
for feature space adaptation. Our HCC-MMT also signifi-
cantly outperforms it by 15.1% mAP when transferring from
DukeMTMC-ReID to Market1501. Moreover, HCC-MMT can
even get comparable performance to supervised learning on
target domain when transferring from DukeMTMC-ReID to
Market1501 (78.9% v.s. 82.3% on mAP) and from Mar-
ket1501 to DukeMTMC-ReID (67.5% v.s. 72.1% on mAP).
The supervised learning comparison uses the softmax and
triplet loss function, and also adopts the Resnet50 backbone.

2) Comparison on MSMT17: In Table II, we report the
comparison on the MSMT17 dataset. Compared with the
above two datasets, MSMT17 is a more challenging dataset
containing complicated illumination and background changes.
With DukeMTMC-ReID serving as the source domain, we can
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TABLE I

COMPARISON WITH STATE-OF-THE-ART UDA METHODS FOR PERSON REID ON MARKET1501 AND DUKEMTMC-REID

TABLE II

COMPARISON WITH STATE-OF-THE-ART UDA METHODS FOR PERSON REID ON MSMT17

outperform the state-of-the-art MMT [8] by 5.1% and 7.3% on
the mAP and Rank-1. Similarly, transferring from Market1501,
we can also get impressive results of 25.2% on mAP and
51.8% on Rank-1, which is also an obvious performance gain
(25.2% mAP v.s. 22.9% mAP of MMT [8]). Overall, the above
performance comparisons can provide strong evidence of the
effectiveness of the proposed method.

D. Discussion

1) Extendibility of HCC Clustering: We compare
HCC-UDAP and HCC-MMT with the original UDAP
and MMT methods in Table I. We can find that remarkable
performance improvements can be achieved using the pseudo
labels generated by HCC clustering. When transferring

from DukeMTMC-ReID to Market1501, our HCC-UDAP
and HCC-MMT can achieve 16.1% and 7.7% mAP gains
compared with UDAP and MMT, respectively. Such gains
indicate that HCC is able to generate more reliable pseudo
labels in the adaptation stage.

2) Ablation Study of HCC-MMT: Table III presents the
ablation study to analyze the effectiveness of HCC clustering
module, source domain branch in Eq. 10 (Lsrc) and MMD
domain alignment module (L M M D). Using the pseudo labels
generated by HCC clustering, we can obtain ∼5.5% mAP
improvements for different configurations on target domain.
Besides, for the Base + HCC, adding constraint Lsrc can con-
tribute 1.0% mAP gains on the target domain, and 42.6% mAP
gains on the source domain. Moreover, domain alignment

Authorized licensed use limited to: Peking University. Downloaded on December 31,2021 at 03:52:34 UTC from IEEE Xplore.  Restrictions apply. 



6724 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 30, 2021

Fig. 3. (a) Clustering performance comparison between different clustering methods on F-score accuracy in training stage. (b) ReID model performance (mAP)
changes in training stage. (DukeMTMC-ReID → Market1501).

TABLE III

ABLATION STUDY OF HCC-MMT (DUKEMTMC-REID→ MARKET1501)

constraint L M M D further brings 0.9% and 1.7% mAP gains
on the target and source domain, respectively. These results
validate the effectiveness of the HCC clustering scheme, and
that the knowledge exploitation on source domain is also
beneficial for adaptation on target domain.

3) Analysis on Quality of Pseudo Labels: In Fig. 3,
we compare our HCC clustering with a series of unsuper-
vised and supervised clustering methods, including K-means
(K=500) [12], Mean-shift [58], DBSCAN [13], CDP [42],
Cluster-GCN [39], DSGCN [35] and VEGCN [36]. To evalu-
ate the clustering quality, we adopt the widely used BCubed
F-score and Normalized Mutual Information (NMI) [59]. The
F-score takes both precision and recall into consideration,
while the NMI represents the entropy for two clusters.

As shown in Fig. 3(a), when the model on the target
domain has poor performance, the clustering labels gener-
ated by the supervised CDP [42] and DSGCN have worse
quality compared to unsupervised DBSCAN. For example,
when the performance of ReID model on Market1501 is
31.4% mAP, the F-scores for DBSCAN, CDP and DSGCN are
63.24%, 56.94% and 59.72%, respectively. Conversely, when
the ReID model has higher discriminative capability, the label
quality generated by the supervised method becomes better
accordingly. Our method HCC outperforms other clustering
methods during the entire model adaptation training stage.
It can be attributed to that the HCC clustering can well
capture the complicated structures in a progressive way, and
the proposed relation feature can associate the samples with

TABLE IV

ANALYSIS OF THE RELATION FEATURE AND HCC
CLUSTERING (DUKEMTMC-REID → MARKET1501)

large intra-person variation. In Fig. 3(b), we use different
clustering methods to generate pseudo labels for UDA. The
higher ReID performance indicates the effectiveness of HCC
in UDA.

We further perform ablation study for HCC clustering
to analyze the necessity of hierarchical clustering with
vertex-based GCN and cluster-based GCN. In Table IV(a),
V-GCN represents using vertex based GCN only for cluster
generation and V-GCN+C-GCN means that both vertex-based
and cluster-based GCN are used. These results demonstrate
that hierarchical clustering is necessary and effective for
handling complicated cluster structures for UDA.

4) Effectiveness of Relation Feature: We perform the abla-
tion study on the relation feature f r and the embedding
feature f e. As shown in Table IV(b), using relation feature f r

only in HCC can obtain better performance compared to the
embedding feature. Besides, the combination of the relation
feature and embedding feature can take advantage of both the
two features to a great extent. We also use different features
in unsupervised DBSCAN clustering, and similar results can
be observed.

5) The Influence of Adjacency Matrix: We further analyze
the influence of the adjacency matrix in our HCC. We adopt
three different adjacency matrices. 1) Similarity-based
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TABLE V

ANALYSIS OF ADOPTING DIFFERENT ADJACENCY MATRIX FOR
HCC (DUKEMTMC-REID → MARKET1501)

TABLE VI

ANALYSIS OF DIFFERENT EDGE WEIGHTS CALCULATION SCHEME
IN HCC. (DUKEMTMC-REID → MARKET1501)

adjacency calculation adopted by our HCC (Eq. 3).
2) Binary-based adjacency calculation, in which the ai, j equals
to 1 if the neighboring vertices vi and v j share the same
identity and 0 otherwise. 3) Identity matrix.

The comparison results are shown in the Table V. In HCC,
the similarity-based scheme achieves better ReID performance
and clustering results than the binary-based scheme and Iden-
tity matrix. The Identity matrix achieves worse performance,
since when adopting an identity matrix to describe the adja-
cency relationship, the graph convolutional computation will
degenerate into an ordinary convolution operation and cannot
effectively describe the correlation between samples.

Besides, we further adopt different features to calculate
the cosine similarity of the adjacency matrix. As shown
in Table V, when using the embedding feature f e and relation
feature f r together, we can achieve the best performance.

Besides the cosine similarity, we also adopt the Gaussian
kernel-based distance to define the edge weights for compari-
son. Kernel-based distance has good capability to explore the
correlations between features and is effective in classification
and regression tasks. The performance comparisons are shown
in Table VI. The Gaussian kernel-based distance achieves
comparable performance to the cosine similarity.

6) The Influence of Source ID Numbers for Relation
Feature: We further investigate the scenario where the source
domain has a large number of IDs, and analyze the influence
of ID numbers involved in our relation feature calculation.
We perform experiments on the vehicle ReID dataset, i.e.,
vehicleID dataset [60] and VeRI-776 dataset [61]. We use vehi-
cleID [60] as the source domain while using VeRI-776 [61]
as the target domain. Note that the VehicleID [60] dataset
contains 13,164 identities in the training set, which is much
larger than person ReID datasets, and thus is suitable for inves-
tigating the performance of our relation feature in handling a
large number of source domain IDs.

We evaluate two strategies to sample source domain identi-
ties. Scheme-1: We randomly sample K identities. Scheme-2:
We select K representative identities one by one following the
principle below: We first randomly select one ID to initialize

TABLE VII

IMPACT OF IDS NUMBER INVOLVED IN RELATION FEATURE
CALCULATION (VEHICLEID → VERI-776)

the representative source ID set, denoted as set-R. Then we
calculate summed sample distances between all remaining
source IDs and IDs in set-R, and further define the dissimilar
score of a source ID as the summation of its distances to
set-R IDs. Thereby we can select the source ID with largest
dissimilar score, which aims at making the IDs in set-R share
as little visual similarity as possible. And we can get K
representative source IDs after K selections.

We evaluate different ID numbers for relation feature calcu-
lation, including 512, 1024, and 2048. The performances are
shown in Table VII. We can find that when the identity number
reaches 1024, the performance is saturated. Besides, even there
are only 512 identities, we can also achieve impressive results
with our designed scheme-2, since IDs with various appear-
ances have been selected. Moreover, when the ID number
is 512, the designed scheme-2 achieves better performance
than the random sampling scheme (scheme-1), while when the
ID number is larger, the performance gap becomes smaller.
Such results demonstrate that using a subset of source IDs
for relation feature calculation can also achieve comparable
performance and reduce the computation cost.

7) Impact of Training Data Size: To further analyze the
impact of the training set size, we adopt 30%, 50%, 70%,
and 100% of the target domain training set for model
learning. As shown in Table VIII, when transferring from
Dukemtmc-ReID to Market1501, our HCC can obtain signif-
icant performance advantages compared to MMT over differ-
ent training set sizes. Specifically, when the training set is
very small (225 identities), the performance gains can reach
12.9% mAP compared with MMT. Moreover, the performance
of our HCC even exceeds the supervised model trained with
ground-truth labels (52.2% v.s. 51.8% mAP). One possible
reason is that when the target domain training set is extremely
small, the assistance of the source domain data is important.

8) Impact of Different Initial Labels for HCC: In vertex
label setting and inference, we use DBSCAN to get initial
noisy labels for target domain samples. For DBSCAN, the eps
parameter significantly affects the clustering results. It deter-
mines the maximum distance between two samples that makes
one considered in the neighborhood of the other. We adopt
different eps values in DBSCAN and analyze its influence
on MMT method and our HCC. We use mAP to evaluate
models’ ReID performance and adopt the BCubed F-score to
evaluate the clustering quality. Note that, the F-score takes
both precision and recall into consideration.
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Fig. 4. Visualization of feature distribution by t-SNE, in which different colors represent different labels. We visualize the ground-truth label, and conduct
comparison between the labels produced by DBSCAN, and our HCC clustering.

TABLE VIII

IMPACT OF TRAINING DATA SIZE (DUKEMTMC-REID → MARKET1501)

TABLE IX

THE IMPACT OF EPS IN MMT AND HCC
(DUKEMTMC-REID → MARKET1501)

As shown in Table IX, using a larger eps will generate a
smaller number of clusters. Correspondingly, the clustering
method achieves better recall, while its precision decreases.
For example, setting eps to 0.4, the DBSCAN will generate
911 clusters with 71.26% recall and 89.76% precision, while
when setting eps to 0.7, it will produce 473 clusters with
90.87% recall and 72.21% precision.

Our HCC clustering can achieve better clustering results
than DBSCAN on both precision and recall. And the improve-
ment of ReID performance can reach 6.7%∼7.9% mAP for
different eps settings. In HCC, the vertex-based GCN filters
out noisy connectivity in the initial graph to generate the

TABLE X

ANALYSIS OF MAXIMUM CLUSTER SIZE

(DUKEMTMC-REID → MARKET1501)

high-purity sub-clusters including the visual similar samples.
Then the subsequent cluster-based GCN can further merge the
relevant sub-clusters with intra-person variations to improve
the recall of clusters. Based on our powerful clustering
scheme, although the initial clustering results from DBSCAN
may be unsatisfactory, HCC can still achieve better clustering
results and higher ReID performance.

9) Visualization of the Label Distributions: We further show
the label distribution by t-SNE [62]. We randomly select
1,000 samples of 16 identities and extract their embedding fea-
tures by the HCC model at the 20th epoch. We use DBSCAN
and our HCC to generate the pseudo label. The visualization
results are shown in Fig. 4. As shown in region 1� and 2�,
the samples of a given identity tend to be scattered with mul-
tiple sub-centers caused by intra-person variations. Besides,
as shown in region 3� and 4�, the embedding space presents
complicated cluster structure, and even has feature overlapping
problem between different classes. DBSCAN is not able to
handle such complicated cluster structures well. Differently,
our proposed relation feature is robust against intra-person
variations, and the powerful hierarchical connectivity-centered
based clustering can better handle complicated cluster struc-
tures. Therefore, we achieve better clustering results, and
further boost the ReID performance.

10) Complexity Analysis for HCC Clustering Method:
Since the graph in GCN is a KNN graph (K�N), the graph
convolution can be implemented as the matrix multiplication,
and the computation complexity is O(|E |) (E is the set of
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Fig. 5. Analysis of hyper parameters. From left to right: (a) The impact of λsrc in Eq. 10 (DukeMTMC-ReID → Market1501). (b) The impact of λmmd in
Eq. 10 (DukeMTMC-ReID → Market1501). (c) Exploring the impact of λsrc and λmmd together (DukeMTMC-ReID → Market1501).

edges). The inference complexity is linear to the number of
vertices/samples, bounded by N ∗ K . Besides, the GCN oper-
ation can be scaled to a very large setting by sampling oper-
ations, such as sampling neighbors or sampling vertices [63],
[64]. The training stage of HCC on Market1501 dataset costs
28 minutes with the batch size set as 64, and the generation of
pseudo labels by HCC costs about 2 minutes. For a reference,
K-means and DBSCAN cost 12 minutes and 11 minutes for
pseudo labels generation.

E. Parameter Analysis

In this section, we analyze parameters including the loss
weight λsrc, λmmd in Eq.10, the number k of KNN in
Sec. III A, the number M in relation feature calculation in
Eq.2, and the maximum value of cluster size Sc and Sv . The
default values for λsrc, λmmd , k, M , Sc and Sv are 0.75, 1,
10, 3, 20 and 40. When evaluating the one parameter, we fix
the other ones.

1) Loss Weight λsrc and λmmd : λsrc balances the loss
weight between source and target domain. We vary λsrc from
0 to 1.5 (DukeMTMC-ReID → Market1501). In Fig. 5(a),
when λsrc is set to 0.75, we can get satisfactory performance
on the target domain, and achieve acceptable performance
on the source domain. When λsrc = 1, the target domain
performance drops 1.0% mAP.

λmmd aligns the source and target domain, which can
decrease the influence of domain gap. We vary the λmmd from
0 ∼ 4, as shown in Fig. 5(b), the performance stays stable
across a wide range (DukeMTMC-ReID → Market1501).
When λmmd is set to 1, the best performance can be obtained
both on source and target domain.

We also explore more combinations of λsrc and λmmd ,
the performances on target domain are shown in Fig. 5(c).
The λsrc and λmmd are set to 0.75 and 1, which can achieve
the best performance.

2) The Number k of KNN Selection: The number k influ-
ences the connectivity generation in the relation-aware graph
construction. Fig. 6 shows stable performance can be achieved
when k = 3 ∼ 15. When k is set to a higher value, the sub-
sequent vertex-based GCN can further check all connections
and filter out the wrong neighbors. When k is set to a lower
value, cluster-based GCN can further conduct the connectivity
between relevant samples/sub-clusters by relation features.

Fig. 6. The impact of value k in KNN Selection.

3) The Parameter M in Relation Feature: The parameter
M is used to select the m-th highest similarity to calculate
relation feature in Eq. 2. To analyze the influence of M ,
we only use f r in HCC clustering. With M varying from 2 to
5, the ReID performance remains stable (77.8%-78.2% mAP),
and the best performance can be achieved with M set as 3.
When M=8, the performance drops to 77.1%, because more
dissimilar source domain samples get involved in calculation.

4) The Cluster Size Sv and Sc in Label Inference: We also
report the performance of adopting different maximum cluster
size (Sv and Sc). The results are shown in Table X. We use
mAP to evaluate models’ ReID performance and adopt the
BCubed F-score to evaluate the clustering quality. Note that,
the F-score takes both precision and recall into consideration.
When the maximum cluster size is small, we can achieve a
relatively higher precision. In contrast, when the cluster size
is large, we can achieve a relatively higher recall. Overall,
the ReID performance is stable across different maximum
cluster sizes Sc (from 30 to 45). Besides, the performance
is not sensitive to the maximum cluster size Sv in vertex label
inference, since when Sv is set to a lower value, cluster-based
GCN can further build the connectivity between relevant
samples/sub-clusters.

V. CONCLUSION

In this work, we propose a hierarchical connectivity-
centered (HCC) clustering method for unsupervised person
ReID. We consider clustering as graph connectivity modeling,
and refine the connectivity in a progressive way, including
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vertex-based GCN for vertex level connectivity refinement,
and cluster-based GCN for sub-cluster aggregation. Besides,
to reduce the impact of intra-person variation, we propose
a novel relation feature to describe the identity-similarity
relationship between the unlabeled target domain samples
and labeled source domain data. Extensive experiments and
analysis demonstrate the effectiveness and extendibility of our
HCC based UDA method.
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