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Abstract

Group re-identification (G-ReID) aims to correctly associate
groups with the same members captured by different cameras.
However, supervised approaches for this task often suffer
from the high cost of cross-camera sample labeling. Unsuper-
vised methods based on clustering can avoid sample labeling,
but the problem of member variations often makes clustering
unstable, leading to incorrect pseudo-labels. To address these
challenges, we propose an adaptive clustering-driven progres-
sive learning approach (ACPL), which consists of a group
adaptive clustering (GAC) module and a global dynamic pro-
totype update (GDPU) module. Specifically, GAC designs the
quasi-distance between groups, thus fully capitalizing on both
individual-level and holistic information within groups. In the
case of great uncertainty in intra-group members, GAC ef-
fectively minimizes the impact of non-discriminative features
and reduces the noise in the model’s pseudo-labels. Addition-
ally, our GDPU devises a dynamic weight to update the pro-
totypes and effectively mine the hard samples with complex
member variations, which improves the model’s robustness.
Extensive experiments conducted on four popular G-ReID
datasets demonstrate that our method not only achieves state-
of-the-art performance on unsupervised G-ReID but also per-
forms comparably to several fully supervised approaches.

Introduction
Group re-identification (G-ReID) focuses on associating the
group images containing the same members captured by dif-
ferent cameras. G-ReID usually deals with groups of 2 to
6 members, and considers group images with at least 60%
of the same members as the same group class (Yan et al.
2020; Zhang et al. 2023). G-ReID plays an increasingly crit-
ical role in ensuring the safety of citizens by detecting and
preventing heinous crimes such as child trafficking and kid-
napping (Zhang et al. 2022a,b). In addition to the difficulty
of expensive dataset labeling, the task of G-ReID is also
challenged by the member variation, which means that the
number of intra-group members may change due to mem-
bers leaving or occlusion.

While supervised methods (Xu et al. 2019; Lin et al. 2019;
Zhang et al. 2022a,b; Yan et al. 2020) dominate in existing
approaches for the G-ReID task, they require a large amount
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Figure 1: We compare existing methods with ACPL. Dif-
ferent colors represent the identities belonging to different
groups. Existing clustering methods based on group features
may create wrong labels with member changes, whereas our
approach performs GAC to handle non-discriminative mem-
ber features and get high-quality labels. Additionally, we ex-
plore hard samples during training with GDPU.

of labeled data. Moreover, existing pure unsupervised meth-
ods are mainly based on hand-crafted features (Cai, Takala,
and Pietikainen 2010; Zhu, Chu, and Yu 2016), and these
methods exhibit subpar performance. Motivated by the pop-
ular method of unsupervised person re-identification (person
ReID), which is driven by learning from pseudo-labels gen-
erated by clustering (Ester et al. 1996; Zhang et al. 2022c;
Dai et al. 2022; Lan et al. 2023), we apply the same cluster-
ing methods to unsupervised G-ReID. However, the perfor-
mances are not satisfactory. The main reasons for this lim-
itation are as follows (the upper part of Fig.1): 1) Member
variations can lead to distortions in the spatial distribution
of group features, resulting in considerable instability when
performing certain clustering. 2) During training, the utiliza-
tion of a fixed momentum factor in memory bank updates
may further limit the model’s ability to adequately explore
hard samples with complex member changes.

To address these problems, we propose our adaptive
clustering-driven progressive learning (ACPL) method, as
shown in the lower part of Fig.1. Specifically, we first pro-
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pose a group adaptive clustering (GAC) module. GAC ef-
ficiently explores the information of group members, en-
abling better classification of hard samples with signifi-
cant member changes during the clustering. Inspired by the
Hausdorff Distance (Huttenlocher, Klanderman, and Ruck-
lidge 1993), we design the quasi-distance vector between
groups. Building on this, we are able to proficiently process
non-discriminative member features across various groups,
thereby optimizing and yielding high-quality pseudo-labels.

Furthermore, we employ a global dynamic prototype up-
date (GDPU) strategy throughout the training iteration pro-
cess. This strategy is motivated by the notion that proto-
types associated with all pseudo-labels play a part in the up-
date process for the current sample. To bolster the learning
from hard samples, our GDPU strategy deploys a dynamic
value to revise the prototypes associated with the current
sample’s pseudo-label. Adapting weights among complex
member variations enables better learning of discrimina-
tive features from hard samples, significantly enhancing the
model’s robustness. Ultimately, experiments on four widely-
used datasets demonstrate that our method achieves state-of-
the-art (SOTA) performance on unsupervised G-ReID.

The contributions can be summarized as follows:

• We present adaptive clustering-driven progressive learn-
ing for unsupervised G-ReID. To solve the problems of
member variations, group adaptive clustering (GAC) is
proposed to handle non-discriminative member features
in groups with significant uncertainty.

• To optimally utilize the hard samples derived from
GAC, we propose the global dynamic prototype update
(GDPU), which dynamically modifies the update weights
during training and bolsters the robustness.

• Extensive experiments on four popular G-ReID datasets
prove that our method is better than most previous un-
supervised methods, and our method is competitive with
state-of-the-art supervised methods.

Related Work
Group Re-Identification
The common methods in the early research of G-
ReID are based on hand-crafted features: C-BRO (Zheng,
Gong, and Xiang 2009), Covariance (Cai, Takala, and
Pietikainen 2010), SBC (Salamon, Junior, and Musse
2015), BSC+CM (Zhu, Chu, and Yu 2016). Recently, deep
learning-based methods have become mainstream, and most
of them are supervised methods. Some methods (MGR (Lin
et al. 2019), MACG (Yan et al. 2020)) mainly adopt the ap-
pearance features of groups. However, due to the increase
or decrease of members and the changes of the relative
positions in the group, the appearance features of groups
may change dramatically, limiting the effectiveness of these
methods. SOT (Zhang et al. 2022b) and 3DT (Zhang et al.
2022a) respectively propose new modeling methods that bet-
ter solve the problems of group layout and membership
changes. However, these fully supervised methods require
fine-grained labeling of both the groups and members. To al-
leviate the burdensome process of manual labeling, methods

under coarse-grained labeling (Xiao et al. 2018; Zhu et al.
2020; Huang et al. 2019a) are proposed and these meth-
ods do not require precise pedestrian labels. Meanwhile,
other methods (Huang et al. 2019b, 2020; Yu et al. 2023)
stem from a domain adaptation perspective, transferring the
representation of individuals learned from an existing la-
beled ReID dataset to a target G-ReID domain. In contrast,
our method requires neither identity labeling nor additional
datasets, and is capable of handling member changes.

Unsupervised Person ReID
Methods for unsupervised person ReID can be divided
into unsupervised domain adaptation (UDA) and pure un-
supervised learning (USL). UDA methods (MMFA (Lin
et al. 2018), TJAIDL (Wang et al. 2018), Invariance Mat-
ters (Zhong et al. 2019) and DMG-Net (Bai et al. 2021))
attempt to transfer knowledge from existing source data to
unlabeled target data. For methods that do not require intro-
ducing a source domain dataset, state-of-the-art USL ReID
pipelines adopt generating pseudo-labels and training deep
neural networks. Some solutions are iterative clustering-
based deep learning methods. Cluster Contrast (Dai et al.
2022) is proposed as a strong baseline, which stores feature
vectors and computes contrast loss at the cluster level. Re-
cent methods such as PPLR (Cho et al. 2022), ISE (Zhang
et al. 2022c), and Purification (Lan et al. 2023) employ the
Cluster Contrast in their training process. These methods
rely on momentum updates (He et al. 2020) and often re-
quire a pre-set momentum factor, while we utilize informa-
tion from the global prototypes for updating to learn from
hard samples better.

Proposed Method
Our method alternates between a clustering step and a model
updating step at each iteration. In this section, we first intro-
duce our group adaptive clustering (GAC). Then we describe
the initialization of the memory and update method in global
dynamic prototype update (GDPU). Fig.2 illustrates our ap-
proach in detail.

Group Adaptive Clustering
Group adaptive clustering (GAC) aims to generate accurate
pseudo-labels for groups, which handles the member vari-
ation on unsupervised G-ReID. In this process, a group is
composed of pedestrians obtained through the cropping and
processing of a single image. We treat each group as a set
Gi = {p1, p2, . . . , pn}, where p1, p2, . . . , pn are the ex-
tracted pedestrian features in one group. For the training set
containing N groups, we put all the groups into a univer-
sal group set U = {G1, G2, . . . , Gi, . . . , GN}. Motivated
by the Hausdorff Distance, we devise the one-way distance
d(pm, Gi) from person to group in Eq.1:

d(pm, Gi) = min
p∈Gi

‖pm − p‖, (1)

where pm represents the pedestrian feature of the group
other than Gi. ‖ · ‖ denotes the Euclidean norm of a vector.
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Figure 2: The overall architecture of our model. Our method starts with image input (bottom left) and consists of two stages: the
first stage operates at the unsupervised person-level, while the second stage operates at the group-level. The circles or pentagons
in different colors indicate samples with different features. d mainly represents the Euclidean distance between vectors.

For a group Gi with n members, we get the (n+ 1) dimen-
sional quasi-distance vector with respect to Gk(k 6= i):

d̃(Gi, Gk) = (d(p1, Gk), · · · , d(pn, Gk), ‖Giave−Gkave‖),
(2)

whereGiave andGkave are the average pedestrian features of
each member in group Gi and Gk, respectively. In a training
set with N groups, each group Gi is associated with N − 1
quasi-distance vectors. These vectors can be partitioned into
two clusters, where the quasi-distance vectors closer to the
origin are more likely to belong to groups having the same
ID as Gi. In order to differentiate between different sets
more efficiently, we first sort the quasi-distance vectors as-
sociated with Gi in ascending order according to their Eu-
clidean norms. This enables to fully leverage both individual
and holistic information within groups. To reduce compu-
tational overhead, we then select the smallest Nc norms to
form a new vector Di:

(‖d̃(Gi, G(1))‖, d̃(Gi, G(2))‖, · · · , ‖d̃(Gi, G(Nc))‖), (3)
the subscripts enclosed in parentheses indicate the result af-
ter reordering. To detect the mutation points, we perform
a first-order discrete differential on Di to obtain ∆Di, and
then locate the maximum margin boundary (MMB) Xi:

∆Di[x] = Di[x+ 1]−Di[x], x = 1, 2, · · · , Nc − 1, (4)
Xi = arg max

x
{∆Di[x]}. (5)

The outcome of Eq.5 may yield multiple Xi such that
∆Di[Xi] takes the same value. In this case, we choose the
smallest Xi. Additionally, ∆Di[Xi] might be too minuscule
to differentiate different clusters effectively. Therefore, we
set a restriction on our MMB:

Xi = Xi · I
{

∆Di[Xi] >
εc · (Di[Nc]−Di[1])

Nc − 1

}
, (6)

εc is a hyperparameter, and I{·} is the indicator func-
tion. For each group Gi(i = 1, 2, · · · , N) with a posi-
tive MMB, we reserve the first Xi elements of Di, iden-
tify the corresponding groups from the universal group set
U, and merge them with the original group Gi to form a
new set Si. We obtain the results of N preliminary sets
S1, S2, · · · , Si, · · · , SN (Si = ∅ if Xi = 0)1. Next, we will
proceed with the optimization of these preliminary sets and
mitigate the impact of non-discriminative member features.

Suppose the minimal set consisting the non-empty pre-
liminary sets is S = {S̃1, S̃2, · · · , S̃j , · · · , S̃s} (s ≤ N ). Let
a set Y = {y1, y2, · · · , yj , · · · , ys} corresponding to the set
S, where the definition of yj is: for a set Ij ⊆ {1, 2, · · · , N}
which satisfies: {

i ∈ Ij , if S̃j = Si

i /∈ Ij , if S̃j 6= Si
, (7)

we get yj = |Ij |, and | · | is the cardinality of
a set. Let a permutation of y1, y2, · · · , ys be y(1) ≥
y(2) ≥ · · · ≥ y(s), we perform on the corresponding
S̃(1), S̃(2), · · · , S̃(u), · · · , S̃(s) in turn:

• Update S̃(1) and get the first output set:

S̃(1) =

{
S̃(1), if

∣∣∣S̃(1)

∣∣∣ ≥ 2

∅,otherwise
. (8)

• Update S̃(u), u ≥ 2 and get the u-th output set:

S̃(u) =

{
s̃(u), if |̃s(u)| ≥ 2

∅,otherwise
, (9)

1∅ denotes the empty set.
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where s̃(u) = S̃(u) \
⋃u−1
k=1 S̃(k).

For each group in a non-empty output set, we assign the
same pseudo-label.

Global Dynamic Prototype Update
We apply global dynamic prototype update (GDPU) in our
training after obtaining pseudo-labels at both the person-
level and group-level. For clarity, we use subscripts p and
g to represent the person-level and group-level training, re-
spectively. For the training set, we put all the extracted
pedestrian features into the all-person feature set P =
{p1, p2, . . . , pM}. For the group-level initialization, we take
the average of pedestrian features in each group and put
the results of all groups into the all-group feature set G =
{g1, g2, . . . , gN}. We then cluster P into K1 clusters with
DBSCAN (Ester et al. 1996) and G into K2 clusters with
our group adaptive clustering (GAC, the values for K1 and
K2 are determined only after the clustering process is per-
formed). For the person clusters and group clusters, we store
each cluster’s representation {φp(1), φp(2), . . . , φp(K1)}
and {φg(1), φg(2), . . . , φg(K2)} in two memory-based fea-
ture dictionaries. We use the mean feature vectors of each
cluster to initialize the cluster representation.

During training, we use a random identity sampler. At the
person-level, a fixed number of pedestrian identities and the
corresponding instances for each person identity are sam-
pled from the training set in one minibatch, while the sam-
pler at the group-level remains the same. For the feature qp
or qg sampled in the query instance features setQp orQg in
one iteration, we compute the loss at the cluster level by a
cluster-wise contrastive loss:

Lqp = − log
exp

(
φTp+qp/τ

)∑K1

k=0 exp (φp(k)T qp/τ)
, (10)

Lqg = − log
exp

(
φTg+qg/τ

)∑K2

k=0 exp (φg(k)T qg/τ)
, (11)

where τ is the temperature. φp+ and φg+ are positive cluster
representations corresponding to qp and qg , respectively.

To enable the model to more effectively capture discrimi-
native features from samples with significant member varia-
tions, we utilize global prototype information to adjust the
update weight. For the query features qp and qg , we use
Eq.12 and Eq.13 to get the corresponding dynamic weights
ξp and ξg:

ξp =
‖qp − φp(kp)‖∑K1

λ=1,λ 6=kp
‖qp−φp(λ)‖

K1−1 + ‖qp − φp(kp)‖
, (12)

ξg =
‖qg − φg(kg)‖∑K2

λ=1,λ6=kg
‖qg−φg(λ)‖

K2−1 + ‖qg − φg(kg)‖
, (13)

where kp and kg are pseudo-labels for qp and qg , respec-
tively. Then we use the ξp and ξg to update the person
and group cluster representations. φp(kp) is updated using
Eq.14, while φg(kg) is updated using Eq.15:

1∣∣Pkp ∣∣
 ∑
pi∈Pkp∩Qp

[ξpqp + (1− ξp)pi] +
∑

pi∈Pkp\Qp

pi

,
(14)

1∣∣Gkg ∣∣
 ∑
gi∈Gkg∩Qg

[ξgqg + (1− ξg)gi] +
∑

gi∈Gkg\Qg

gi

,
(15)

where the set Pkp contains all person feature vectors in the
kp-th person-level cluster, and the set Gkg contains all group
feature vectors in the kg-th group-level cluster. This adap-
tively updates weights of hard samples for better learning.

Experiment
Datasets and Implementation
We evaluate our proposed method on four G-ReID datasets:
CSG (Yan et al. 2020), RoadGroup (Xiao et al. 2018), i-
LIDS MCTS (Zheng, Gong, and Xiang 2009) and SYSU-
Group (Mei et al. 2020). The CSG dataset contains 3,839 im-
ages, including 1,558 group classes. All images are collected
from monitors and movies, and CSG adds an extra 5K group
images as distractors in the gallery. The RoadGroup dataset
contains 324 monitor images, including 162 group classes.
We follow the division of these two datasets for training
and testing as described in (Zhang et al. 2022b). The i-
LIDS MCTS dataset contains 274 monitor images, including
64 group classes. The SYSU-Group dataset contains 7,071
group images with 208 group classes captured from 8 differ-
ent cameras. We randomly and equally split the training and
test sets of i-LIDS MCTS and SYSU-Group according to the
protocol (Lin et al. 2019). These four datasets are commonly
used real datasets in G-ReID tasks. We perform pedestrian
detection on all datasets using PP-YOLOE (Xu et al. 2022)
with a detection threshold of 0.7. If more than six pedestri-
ans are detected in one image, we keep the six pedestrians
with the highest resolution. We do not use any additional
ReID datasets when training on each G-ReID dataset. We
use Cumulative Matching Characteristics (CMC) at Rank-1
(R1), Rank-5 (R5), Rank-10 (R10), and mean Average Pre-
cision (mAP) as evaluation metrics.

Our model backbone is ResNet-50 (He et al. 2016), pre-
trained on ImageNet (He et al. 2016), and modified follow-
ing Cluster-Contrast (Dai et al. 2022). We resize all cropped
person images in the groups and enhance person samples
in the training set as described in Cluster-Contrast. During
training, we adopt Adam optimizer with weight decay 5e-
4. The initial learning rate is set to 3.5e-4 and reduced to
0.1 of its previous value every 10 epochs. For person ReID,
we train for 25 epochs with GDPU. At the beginning of
each epoch, we first apply DBSCAN with the eps of 0.6 for
pseudo-label assignment. During this phase, all pedestrians
are sourced solely from the images in our training set, and
no manual ID labels are used. We then use GAC to obtain
group pseudo-labels and train for the G-ReID task for 25
epochs with the same settings as above. We set the values of
εc and Nc to 3 and 10 respectively.
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Methods CSG RoadGroup i-LIDS MCTS
mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10

MGR (Lin et al. 2019) − 57.8 71.6 76.5 − 80.2 93.8 96.3 − 38.8 65.7 82.5
MACG (Yan et al. 2020) − 63.2 75.4 79.7 − 84.5 95.0 96.9 − 45.1 70.4 84.9

DotSCN (Huang et al. 2020) − − − − − 84.0 95.1 96.3 − − − −
SVIGR (Mei et al. 2020) − − − − 89.2 87.8 92.7 − 42.1 46.2 71.8 −

BDFNet (Wang et al. 2022) 87.9 89.2 95.1 96.5 92.7 90.1 96.3 97.5 − − − −
SOT (Zhang et al. 2022b) 90.7 91.7 96.5 97.6 91.3 86.4 96.3 98.8 − − − −
3DT (Zhang et al. 2022a) 92.1 92.9 97.3 98.1 94.3 91.4 97.5 98.8 − − − −

3DT+ (Zhang et al. 2022a) 94.4 95.1 97.7 98.6 94.8 93.8 97.5 98.8 − − − −
C-BRO (Zheng et al. 2009) − 10.4 25.8 37.5 − 17.8 34.6 48.1 − 23.3 54.0 69.8
Covariance (Cai et al. 2010) − 16.5 34.1 47.9 − 38.0 61.0 73.1 − 26.5 52.5 66.0
BSC+CM (Zhu et al. 2016) − 24.6 38.5 55.1 − 58.6 80.6 87.4 − 32.0 59.1 72.3
PREF (Lisanti et al. 2017) − 19.2 36.4 51.8 − 43.0 68.7 77.9 − 30.6 55.3 67.0
LIMI* (Xiao et al. 2018) − − − − − 72.3 90.6 94.1 − 37.9 64.5 79.4

DotGNN* (Huang et al. 2019a) − − − − − 74.1 90.1 92.6 − − − −
GCGNN* (Zhu et al. 2020) − − − − − 81.7 94.3 96.5 − 41.9 68.1 86.9

PCPGU (Yu et al. 2023) − − − − − 92.2 93.8 95.3 − − − −
ACPL (Ours) 78.0 80.5 88.9 90.7 94.8 93.8 95.1 96.3 66.1 65.3 91.7 98.6

Table 1: Comparison with SOTA results on CSG, RoadGroup and i-LIDS MCTS datasets.

Methods SYSU-Group
mAP R1 R5 R10

GOG*(Matsukawa et al. 2016) 30.8 63.5 82.0 87.2
RPP*(Sun et al. 2018) 46.2 74.4 90.3 94.0

SVIGR*(Mei et al. 2020) 76.7 94.5 97.9 98.6
PCPGU (Yu et al. 2023) − 97.4 98.6 99.1

ACPL (Ours) 85.7 96.5 98.4 99.1

Table 2: Comparison with SOTA results on SYSU-Group.

Perfomance

We evaluate our proposed method against the existing meth-
ods on four available G-ReID datasets to show the superior-
ity of our method. As shown in Tab.1, the main body of this
table is divided into two sections. The upper section includes
fully supervised methods (MGR, MACG, DotSCN, SVIGR,
BDFNet, SOT, 3DT, and 3DT+), which require both group
and pedestrian identity labeling. The lower section includes
supervised methods under coarse-grained labeling (LIMI,
DotGNN, and GCGNN, these methods require group iden-
tity labeling, represented by *) and unsupervised methods
(C-BRO, Covariance, BSC+CM, PREF, and PCPGU, these
methods require no labels). In Tab.2, we compare with meth-
ods under coarse-grained labeling (GOG, RPP, SVIGR) and
unsupervised method PCPGU. On these four datasets, com-
pared to methods under coarse-grained labeling and unsu-
pervised methods, our ACPL demonstrates superior or com-
parable performance. The earlier pure unsupervised methods
based on hand-crafted features, such as C-BRO, Covariance,
and PREF, are less effective. The use of global features can-
not deal with problems such as member changes.

Some methods (DotGNN, DotSCN) have leveraged ad-
ditional person ReID datasets to construct new groups for
data augmentation, which to some extent have boosted per-

formance, but these methods necessitate the introduction of
extra data. Methods like PCPGU also requires pre-training
on the MSMT17 dataset (Wei et al. 2018). Some supervised
methods under coarse-grained labeling, generally strive to
bolster performance at the group feature level directly. How-
ever, these techniques may overlook the negative influence
of the non-discriminative member features within groups
and the performance is unsatisfactory. The quasi-distance
vector that we’ve designed is capable of exploring both
holistic and individual features from a more comprehensive
perspective. As the training progresses, different groups with
the same identity are able to cluster together, even when
there are complex internal member variations. Moreover, the
accuracy of the clustering labels lays a solid foundation for
us to effectively mine hard samples.

Compared with SOTA fully supervised methods, the per-
formance of our method on RoadGroup is comparable on
mAP/R1. Furthermore, our method outperforms existing
methods on the i-LIDS MCTS. These results demonstrate
that our method can effectively mine member associations
and provide accurate pseudo-labels. In addition, our method
has an advantage in efficient hard sample learning. However,
there is a performance gap on the CSG dataset. This dataset
contains a large number of images that include pedestrians
who are not relevant to the current group. As a result, dur-
ing unsupervised training, the model will inevitably learn the
features of pedestrians outside of groups. This occurrence is
less frequent on the other three datasets.

Effect of Group Clustering Method
To evaluate the effectiveness of our clustering approach, we
utilize commonly used clustering methods, including In-
fomap (Rosvall and Bergstrom 2008), Spectral (Ng, Jor-
dan, and Weiss 2002), K-means (Lloyd 1982), and DB-
SCAN (Ester et al. 1996) on the all-group feature set. To
ensure fairness, we use the same settings in the first stage
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CSG RoadGroup i-LIDS
mAP R1 mAP R1 mAP R1

InfoMap 69.1 71.6 85.5 82.7 55.2 54.7
Spectral 70.5 73.7 91.0 88.9 62.9 62.7
K-means 71.0 73.3 91.3 88.9 61.5 61.3
DBSCAN 68.4 71.1 87.3 85.2 53.9 53.3
DBSCAN+ 71.6 74.2 89.1 86.4 60.2 58.7

GAC 78.0 80.5 94.8 93.8 66.1 65.3

Table 3: Experiments on clustering method on G-ReID.

(a) DBSCAN (b) GAC

Figure 3: The t-SNE (Van and Hinton 2008) visualization of
partial results embedded with DBSCAN and GAC on some
samples. Different colors of image boxes represent different
pseudo-labels (potential errors).

on person ReID. In the second stage, we set the eps value
of DBSCAN to 0.6, and for Infomap, we chose two-level
clustering. In Tab.3, our proposed GAC achieves the best
performance among all the methods. Furthermore, we com-
pare GAC with spectral and K-means clustering, which are
sensitive to the number of clusters specified. When the num-
ber of clusters is set to the true total number of identities in
the training set, spectral and K-means clustering show excel-
lent performance in row 2 and row 3 of Tab.3. However, our
method still outperforms these two methods, providing fur-
ther evidence of its effectiveness. Additionally, we use the
norm of Eq.2 as the distance metric between different sam-
ples in DBSCAN and take the average when asymmetry ex-
ists (DBSCAN+). Our quasi-distance vector effectively im-
proves the clustering performance of DBSCAN, demonstrat-
ing its capability to handle potential member variations and
obtain more precise pseudo-labels.

To further investigate the effectiveness of our method in
improving pseudo-label quality for the G-ReID task, we
conduct a visual analysis of partial groups on the i-LIDS
MCTS dataset, utilizing DBSCAN or GAC during train-
ing. As shown in Fig.3, training strategy embedded with
GAC effectively maps groups of the same ID with mem-
ber variations closer in space (blue boxes) after multiple
training epochs. GAC can adaptively adjust the MMB based
on the number of members in the group, thereby improv-
ing the clustering effect for groups with great uncertainty
that are challenging for DBSCAN. Additionally, GAC can
make correct fine-grained distinctions for different groups
that have members with high similarity (green boxes). For
example, members from different groups may wear clothes
in the same color or have similar spatial mapping positions.
GAC is able to handle these groups well.

(a) Fowlkes mallows score (b) Adjusted rand score

(c) Adjusted mutual info score (d) V measure score

Figure 4: Clustering quality over different epochs on CSG.
In the first 25 epochs, we compare the clustering quality of
GDPU and momentum update method in the baseline (MU)
on person ReID task (P). In the last 25 epochs, in addition to
comparing the effect of GDPU and MU on group clustering
performance, we also compare the effect of DBSCAN and
GAC on G-ReID (G).

We also assess the clustering quality at different training
epochs on CSG, as shown in Fig.4. Four metrics are utilized,
and higher scores indicate better performance. The compar-
ison results of MU and GDPU will be discussed in a later
section. It is evident that GAC has achieved superior perfor-
mance on all metrics on G-ReID in the last 25 epochs under
the same conditions of using MU or GDPU. The clustering
quality of GAC steadily improves during the training pro-
cess, while it may deteriorate in DBSCAN on G-ReID. The
quasi-distance vector and the subsequent label optimization
of GAC can refine the data distribution in the embedding
space, reducing the noise in pseudo-labels from groups with
high uncertainty.

Ablation Studies
Effect of Quasi-distance Vector We conduct experiments
to compare the results of using the first n dimensions (indi-
vidual features, IF) and only the (n+1)-th dimension (over-
all feature, OF) in Eq.2. We also compare using the feature
distance of the most similar person between two groups as
the distance metric directly (SF) (Mei et al. 2020). Tab.4
shows that the performance of using OF is the worst. OF
cannot capture reliable fine-grained information, as OF con-
siders only global features. On the other hand, if only indi-
vidual features (IF or SF) in the group are used in the dis-
tance measure, the model will focus more on the features of
person ReID. This may ignore the essential requirements of
the original task G-ReID. On G-ReID, the association and
member changes among group members are inseparable,
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CSG RoadGroup i-LIDS
Method mAP R1 mAP R1 mAP R1

OF 55.0 58.5 80.2 76.5 53.8 53.3
SF 73.4 75.6 88.9 87.7 63.6 61.3
IF 76.3 78.2 92.4 90.1 65.5 64.0

OF+IF 78.0 80.5 94.8 93.8 66.1 65.3

Table 4: Ablation experiments on the quasi-distance vector.

Query

OF

IF

OF
+
IF

R1 → R5

SF

Figure 5: Visualization of top five retrieval results. Each row
represents a different method used in training stage, where
“OF+IF” is our method in GAC. Note that this query has
only one correct image in the gallery. The green/red image
box represents the correct/wrong matching.

and only by combining the individual and holistic features
can we better handle the G-ReID task. This is also supported
by the fact that GAC (IF+OF) achieves the best performance.

In Fig.5, we enumerate one visual retrieval example of
different dimensions in the quasi-distance. When using OF,
the retrieval tends to focus on images with the same number
of pedestrians as the query, as shown in row 1 of Fig.5. This
is because OF fails to address the problem of group member
changes. On the other hand, if we only use IF as the dis-
tance measure, the similarity between two groups may de-
pend only on the most similar pedestrian in each group (like
SF), ignoring the overall group information. However, our
method can retrieve these challenging samples correctly, as
shown in row 4 of Fig.5.

Effect of Prototype Update Method When comparing
with the momentum update method (MU), the momentum
factor is set to the same value as Cluster-Contrast on person
ReID and G-ReID experiments. For fairness, the clustering
method for person ReID uniformly uses the DBSCAN in the
Cluster-Contrast. Compared with the MU, Fig.4 shows that
our GDPU achieves superior performance than MU on all
metrics on person ReID during the first 25 epochs. In the
last 25 epochs, we compare GDPU with MU under the same
premise. All else being equal, our GDPU curves are basi-
cally above MU. Our method is effective in increasing the
updated weight of hard samples that are farther away from
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Figure 6: The improvement of GDPU compared with the
best result on the momentum update method (MU) and MU-
H. MU-H means the memory bank is updated using the hard-
est sample in a mini-batch.

the pseudo-label prototype. This allows the model to better
learn discriminative features from complex groups with high
member uncertainty.

The efficacy of our GDPU strategy is also revealed in
Fig.6. Experimental results in Fig.6a and Fig.6b show that
GDPU outperforms MU in terms of the final performance of
the model, both at the person-level and at the group-level.
This validates the effectiveness of our strategy for dynamic
adjusting the update parameters of the group prototypes. In
Fig.6c and Fig.6d, We also compare the method of utilizing
the hardest sample in one mini-batch to update the memory
bank (MU-H) (Zhang et al. 2022c). Compared with MU-H,
GDPU enhances model robustness by adaptively handling
groups with diverse members, leveraging its capability to
comprehend a wider range of data distributions. Therefore,
compared to MU-H, GDPU exhibits varying degrees of im-
provement on three datasets.

Conclusion

In this paper, we propose an adaptive clustering-driven pro-
gressive learning (ACPL) approach for unsupervised G-
ReID. Our unsupervised method can effectively alleviate
the expensive labeling problem of G-ReID datasets. Com-
pared to the commonly used clustering methods, ACPL per-
forms better in classifying groups with significant member
variations. This lays the foundation for our subsequent net-
work to better learn discriminative features from groups with
great uncertainty. On unsupervised G-ReID, ACPL achieves
satisfactory performance on the CSG, RoadGroup, i-LIDS
MCTS, and SYSU-Group datasets.
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