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Abstract

Clustering-based methods are emerging as a ubiquitous
technology in unsupervised object Re-Identification (ReID),
which alternate between pseudo-label generation and rep-
resentation learning. Recent advances in this field mainly
fall into two groups: pseudo-label correction and robust rep-
resentation learning. Differently, in this work, we improve
unsupervised object ReID from feature calibration, a com-
pletely different but complementary insight from the current
approaches. Specifically, we propose to insert a conceptually
simple yet empirically powerful Feature Calibration Mod-
ule (FCM) before pseudo-label generation. In practice, FCM
calibrates the features using a nonparametric graph atten-
tion network, enforcing similar instances to move together
in the feature space while allowing dissimilar instances to
separate. As a result, we can generate more reliable pseudo-
labels using the calibrated features and further improve sub-
sequent representation learning. FCM is simple, effective,
parameter-free, training-free, plug-and-play, and can be con-
sidered as a catalyst, increasing the ’chemical reaction’ be-
tween pseudo-label generation and representation learning.
Moreover, it maintains the efficiency of testing time with
negligible impact on training time. In this paper, we insert
FCM into a simple baseline. Experiments across different
scenarios and benchmarks show that FCM consistently im-
proves the baseline (e.g., 8.2% mAP gain on MSMT17), and
achieves the new state-of-the-art results. Code is available at:
https://github.com/lhf12278/FCM-ReID.

Introduction
Object Re-identification (ReID) aims to retrieve the same
object across different time stamps, locations, and cam-
eras (Ye et al. 2021). Although supervised object ReID has
achieved tremendous success in multiple different scenar-
ios (Luo et al. 2019; Jiang and Ye 2023), the requirement of
enormous labels limits its practicality in the real world. An
alternative solution to alleviate the need for labeled data is
unsupervised object ReID which trains the feature extraction
network using only unlabeled data. Particularly, clustering-
based methods are emerging as a ubiquitous technology in
recent years.
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Figure 1: Conceptual illustration of our proposed learning
paradigm for unsupervised object ReID. We improve the
previous methods by introducing a nonparametric feature
calibration module.

As shown in Figure1 (top), a general pipeline for previ-
ous clustering-based ReID methods is to alternate between
clustering-based pseudo-label generation and pseudo-label-
based representation learning. Essentially, these two steps
are interdependent. On the one hand, pseudo-labels provide
weakly supervised information that guides the representa-
tion learning model to extract discriminative features. On
the other hand, discriminative features enable the cluster-
ing to generate more reliable pseudo labels. Recent stud-
ies improve unsupervised ReID mainly along the following
two lines: pseudo-label correction and robust representation
learning. The former aims to improve the pseudo-label qual-
ity using additional information, such as neighbor informa-
tion (Yan et al. 2022) or part information (Cho et al. 2022).
While the latter focuses on designing robust representation
learning algorithms to mitigate the effect of noisy labels,
such as LP (Lan et al. 2023) and ISE (Zhang et al. 2022c).

Differently, in this work, we enhance unsupervised ReID
through feature calibration, a completely different but com-
plementary insight from the current methods. As shown in
Figure 1 (bottom), we propose to insert a Feature Calibra-
tion Module (FCM) before clustering-based pseudo-label
generation. The main goal of FCM is to refine the fea-
tures extracted from the model and further improve the
clustering quality. In practice, we realize FCM by explor-
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Figure 2: Clustering quality (AMI (Pedregosa et al. 2011))
comparison between the original features and calibrated fea-
tures on Market-1501, MSMT17, and DukeMTMC-reID.

ing the sample relationships. More specifically, FCM builds
upon a non-parametric graph attention network that con-
structs smooth, clustering-friendly node representations via
aggregating neighborhood information. Notably, FCM is
parameter-free, training-free, and can be abandoned in the
testing stage, such that it enjoys both high training efficiency
and high testing efficiency. Furthermore, FCM is plug-and-
play and can be integrated into existing methods. In sum-
mary, the main contributions of this work can be summa-
rized as follows:

1. New perspective. To the best of our knowledge, this work
is the first study to explore and demonstrate the efficacy
of feature calibration for clustering-based unsupervised
object ReID. As shown in Figure 2, feature calibration
consistently improves the clustering performance across
different datasets.

2. Novel approach. We develop a conceptually simple yet
empirically powerful feature calibration module, which
can be easily inserted into the current clustering-based
unsupervised object ReID methods, serving as a catalyst
to increase the ’chemical reaction’ between pseudo-label
generation and representation learning.

3. State-of-the-art results. We perform extensive experi-
ments to validate the effectiveness of our proposed fea-
ture calibration module. Experimental results show that
it can significantly improve the performance of base-
lines and achieve a new state-of-the-art. For example, our
method achieves 49.1% mAP on MSMT17 outperforms
the best competitor by 6.0%.

Related Work
Unsupervised ReID
Clustering-based methods are emerging as a ubiquitous
technology for unsupervised object ReID (Zeng et al. 2020a;
Zheng et al. 2021; Jin et al. 2022; Dai et al. 2022a) and un-
supervised domain adaptive ReID (Ge et al. 2020; Li et al.
2023). State-of-the-art methods generally involve two steps:
clustering-based pseudo-label generation and pseudo-label-
based representation learning. And, recent advances in this
field can be roughly grouped into (i) pseudo-label correction,
and (ii) robust representation learning.

The goal of pseudo-label correction is to enhance the
accuracy of pseudo-labels generated through conventional
clustering algorithms, such as DBSCAN (Ester et al. 1996)
and K-means (Lloyd 1982). For instance, RPL (Zhang
et al. 2021) employs a temporal ensembling approach to re-
fine these pseudo-labels. PPLR (Cho et al. 2022) improves
pseudo-labels by examining the complementary relationship
between global and part features. Meanwhile, GLC (Yan
et al. 2022) introduces a graph-based pseudo-label correc-
tion network that investigates the relationships between sam-
ples and their k-nearest neighbors. A similar idea has been
studied in (Cheng et al. 2022).

Robust representation learning focus on designing an
effective representation learning algorithm for extracting
discriminative features, even when confronted with noisy
pseudo-labels. MMCL (Wang and Zhang 2020) employs
a memory-based non-parametric classifier, conducting both
multi-label and single-label classification simultaneously.
CC (Dai et al. 2022a) presents a simple cluster contrast-
based method that maintains a cluster-level memory dictio-
nary and conducts contrastive learning at the cluster level.
Subsequently, CACL (Li, Li, and Guo 2022) improves this
approach by simultaneously applying instance-level and
cluster-level contrastive learning. To alleviate the effect of
noisy clusters, ISE (Zhang et al. 2022c) generates support
samples in the embedding space and introduces an addi-
tional label-preserving loss. LP (Lan et al. 2023) introduces
a teacher-student network to reduce the interference of noisy
labels during training. DCDP (Chen et al. 2023) generates
two sets of pseudo labels using two separate networks and
introduces a consistent sample mining strategy. Besides,
HNGN (Li et al. 2022) incorporates a ReID network and
a hard negative generation network into a joint framework,
training them alternately using an adversarial approach.

Representation Learning with Sample Relationship
Exploring
Several recent studies have concentrated on enhancing rep-
resentation learning by investigating sample relationships.
For instance, Batchformer (Hou, Yu, and Tao 2022) intro-
duces a simple transformer into the batch dimension to cap-
ture and model the sample relationships within each mini-
batch. NFormer (Wang et al. 2022) utilizes a landmark agent
attention module to model the relation map between im-
ages, along with a reciprocal neighbor softmax mechanism
to attain sparse attention, thereby alleviating the compu-
tational overhead. LIBC (Seidenschwarz, Elezi, and Leal-
Taixé 2021) leverages a GNN-based message-passing net-
work that considers the overall structure of a mini-batch. Be-
sides, for the exposure correction task, ERL (Huang et al.
2023) proposes to correlate and constrain the sample re-
lationship of the correction procedure in a minibatch. In
the image-text matching task, HREM (Fu et al. 2023) ex-
plores semantic relationships among instances. However,
all the aforementioned methods entail training an elaborate
graph or transformer subnetwork, which introduces addi-
tional network parameters and hyperparameters. In contrast,
our proposed FCM is parameter-free, training-free, and can
be seamlessly integrated into existing clustering-based un-
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Figure 3: Pipeline of improved clustering-based unsupervised object ReID with feature calibration. We propose to insert a
simple, parameter-free, and training-free feature calibration module before clustering-based pseudo-label generation.

supervised object ReID methods.

Method
In this section, we first provide an overview of the improved
clustering-based unsupervised object ReID framework with
feature calibration. Then, we introduce the key modules,
including feature calibration, pseudo-label generation, and
representation learning in detail.

Overview
We provide a general pipeline for improved clustering-based
unsupervised object ReID with feature calibration in Figure
3. Suppose X = {x1, x2, . . . , xn} is the training data. At the
start of each epoch, we sequentially perform the following
four steps:1) feature extraction, we extract the features using
an encoder fθ(x), i.e., fi = fθ(xi); 2) feature calibration,
we conduct feature calibration C to refine the features, i.e.,
ci = C(fi); 3) pseudo-label generation, we perform cluster-
ing on calibrated features {c1, c2, . . . , cn} to generate the
pseudo-labels {y1, y2, . . . , yn}; 4) Representation learning,
we conduct representation learning with pseudo-labels to
train the encoder fθ(x). In practice, any backbone can be
used in feature extraction. Next, we elaborate on the resid-
ual three steps.

Feature Calibration
Existing clustering-based object ReID methods often di-
rectly use the output of the encoder fθ(x) to generate
pseudo-labels. However, the quality of features is generally
poor, especially in the early stages of training, as shown in
Figure 4a. As a result, clustering will generate numerous
incorrect pseudo-labels (as shown in Figure 2), misleading
the training of encoder fθ(x). And, this forms a vicious cir-
cle. To mitigate this issue, we propose to calibrate the fea-

tures before clustering. Specifically, we achieve feature cal-
ibration using a nonparametric graph attention network. For
clarity, we first introduce the traditional parametric graph at-
tention networks (Velickovic et al. 2017).

Graph Attention Networks (GAT) is stacked by a se-
ries of Self-Attention (SA) layers in which node features
are updated by aggregating their neighborhood’s informa-
tion. Given a set of node features {f1, f2, . . . , fn}, a SA layer
first computes the attention coefficients by:

eij = A(Wfi,Wfj) , (1)

where W denotes a shared linear transformation and works
on all nodes, A denotes a shared attention mechanism. eij
indicates the importance of fj to fi. In practice, to achieve
coefficients comparison across different nodes, {eij}i,j=1:n

are normalized using the Softmax function, i.e.,

αij =
exp(eij)∑

j∈Ni
exp(eij)

, (2)

where Ni denotes the neighbors of i-th node. In practice, A
is realized by a single-layer feedforward neural network and
parametrized by a weight vector â. Besides, a LeakyReLU
nonlinear layer is applied. Then, the normalized attention
coefficients are expressed as

αij =
exp(LeakyReLU(âT [Wfi∥Wfj ]))∑

j∈Ni
exp(LeakyReLU(âT [Wfi∥Wfj ]))

, (3)

where ∥ denotes the concatenation operation. For i-th node,
the output node feature is a linear combination of its neigh-
bor’s features using the normalized attention coefficients,

f⃗i =
∑
j∈Ni

αijWfj . (4)
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Figure 4: t-SNE visualization of (a) features extracted by the model pre-trained on LUPerson and (b) calibrated features by our
proposed FCM. Obviously, the calibrated features have a relatively clear clustering structure.

Intuitively, each node in GAT iteratively smooths the fea-
tures of its neighbors for better node embedding. Com-
pared with GCN, attention architecture enjoys two interest-
ing properties: 1) it is computationally efficient due to in-
volving only simple operations; 2) it is robust to the graph
structure due to taking only a set of node features as input.
However, the training parameters prevent GAT from our pro-
posed offline feature calibration. To this end, we propose a
nonparametric graph attention network.

Nonparametric Graph Attention Networks (NpGAT).
As mentioned above, each SA layer contains two operations:
node feature transformation and node feature aggregation.
Recently, several studies (Zhang et al. 2022b,a) propose to
decouple the feature aggregation and feature transformation
in each GNN layer for scalable node classification. Con-
cretely, they first execute the feature aggregation operation
and then feed the aggregated features into a simple MLP to
produce the final labels. Experiments demonstrate that these
methods can achieve comparable or even better results than
the one of coupled GNNs. Motivated by this observation, we
hypothesize that the majority of the benefit in GAT arises
from the feature aggregation, and the linear transformation
in Eq (1) is not critical. Hence, we remove the linear trans-
formation functions in each SA layer and only use a simple
nonparametric attention mechanism. The resulting model is
parameter-free and training-free, yet it retains the same in-
formation aggregation capabilities as GAT.

Specifically, given a set of features {f1, f2, . . . , fn} ex-
tracted from the model, we regard each sample as a node,
and calculate the attention coefficients by

êij = cos(fi, fj) , (5)

Similarly, we normalize it using the Softmax function, i.e.,

α̂ij =
exp(êij/σ)∑

j∈Ni
exp(êij/σ)

, (6)

where σ is a temperature parameter. Then, we aggregate the

features by

ci =
∑

j=1,...,n

α̂ijfj . (7)

Notably, we can build a deep NpGAT via stacking multi-
ple nonparametric SA layers. However, experiments verify
that one SA layer is enough for generating sufficiently good
pseudo labels.

Clustering-Based Pseudo-Label Generation
Two widely used clustering algorithms for pseudo-label
generation are DBSCAN (Ester et al. 1996) and K-
means (Lloyd 1982). In this work, we follow Cluster-
Contrast (CC) (Dai et al. 2022a) and perform DBSCAN
to group the calibrated features and generate pseudo-labels
{y1, y2, . . . , yn}. Two hyper-parameters in DBSCAN are ϵ,
the neighborhood radius, and Nr, the minimum number of
samples in the neighborhood around a sample point. We set
them to be consistent with CC for a fair comparison.

Representation Learning
At the representation learning stage, we can use any exist-
ing robust representation learning method, such as CC (Dai
et al. 2022b), ISE (Zhang et al. 2022c), and LP (Lan et al.
2023). In this work, we build upon CC due to its simplicity.
CC describes each cluster using a unique representation and
maintains a dynamic cluster-level memory bank. In practice,
it mainly involves three steps: 1) Initialize cluster memory
bank; 2) conduct cluster-level contrastive learning; 3) update
cluster memory bank. Next, we present these in detail.

Initialize Cluster Memory Bank. Given the calibrated
features {c1, c2, . . . , cn} and corresponding pseudo-labels
{y1, y2, . . . , yn}, we initialize the cluster memory bank by
calculating the mean feature vectors of each cluster, i.e.,

mi =
1

|Ck|
∑

ci∈Ck

ci, i = 1, 2, . . . , k , (8)
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Algorithm 1: Improved clustering-based unsupervised ob-
ject ReID with feature calibration

Require: Training dataset X = {x1, x2, . . . , xn}.
1: for N in (1, Em) do
2: Feature extraction by F = fθ(X)
3: Feature calibration by C = C(F)
4: Pseudo-labels generation by DBSCAN
5: Initialize cluster memory bank by Eq. (8).
6: for i = 1 in (1, iters) do
7: Cluster-level contrastive learning by Eq.(9)
8: Update cluster memory bank by Eq.(10)
9: end for

10: end for

where Ck denotes k-th cluster, |Ck| is the number of samples
in Ck, and k is the number of clusters. Besides, mi will be
normalized to the unit hypersphere.

Cluster-Level Contrastive Learning. During training,
we employ a random selection strategy, where we choose
p person identities and extract z samples for each identity in
every minibatch. Additionally, we regard the memory bank
M = {m1,m2, . . . ,mk} as a non-parametric classifier and
use a ClusterNCE loss to train the model. The ClusterNCE
loss is

L = − log
exp(ci ·m+/τ)
k∑

j=1

exp(ci ·mj/τ)

, (9)

where τ is a temperature hyper-parameter, m+ denotes the
positive cluster representation of ci.

Update Cluster Memory Bank. Subsequently, we per-
form momentum updates to the cluster memory bank iter-
atively using the hard features extracted from the current
minibatch, i.e.,

mi ← αmi + (1− α)ĉi , (10)

where α is the momentum parameter, ĉi denotes the hard
features of i-th cluster, i.e.,

ĉi = argmin
cj∈Ci

< cj ,mi > . (11)

where < • > denotes the inner product. Notably, the up-
dated cluster vectors are also normalized to the unit hyper-
sphere. In practice, we initialize the cluster memory bank
per epoch while conducting cluster-level contrastive learn-
ing and updating the cluster memory bank per batch. A
pseudo-code for improved clustering-based unsupervised
object ReID with feature calibration is provided in Algo-
rithm 1, where Em denotes the number of epoch.

Remark. The proposed FCM can also be inserted into
other clustering-based unsupervised object ReID tasks like
unsupervised Visible-Infrared Person Re-Identification (Wu
and Ye 2023) and Unsupervised Domain Adaptation (Li
et al. 2023). One of the main changes is how to conduct ro-
bust representation learning.

Experiments
This section first provides the experimental details, then val-
idates the significant benefits of FCM for clustering-based
unsupervised object ReID, and highlights the impact on the
representation space and clustering precision.

Experimental Details
Datasets The models are evaluated and compared on three
widely-used benchmark object ReID datasets, which includ-
ing Market-1501 (Zheng et al. 2015a) and MSMT17 (Wei
et al. 2018), and DukeMTMC-reID (Zheng, Zheng, and
Yang 2017). Market-1501 is collected by Tsinghua Univer-
sity, which has 32, 668 pedestrian images from 6 cameras,
with a total of 1501 different pedestrian identities. The train-
ing set includes 751 people with 12, 936 images, and the re-
maining images are test set. MSMT17 comes from 15 cam-
eras on campus, of which 12 cameras come from outdoors
and 3 cameras come from indoors. It was based on Faster
RCNN as a pedestrian detector and obtained 126, 441 im-
ages of 4101 pedestrians, of which 32, 621 images of 1041
pedestrians were used as the training set. It was collected
from different time periods, which is closer to the real scene.
The DukeMTMC-reID dataset is a large-scale pedestrian re-
identification image dataset collected from 8 static cameras
located on the Duke University campus. It comprises 36, 411
images, involving 1, 404 unique pedestrians. The training set
consists of 16, 522 images from 702 different pedestrians,
and the remaining portion forms the test set. It is notewor-
thy that the test set includes 408 pedestrians captured ex-
clusively under a single camera, aimed at introducing some
interfering factors.

Metrics We follow the previous studies and use Cumula-
tive Matching Characteristics (CMC) (Gray, Brennan, and
Tao 2007) Rank-1, Rank-5, Rank-10, and mean Average
Precision (mAP) (Zheng et al. 2015b) as the indicators for
performance evaluation. Rank-k represents the fraction of
queries that have at least one relevant sample in their k-
nearest neighbors on a learned feature space.

Implementation Details While FCM can be adapted to
most clustering-based unsupervised object ReID methods,
in this study, we focus exclusively on a simple baseline, CC-
ViT (He et al. 2021). This approach allows us to minimize
the impact of external factors on the experimental results. In
CC-ViT, the backbone employed is ViT (Dosovitskiy et al.
2020), which has been pre-trained on the large-scale unla-
beled person ReID dataset LUPerson (Fu et al. 2021) using
contrastive learning. We refer to the enhanced methods with
our proposed FCM as CC-FCM-ViT. To ensure fair compar-
isons with the baseline, we maintain consistent experimental
settings for CC-FCM-ViT.

The images of pedestrians are randomly cropped to 256×
128. Then images undergo random flipping and erasing. The
training epoch is 50 and the batch size is 256. The optimizer
is Stochastic Gradient Descent (SGD). The learning rate is
initialized to 3.5e − 4 and reduced by a factor of 10 every
20 epochs; the weight-decay of the optimizer is 5e− 4. The
hyper-parameter ϵ of DBSCAN is fixed as 0.6, 0.8 and 0.7
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Methods Market-1501 MSMT17
mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10

MMCL (Wang and Zhang 2020) 45.5 80.3 89.4 92.3 11.2 35.4 44.8 49.8
HCT (Zeng et al. 2020b) 56.4 80.0 91.6 95.2 - - - -

SpCL (Ge et al. 2020) 73.1 88.1 95.1 97.0 19.1 42.3 55.6 61,2
GCL (Chen et al. 2021) 66.8 87.3 93.5 95.5 21.3 45.7 58.6 64.5

IICS (Xuan and Zhang 2021) 72.9 89.5 95.2 97.0 26.9 56.4 68.8 73.4
JVTC+* (Chen et al. 2021) 75.4 90.5 96.2 97.1 29.7 54.4 68.2 74.2

ICE (Chen, Lagadec, and Bremond 2021) 82.3 93.8 97.6 98.4 38.9 70.2 80.5 84.4
OPLG-HCD (Zheng et al. 2021) 78.1 91.1 96.4 97.7 26.9 53.7 65.3 70.2

IIDS (Xuan and Zhang 2022) 78.0 91.2 96.2 97.7 35.1 64.4 76.2 80.5
HNGN (Li et al. 2022) 83.5 94.1 97.7 98.6 42.2 73.1 82.4 85.7

ISE (Zhang et al. 2022c) 85.3 94.3 98.0 98.8 37.0 67.6 77.5 81.0
PPLR (Cho et al. 2022) 84.4 94.3 97.8 98.6 42.2 73.3 83.5 86.5
RTMen (Yin et al. 2023) 83.1 93.9 97.7 98.4 40.8 72.0 81.5 84.6
FPM (Lan et al. 2023) 85.8 94.5 97.8 98.7 39.5 67.9 78.0 81.6

U-SSL (Wu et al. 2022) 82.3 94.1 97.4 98.8 43.1 73.2 89.4 90.8
CC-ViT 88.0 94.7 97.8 98.7 40.9 66.5 77.8 82.0

CC-FCM-ViT Ours 88.6 94.9 97.9 98.8 49.1 74.2 83.5 86.7
∆ (0.6 ↑) (0.2↑) (0.1↑) (0.1↑) (8.2↑) (7.7↑) (5.7↑) (4.7↑)

CC-ViT (with true labels) 90.4 96.0 98.6 99.1 64.6 83.7 91.7 93.9

Table 1: Comparison with the state-of-the-art methods on Market-1501 and MSMT17. ↑ indicates the improvement of our
proposed method over baseline.
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Figure 5: Comparison of clustering quality across different epochs between baseline CC-ViT and CC-FCM-ViT.

on Market-1501, DukeMTMC-reID and MSMT17. The mo-
mentum parameter used in Eq. (10) is 0.2. Besides, we set
the patch size P = 16 to divide the image into 16×8 blocks
after passing through the convolution stem. We conduct all
experiments using a single NVIDIA GeForce RTX 3090.

Experimental Results
We conduct a performance comparison between CC-FCM-
ViT and several state-of-the-art methods on three object
ReID datasets. The experimental results are presented in Ta-
ble 1 and Table 2. It is worth noting that we have re-executed
the baseline CC-ViT to ensure a fair comparison, and the re-
sults of residual methods are cited from prior studies. Fur-
thermore, the ’with true labels’ results are achieved by em-
ploying true labels in representation learning, representing
the upper bounds of representation learning performance.
Upon analyzing the experimental results, we identify two
significant advantages of our method.

• State-of-the-Art Results. CC-FCM-ViT exhibits superior
performance compared to other methods in most sce-

narios, achieving a substantial lead on the challeng-
ing MSMT17 dataset. While the improvements on the
Market-1501 dataset may not be substantial, the perfor-
mance of CC-FCM-ViT approaches that of the corre-
sponding supervised method.

• Significant Gains of Introducing FCM. FCM demon-
strates its effectiveness by consistently enhancing the
performance of baseline methods across all datasets.
Notably, the performance gains are particularly signifi-
cant on the challenging MSMT17 and DukeMTMC-reID
datasets. For instance, FCM boosts the mAP of CC-ViT
by a notable 8.2% on MSMT17, providing strong valida-
tion for the efficacy of FCM.

In-Depth Analysis
Advantages Analysis of FCM As mentioned in the in-
troduction, FCM has the capacity to refine the data distri-
bution within the embedding space, thereby generating fea-
tures conducive to clustering. To substantiate this claim, we
present the t-SNE (Van Der Maaten 2014) visualization re-
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Methods DukeMTMC-reID
mAP Rank-1 Rank-5 Rank-10

BUC (Lin et al. 2019) 27.5 47.4 62.6 68.4
HCT (Zeng et al. 2020b) 50.7 69.6 83.4 87.4
CAP (Wang et al. 2021) 67.3 81.1 89.3 91.8

IICS (Xuan and Zhang 2021) 64.4 80.0 89.0 91.6
RLCC (Zhang et al. 2021) 69.2 83.2 91.6 93.8

ICE (Chen, Lagadec, and Bremond 2021) 69.9 83.3 91.5 94.1
MGH (Wu et al. 2021) 70.2 83.7 92.1 93.7

MCRN (Wu et al. 2018) 69.9 83.5 - -
MGCE-HCL (Sun, Li, and Li 2021) 67.5 82.5 - -

PPLR (Cho et al. 2022) 68.4 82.5 90.4 92.9
ViT-small 69.6 81.3 88.8 91.3

CC-FCM-ViT Ours 71.9 83.8 91.0 93.2
∆ (2.3↑) (2.5↑) (2.2↑) (1.9↑)

CC-ViT (with true labels) 81.2 90.4 95.9 96.9

Table 2: Comparison with the state-of-the-art methods on DukeMTMC-reID. ↑ indicates the improvement of our proposed
method over baseline.

Methods CC-ViT
mAP Rank-1 Rank-5 Rank-10

k = 4 47.2 72.8 82.2 85.7
k = 8 47.6 73.5 82.8 86.7
k = 16 49.1 74.2 83.5 86.7
k = 32 49.2 74.7 83.6 86.8
k = 64 48.0 72.8 82.4 86.1

Table 3: Investigation over the parameter k with t = 1.

l MSMT17
mAP Rank-1 Rank-5 Rank-10

t = 0.05 47.7 72.9 82.5 85.8
t = 0.1 48.0 73.4 82.7 86.1
t = 0.5 48.3 75.1 84.0 86.8
t = 1 49.1 74.2 83.5 86.7

Table 4: Investigation over the temperature t with k = 32.

sults in Figure 4 and provide a comparison of clustering pre-
cision in Figure 5. For the assessment of clustering quality,
we employ four indicators (Pedregosa et al. 2011). The ARI
values values range from [−1, 1], while the other indicators
vary within the range of [0, 1].A higher score indicates a
superior clustering result. Upon examining Figure 5, it be-
comes evident that FCM consistently enhances the quality
of clustering during training. This effect stems from FCM’s
ability to encourage similar instances to converge in the fea-
ture space while facilitating the separation of dissimilar in-
stances, as visually depicted in Figure 4.

Graph Structure of FCM To further validate the impact
of graph structure on performance. In particular, there are
two main parameters, k, the number of neighbors, t, the
temperature value. In this test, we vary k and t in the sets
Sk = {4, 8, 16, 32, 64} and St = {0.05, 0.1, 0.5, 1}, respec-
tively. Table 3 and Table 4 show that the performance is ro-

l MSMT17
mAP Rank-1 Rank-5 Rank-10

layer = 1 49.1 74.2 83.5 86.7
layer = 2 48.2 74.4 83.8 86.8
layer = 3 48.3 75.1 84.0 86.8
layer = 5 47.4 74.4 83.6 86.5

Table 5: Investigation over the number of SA Layers.

bust to parameter selection.

SA Layers of FCM This test validates the effect of SA
layers in NpGAT. Specifically, we vary the number of layers
l in the set Sl = {1, 2, 3, 5}. Table 5 shows that one SA layer
is enough for generating sufficiently good pseudo-labels.

Conclusion
This work presents the first study exploring and demonstrat-
ing the efficacy of feature calibration for clustering-based
unsupervised object ReID. We provide a simple yet effec-
tive feature calibration module. This module acts as a cat-
alyst, enhancing the interaction between pseudo-label gen-
eration and representation learning. Extensive experiments
on various object ReID benchmarks validate the effective-
ness of our proposed feature calibration module. We hope
that this work serves as an inspiration for future research en-
deavors, particularly in the direction of refining features be-
fore pseudo-label generation. In the future, we will validate
the effectiveness of FCM in more unsupervised object ReID
scenarios like unsupervised Visible-Infrared person ReID.
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