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Abstract. Supervised person re-identification (ReID) often has poor
scalability and usability in real-world deployments due to domain gaps
and the lack of annotations for the target domain data. Unsupervised
person ReID through domain adaptation is attractive yet challenging.
Existing unsupervised ReID approaches often fail in correctly identifying the positive samples and negative samples through the distance-based
matching/ranking. The two distributions of distances for positive sample
pairs (Pos-distr) and negative sample pairs (Neg-distr) are often not well
separated, having large overlap. To address this problem, we introduce
a global distance-distributions separation (GDS) constraint over the two
distributions to encourage the clear separation of positive and negative
samples from a global view. We model the two global distance distributions as Gaussian distributions and push apart the two distributions
while encouraging their sharpness in the unsupervised training process.
Particularly, to model the distributions from a global view and facilitate
the timely updating of the distributions and the GDS related losses, we
leverage a momentum update mechanism for building and maintaining
the distribution parameters (mean and variance) and calculate the loss
on the fly during the training. Distribution-based hard mining is proposed to further promote the separation of the two distributions. We
validate the effectiveness of the GDS constraint in unsupervised ReID
networks. Extensive experiments on multiple ReID benchmark datasets
show our method leads to significant improvement over the baselines and
achieves the state-of-the-art performance.
Keywords: Unsupervised learning, person re-identification, global distance-distributions separation, momentum update, hard mining
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Introduction

Person re-identification aims to identify the same person across images. In recent years, significant progress has been made on fully supervised person reidentification (ReID) [30, 47, 11, 26, 31, 46, 1, 15, 18, 16], where groundtruth labels
?
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Fig. 1: Illustration of our motivation. The red curves denote the distribution
of the distances of positive sample pairs (shorted as Pos-distr) while the green
curves denote that of negative sample pairs (shorted as Neg-distr). (a) The two
distributions are often not well separated for the current unsupervised ReID
models, resulting in poor retrieval/ranking results. (b) Once the two distance
distributions are well separated, the positive and negative samples can be well
identified based on distance and superior ranking results can be obtained.

are accessible for training. However, they often have poor scalability and usability in real-world deployments. First, they typically perform well on the trained
dataset but suffer from significant performance degradation when testing on a
previously unseen dataset due to the domain gaps. There are usually large style
discrepancies across domains/datasets, due to the discrepancy of imaging devices and environments (e.g., lighting conditions, background, viewing angles)
[23]. Second, it is costly to annotate images for each newly deployed environment. One popular solution is unsupervised domain adaptation, which transfers
the knowledge from the labeled source domain to the unlabeled target domain.
Many efforts have been made to develop unsupervised domain adaptation for
person re-identification (UDA-ReID) [20, 34, 32, 23, 25, 7, 42, 38, 43, 44]. Pseudo
label based approaches usually pre-train the network with source domain data
and predict pseudo labels for the unlabeled target images, e.g., by clustering,
followed by fine-tuning with the pseudo labels [40, 41, 7, 29, 45, 9, 37]. Transferbased approaches often transfer the labeled source images to have the style of the
target domain [35, 5, 23]. These approaches suffer from either noisy labels or noisy
images due to incorrect pseudo labels or unrealisticness of the transferred images
[37]. Such distractions lead to serious inseparability of positive and negative
samples for ReID.
Person ReID inference/test can be considered as a retrieval task, which aims
to identify the images of the same person from a gallery image set by comparing
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Fig. 2: Local separability is not enough. (a) Within each batch (or subset), the
Pos-distr and Neg-distr are well separated. (b) The distributions are inseparable
when mixing the two batches together.

feature distances between the query image and the gallery images [49, 39]. Fig.
1(a) illustrates the two distributions of distances of positive sample pairs (red
curve) and negative sample pairs (green curve). The inseparability of the distance
distributions leads to poor retrieval/ranking results. Given an anchor image a,
as shown in Fig. 1(a), its distance (d(a, n1 ) = 0.41) to the negative sample
n1 is even smaller than its distance (d(a, p2 ) = 0.60) to the positive sample
p2 . In comparison, when the two distance distributions are better separated as
illustrated in Fig. 1(b), the positive samples can be correctly ranked.
Such poor separability is often observed for unsupervised ReID but is unfortunately under-explored. There is a mismatch between the optimization objective
design and the ReID purpose. For ReID inference, it is a global ranking/retrieval
problem (e.g., based on the feature distances to the query image). The separability of the positive and negative global distance distributions is important for this
global ranking problem. However, most of the current ReID optimizations/losses
are designed from a local perspective. Triplet-based losses [13] optimize the embedding space to encourage the distance of the negative pair to be larger than
the positive pair. Such constraint is enforced in three instances, i.e., (an anchor
sample, a positive sample, and a negative sample). However, as shown in the
examples in Fig. 1(a), both the triplets of (a, p1 , n1 ), and (a, p2 , n2 ) meet
the marginal constraints but the identification of positive/negative samples fails
when ranking them all together. In practice, it is impossible to optimize over
all possible triplets of a dataset within an acceptable duration. We argue that
dataset-wise (i.e., global) constraint is imperative to address this problem. Ustinova et al. go a step further and propose a Histogram loss for deep embedding
to encourage the separation of distributions within each batch [33]. Unfortunately, as illustrated in Fig. 2, being still a local solution, the separation is easily
broken across batches and still cannot guarantee the superiority of the global
retrieval performance. Kumar et al. use a global loss to optimize the separation
of dataset-wise distributions for learning local image descriptors [19]. However,

4

X. Jin et al.

their design is less efficient which prohibits the timely update of distributions
and leads to inaccurate loss calculation.
In this paper, we propose to optimize unsupervised person ReID from a global
distance-distribution perspective by introducing a global distance-distributions
separation (GDS) constraint for effective ReID feature learning. Different from
the local constraints (e.g., triplet loss) for learning embedding features, we model
the global (dataset-wise) distributions of the distances for positive pairs (Posdistr) and negative pairs (Neg-distr) and promote their clear separability. Particularly, we model the two global distance distributions as Gaussian distributions
with updatable mean and variance. To model the distributions from a global
view and ensure timely updates of the distributions and GDS-related losses, we
leverage the momentum update mechanism for building and maintaining the
distribution variables and calculate the GDS loss on the fly during the training. The GDS loss helps push away the two distributions while encouraging the
sharpness of individual distribution. Moreover, to better separate the Pos-distr
and Neg-distr, we introduce a distribution-based hard mining by pushing the
right-tail of the Pos-distr and the left-tail of the Neg-distr to have a soft margin.
We summarize our main contributions as follows:
– We are the first to propose to optimize unsupervised person ReID from a
global distance-distribution perspective by encouraging the global separation
of positive and negative samples. We address the problem of inseparability of
distance distributions in existing unsupervised ReID models by introducing a
global distance-distributions separation (GDS) constraint.
– We maintain and update the distribution variables through a momentum update mechanism, enabling the timely update of the distribution variables and
accurate estimation of the loss for each batch.
– To further promote the separation of the Pos-distr and Neg-distr, we introduce
a distribution-based hard mining mechanism in GDS.
GDS is simple yet effective and can be potentially used as a plug-and-play
tool in many unsupervised ReID frameworks for performance enhancement. We
validate the effectiveness of our GDS constraint in two representative UDAReID approaches, the clustering-based approach with pseudo labelling, and a
style transfer-based approach. Extensive experiments are conducted on multiple
ReID benchmark datasets and ours achieves the best performance.

2
2.1

Related Work
Unsupervised Person Re-identification

Unsupervised domain adaptive person ReID aims to learn a ReID model from a
labeled source domain and an unlabeled target domain. It is attractive for realword deployments as it does not require the expensive annotation efforts while
exploiting the source domain knowledge. The domain gap between datasets results in poor generalization of a source domain trained model to another domain.
Many domain adaptation techniques have been designed for person ReID. They
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can mainly be grouped into three categories: style transfer, attribute recognition,
and clustering-based pseudo label estimation. Style transfer based approaches
translate the source labeled images to ones with the style of the target domain
by using image style translation techniques (e.g., Cycle-GAN [56]) for adaptation [35, 5, 23]. Their performance is much inferior to recent clustering-based
approaches, since there is still a gap between the generated images and the target
domain images [37]. Attribute-based approaches [34, 22] aim to share the source
domain knowledge with the target domain through learning of some cues, such
as person body attributes, to regularize the feature learning. Such external cues
rely on manual annotation and thus limit their applicability. Clustering-based
approaches are popular with superior performance [29, 7, 38, 45, 9, 37]. The basic
idea is to exploit the similarity of unlabeled samples by feature clustering for
predicting pseudo labels and then use them for fine-tuning. Such clustering and
training process are usually alternatively performed until the model is stable.
These unsupervised ReID models usually suffer from the interference from
noisy pseudo labels or noisy generated images. The inseparability of the distance
distributions of positive pairs and negative pairs is serious, there exists undesired
small inter-class distances and large intra-class distances (see Fig. 1(a)).
2.2

Metric Learning for Person Re-identification

In person ReID tasks, metric learning aims to make the features of the same
identity closer while pushing the features of different identities further apart [14,
55, 49, 36, 39]. Loss function designs play the role of metric learning to guide the
feature representation learning. For person ReID, there are several widely studied loss functions with their variants. Identity loss treats the training process of
person ReID as an image classification problem in guiding the feature learning
[50]. This enforces a distance/correlation constraint on samples with respect to
the “class center” but ignores the direct comparisons between samples. ReID
inference is actually a comparison based on the feature similarity/distance between a query image and each image in the gallery set. Triplet-based loss and its
variants [13] consider the relative ordering of the positive pair distance and negative pair distance by constructing a triplet (an anchor point a, a positive point
p, a negative point n). They optimize the features to encourage the distance between the negative pair to be larger than the distance between the positive pair
by a hard or soft margin. The relative ordering of positive pairs and negative
pairs matches the retrieval purpose better. In recent years, triplet-based loss is
popular and has become one of the default losses for most of the ReID networks
[45, 9, 37–39]. However, it only jointly considers the separability among three
samples and is far from satisfactory for the global comparison/ranking problem
of ReID. Histogram loss [33] goes a step further and encourages the separability
of the positive and negative distributions within a batch. As explained in Fig.
2, it is still a local constraint and results in poor separability.
Besides capturing the local structure of data with triplet-based loss, Zhang
et al. [45] use global information by appending a changeable classification layer
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to the model with the number of classes being the number of clusters. This encourages the separability of clustered centers but is less effective in encouraging
the separation of distance distributions of positive pairs and negative pairs. Besides, the classification layer needs to be re-trained together with the change of
clustering results which may result in a slow and unstable convergence.
To address the poor separability between the distance distributions of the
positive pairs and negative pairs observed in existing unsupervised ReID approaches, we introduce a simple yet effective global distributions separation
constraint with a momentum updating mechanism. The separation of global
distributions has been investigated in learning local image descriptors, with applications in several problems involving the matching of local image patches, such
as wide baseline stereo, structure from motion, image classification [19]. Ours is
superior to theirs. First, our momentum updating mechanism enables the timely
and more accurate updating of losses and networks, leading to optimized performance. In contrast, theirs calculates the distribution statistics from all the
samples to obtain the global loss before the next epoch (an epoch means that
the entire dataset is passed). This loss is then used for all the mini-batches even
though the actual statistics and losses vary with the optimization of each batch.
Second, we propose a distribution-based hard mining for effectively promoting
the separation. More importantly, we identify one key problem in unsupervised
person ReID and address the challenge through a simple yet effective loss design
and updating mechanism.

3

Unsupervised ReID with GDS Constraint

We aim at enhancing the performance of unsupervised person ReID, by addressing the inseparability of global distance-distributions of positive pairs and negative pairs. As illustrated in Fig. 1, the inseparability could seriously degrade the
ReID performance. We propose a global distance-distributions separation (GDS)
constraint powered by a momentum update mechanism, which we also refer to
as the GDS algorithm. Conceptually, the GDS algorithm is not limited to any
specific unsupervised ReID network and it is general. To facilitate the better
understanding of the GDS algorithm, we describe it under the representative
and popular clustering-based framework for unsupervised person ReID.
Clustering-based approaches in general consist of three stages with the last
two stages executed alternatively for many iterations [29, 7, 38, 45, 9, 37]. As
shown in Fig. 3, the first stage, model pre-training, is to pretrain the ReID
network with the source domain labeled data for feature learning. The second
stage, clustering stage, aims at assigning pseudo labels through the clustering
results to the unlabeled target domain data. In the third stage of adaptation,
the pseudo labels are used for the fine-tuning of the network for domain adaptation, where triplet-based losses are often used for optimization. Triplet-based
constraint is enforced on a triplet of instances and cannot assure the correct
relative order of the distances for extensive pairs of samples (see Fig. 1(a) for
the illustration of the inseparability). We apply our GDS algorithm in the third
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Fig. 3: Flowchart of the clustering-based UDA-ReID framework with our Global
Distance-distributions Separation (GDS) constraint. In the third stage for adaptation, our GDS constraint with momentum updating optimizes the feature
learning by encouraging the separation of the global Pos-distr (red curve) and
Neg-distr (green curve). Particularly, we (a) enlarge the distance of the means
of the two distributions; (b) encourage the sharpness of each distribution; and
(c) introduce distribution-based hard mining to enforce a soft margin between
the right-tail of the Pos-distr and the left-tail of the Neg-distr.

stage for more effective feature learning. GDS encourages the separation of the
global distance-distributions of positive sample pairs and negative sample pairs.
3.1

Global Distance-distribution Modeling with Momentum Update

We have observed the dataset-wise distance distributions of positive sample pairs
and negative sample pairs from ReID models (including unsupervised and supervised methods) and found they exhibit Gaussian-like distributions. Therefore,
we model the distance distribution of sample pairs by Gaussian distribution with
mean µ and variance σ 2 . We denote the distance distribution of positive sample
pairs as N (µ+ , σ +2 ) and that of negative sample pairs as N (µ− , σ −2 ). We aim
at designing optimization metrics and strategies to encourage the separation of
the two dataset-wise (global) distributions in guiding the feature learning, which
would benefit the distance-based ranking across all the images in the gallery set
for ReID inference.
Instead of simultaneously exploring all samples, a convolutional neural network is optimized at the mini-batch level, where the loss calculated from the
batch is back-propagated to optimize the network to facilitate timely update
and avoid the requirement of large memory. Motivated by this, we maintain the
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dataset-wise distribution parameters and update them at every batch. This enables timely update of the estimated distribution variables and the corresponding
GDS loss, where the distributions change with the updating of the feature extraction network. We formulate the update process here. Particularly, we maintain
the global distance distribution of positive sample pairs with variables µ+
g and
−2
σg+2 and that of negative sample pairs with variables µ−
and
σ
.
We
denote
g
g
the local mean and variance corresponding to the distances of positive sample
+2
−2
pairs within a local batch as µ+
(and µ−
for negative pairs).
l and σl
l and σl
We formulate the momentum update of the global distance-distribution for the
distance of positive pairs as
))
(
(
PN + +
+
1
+
µ+
d
µ+
=
+
g ← βµg + (1 − β)µl
i
l
N
, with
(1)
Pi=1
N+
+ 2
σg+2 ← βσg+2 + (1 − β)σl+2
σl+2 = N1+ i=1 (d+
i − µg )
where the hyper-parameter β ∈ [0, 1) is a momentum coefficient, N + denotes
the number of sampled positive pairs. d+
i denotes the Euclidean distance of the
ith positive pair, where d(xi1 , xi2 ) = 12 ||xi1 − xi2 || ∈ [0, 1] for the two normalized
feature vectors xi1 and xi2 of two samples. The update for negative sample
pairs is similar. Please see Supplementary for the mathematical analysis of
the rationality of our momentum update design.
3.2

Global Distance-distributions Separation (GDS) Constraint

To encourage the separation of the global distance-distributions of positive sample pairs and negative sample pairs, we design a GDS loss with distribution-based
hard mining, i.e., GDS-H loss, which optimizes the network at each mini-batch.
The GDS-H loss which consists of the basic GDS loss LGDS and distributionbased hard mining loss LH is defined as
LGDS−H = LGDS + λh LH ,

(2)

where λh is a hyper-parameter that balances their importance.
GDS Loss. LGDS is defined as
−
+2
−2
LGDS = Softplus(µ+
g − µg ) + λσ (σg + σg ),

(3)

where λσ is another hyper-parameter that balances the importance of mean and
variance (please see the study on λh and λσ in the experiment). Softplus(·) =
ln (1 + exp (·)), as a soft-margin formulation, has similar behavior to the hinge
function but it decays exponentially instead of having a hard cut-off [13]. As
−
illustrated in Fig. 3, the first item Softplus(µ+
g −µg ) encourages the separation of
the centers of the two distributions while the second item (σg+2 +σg−2 ) encourages
the sharpness of the two distributions by minimizing their variances.
Distribution-based Hard Mining. To better promote the separation of the
two distributions, as illustrated in Fig. 3(c), we expect the hard samples lying in the potential overlap regions can also be separated. We achieve this by
introducing a distribution-based hard mining loss LH as
+
−
−
LH = Softplus((µ+
g + κσg ) − (µg − κσg )),

(4)
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where κ is a hyper-parameter which controls the strength of hard mining. The
larger of κ, the more areas of the distribution are covered. Motivated by the
three-sigma rule of thumb which expresses a conventional heuristic that nearly
all values (99.7%) are taken to lie within three times of standard deviations of
the mean [12], we set κ to 3 and also experimentally found that this results in
superior performance. As illustrated in Fig. 3(c), the physical meaning of Eq.
(4) is to encourage the right-tail of the Pos-distr to be smaller than the left-tail
of the Neg-distr by a soft margin. This enables the relative ordering of the two
distributions (instead of only ordering of the centers of the distributions).
Differentiability of GDS-H Loss for Optimization. Importantly, the GDSH loss in Eq. (2) is differentiable w.r.t. the batch-level statistics µl and σl2 and
thus the batch samples. To facilitate the description, we denote the means of
the maintained global distance-distribution of positive sample pairs as µ+
g and
0
before
and
after
the
update
using
the
current
batch,
respectively,
where
µ+
g
+2
+
+2
+20
+
+0
µg = βµg + (1 − β)µl . Similarly, we denote σg = βσg + (1 − β)σl . For
0
0
+
ease of presentation, we rewrite the variables σg+2 and σg+2 as ρ+
g and ρg ,
0
+2
+
+
respectively. Then ρg = βρg + (1 − β)σl . Similarly, we can define these for the
global distance-distribution of negative sample pairs. The gradient of GDS-H
loss (LGDS−H = L) w.r.t. the sample feature xi1 is as
0

0

0

0

+
+
+
+
∂LGDS−H
∂L ∂µ+
∂L ∂ρ+
g ∂µl ∂di
g ∂σl ∂di
=
+
0
0
+
+
+
+
∂xi1
∂µ+
∂ρ+
g ∂µl ∂di ∂xi1
g ∂σl ∂di ∂xi1
−
−
−
−
∂L ∂µ−
∂L ∂ρ−
g ∂µl ∂di
g ∂σl ∂di
+
+ −0
,
−
−
−
−
−0
∂µg ∂µl ∂di ∂xi1
∂ρg ∂σl ∂di ∂xi1

(5)

this reveals that our method could enable the batch-level gradient back-propagation
for timely update of the network for feature learning.

4
4.1

Experiments
Datasets and Evaluation Metrics

To evaluate the effectiveness of our GDS constraint for unsupervised person
ReID and to be consistent with what were done in prior works for performance
comparisons, we conduct extensive experiments on the public ReID datasets,
including Market1501 [48], DukeMTMC-reID [51], CUHK03 [21], and the largescale MSMT17 [35]. We denote Market1501 by M, DukeMTMC-reID by Duke
or D, and CUHK03 by C for short. Given a labeled source dataset A and an
unlabeled target dataset B, we denote this unsupervised ReID setting as A→B.
We follow common practices and use the cumulative matching characteristics
(CMC) at Rank-1, and mean average precision (mAP) for evaluation.
4.2

Implementation Details

We build our Baseline following the clustering-based pseudo label approach [29],
which uses ResNet-50 [2, 46, 24, 37, 29] as the backbone network for feature ex-
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Table 1: Effectiveness of the proposed GDS loss and the distribution-based hard
mining loss (H).
(a) Study on the clustering-based method.(b) Study on style transfer based method.
M→D
D→M
Clustering-based mAP Rank-1 mAP Rank-1
Direct transfer
Baseline
Baseline+GDS
Baseline+GDS-H

19.8
48.4
52.9
55.1

35.3
67.1
71.4
73.1

21.8
52.1
57.1
61.2

48.3
74.3
78.5
81.1

M→D
D→M
Style Transfer based mAP Rank-1 mAP Rank-1
SPGAN [5]

22.3

41.1

22.8

51.5

SPGAN+GDS

25.3

45.9

25.9

56.4

SPGAN+GDS-H

27.5

47.7

29.4

60.8

traction. In the first stage, we pretrain the network using the source dataset,
supervised by classification loss [31, 10] and triplet loss with batch hard mining
[13]. In the clustering stage, we perform clustering using DBSCAN [6] based
on the extracted features of the target dataset, for the purpose of pseudo label assignment. In the adaptation stage, with the pseudo labels, triplet loss with
batch hard mining [13] is used to finetune the network. The second stage and the
third stage are executed alternatively for 30 iterations. In our schemes, on top
of Baseline, we add the proposed GDS losses in the adaptation stage. The input
image resolution is 256×128. See Supplementary for more training details.
4.3

Ablation Study

We perform most of the ablation studies based on the powerful clustering-based
method, i.e., Baseline. We follow the popular settings [9, 37, 54] for ablation
study, i.e., using Market1501→Duke (M→D), and Duke→Market1501 (D→M).
Effectiveness of Our GDS Constraint. Table 1(a) shows the comparisons.
Direct transfer denotes the case that the network is only trained on source
dataset and is directly tested on the target dataset. Baseline+GDS denotes
our basic scheme where our proposed GDS loss is added on top of Baseline.
Baseline+GDS-H denotes our final scheme where our GDS-H loss (GDS loss
+ distribution-based hard-mining loss, with momentum update of distributions)
is added on top of Baseline. We have the following observations.
1) Thanks to the encouragement of the separation of the global distance distributions, our final scheme Baseline+GDS-H significantly outperforms Baseline
by 6.7% and 9.1% in mAP for M→D and D→M, respectively.
2) Our distribution-based hard mining promotes the separation of the two distributions by enabling the relative ordering of the two distributions (instead of
only their centers). Such hard mining further brings 2.2% and 4.1% improvements in mAP for M→D and D→M (Baseline+GDS-H vs. Baseline+GDS ).
3) Baseline which uses a clustering-based approach for adaptation outperforms
Direct transfer by a large margin, indicating the necessity of the adaptation
with target domain data.
Effectiveness Evaluation in terms of ROC and PR Curves. For some
applications of ReID such as people tracking, the determination of whether two

Precision

Baseline
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Fig. 4: (a) ROC curve and (b) PR curve on the test set of the target dataset
Duke (Market1501→Duke) for Baseline, Baseline+GDS and Baseline+GDS-H.

Table 2: Performance comparison of different loss designs.

Baseline
Baseline
Baseline
Baseline
Baseline

M→D
Rank-1

D→M
Rank-1

Different losses

mAP

+
+
+
+

48.4
50.2
51.1
49.7
49.6

67.1
69.4
70.3
68.9
68.8

52.1
53.7
55.5
53.8
54.3

74.3
76.3
76.9
75.9
76.5

55.1

73.1

61.2

81.1

Histogram loss [33]
F-Statistic loss [27]
Classification loss [45]
Global loss [19]

Baseline + GDS-H (Ours)

mAP

person images match or not degrades to a comparison of their feature distance
with a pre-defined threshold θ [28, 3]. If the distance is smaller than θ, they are
judged as the same person. By varying the threshould, we obtain the Receiver
Operator Characteristic (ROC) curve [8] and Precision-Recall (PR) curve [4] as
shown in Fig. 4. Obviously, our final scheme Baseline+GDS-H also significantly
outperforms Baseline under the threshould-based evaluation metrics.
Generality of our GDS Constraint. The GDS constraint is not limited to
clustering-based approaches and we also validate its effectiveness under a representative style transfer based ReID approach SPGAN [5]. Table 1(b) shows the
results. We observe that 1) our final scheme SPGAN+GDS-H significantly outperforms SPGAN by 5.2% and 6.6% in mAP for M→D and D→M, respectively;
2) our distribution-based hard mining brings 2.2% and 3.5% improvements in
mAP for M→D and D→M, respectively (SPGAN+GDS-H vs. SPGAN+GDS );
3) this style transfer based approach SPGAN is less effective than the clustering based approach Baseline due to the unsatisfactory quality of the transferred
images.
Comparison with Other Losses. We compare our GDS constraint with several other losses by implementing them on the same network Baseline at its
third stage (adaptation stage). Table 2 shows the results. Both Histogram loss
[33] and F-Statistic loss [27] explore the local (batch-level) statistics for optimization. Histogram loss [33] estimates the similarity (or distance) distributions
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Fig. 5: Influence on ReID performance in terms of mAP and Rank-1 accuracy of
(a) momentum coefficient β (see Eq. (1) in Subsection 3.1), and (b) strength κ
in the distribution-based hard mining for M→D and D→M settings.

of positive sample pairs and negative sample pairs by accumulating the similarity (or distance) values to the bins of two histograms and minimizes their
overlap. F-Statistic loss [27] borrows a particular statistic from analysis of variance (ANOVA) hypothesis testing for equality of means. Adding a changeable
fully connected layer followed by classification loss (with the number of classes
equal to the number of clusters) [45] plays a role of global constraint which encourages the separability of cluster centers. Global loss [19] also encourages the
global separation of distance distributions but there is a lack of timely update
of distributions, resulting in inaccurate loss calculation and poor optimization.
We observe that: 1) The performance of our GDS-H loss significantly outperforms the other losses. 2) With the local separation constraints, Histogram
loss and F-Statistic loss both improve the performance over Baseline but are
inferior to our GDS-H loss. 3) Adding a global classification loss brings about
1.3%∼1.7% improvement in mAP over Baseline but are not as effective as ours.
4) Thanks to the effective momentum update mechanism and distribution-based
hard mining, our GDS constraint significantly outperforms [19].
4.4

Design Choices of GDS

Influence of the Momentum Coefficient β. For the distribution update,
β controls the contribution ratio of the batch-level statistics to the maintained
distributions (Eq. (1)). Fig. 5(a) shows its influence. We observe that a relatively
larger value (e.g., β = 0.99) could maintain more stable global distributions and
works much better than a smaller value. When β is 0, our GDS loss degrades to a
batch-wise (local) distance distribution separation constraint. Such degradation
results in a large performance drop in comparison to our GDS (β = 0.99), from
the best 55.1%/61.2% to 51.4%/56.2% in mAP for M→D/D→M, demonstrating
the importance of modeling global distance distributions.
Influence of the strength κ in the Distribution-based Hard Mining. We
compare the cases of adding different width offsets (κ = 1 ∼ 4) over the mean as
the “hard” region definition (Eq. (4)). In Fig. 5(b), we observe that κ = 3 leads
to the best performance. Based on three-sigma rule of thumb, 99.7% values lie
within three times of standard deviations of the mean. This could well cover the
entire distribution while excluding the side effects of some extreme outliers.

Global Distance-distributions Separation for Unsupervised Person ReID
(a) Direct transfer
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(d) Baseline + GDS-H

Pos

Pos

Pos

Pos

Neg

Neg

Neg

Neg

Fig. 6: Histograms of the distances of the positive sample pairs (red) and
negative sample pairs (green) on the test set of the target dataset Duke
(Market1501→Duke) for schemes of (a) Direct transfer, (b) Baseline, (c) Baseline+GDS, and (d) Baseline+GDS-H. Here we use all the 48018 positive sample
pairs and 48018 randomly sampled negative sample pairs for visualization.

4.5

Visualization of Dataset-wise (Global) Distance Distributions

To better understand GDS constraint, we visualize the dataset-wise Pos-distr
and Neg-distr in Fig. 6. Thanks to the adaptation on the unlabeled target
dataset, the distance distributions of Baseline present a much better separability
than that of Direct transfer. But, there is still a large overlap between the two distributions. By introducing our GDS constraint, our final scheme Baseline+GDSH greatly reduces the overlap of distributions. Besides, our distribution-based
hard mining loss is very helpful in promoting the separation ((c) vs. (d)).
4.6

Comparison with State-of-the-Arts

Thanks to the capability of encouraging the separation of the two global distance
distributions, our proposed GDS constraint effectively addresses the distance distributions inseparability problem observed in existing unsupervised ReID models. We evaluate the effectiveness of our GDS constraint by comparing with the
state-of-the-art approaches on three datasets of Market-1501 (M), DukeMTMCreID (D) and CUHK03 (C) with six settings in Table 3. More results about the
largest dataset MSMT17 can be found in Supplementary.
With the effective loss design of GDS, our final scheme Baseline+GDS-H
achieves the best performance for five dataset settings without any increase in
computation complexity in inference. Ours is inferior to PCB-R-PAST * [45]
only for the C→D setting. But we should not look too much into this comparison as it is not a fair one. First, PCB-R-PAST * applied re-ranking [52] as
post-operation but we do not. Second, PCB-R-PAST * is built on top of a more
powerful ReID specific model structure of PCB [31]. Ours uses ResNet-50. Third,
the input resolution of PCB-R-PAST * is 384×128 while ours is 256×128. Our
Baseline+GDS-H outperforms the second best approach ACT [37] on all the
settings, achieving 4.6% and 9.9% gain in mAP for D→C and C→D, respectively. Besides, our loss design is simple in implementation and does not require
the complicated co-training process used in [37]. Conceptually, our GDS loss
is complementary to many approaches like ACT [37], PCB-R-PAST * [45] and
could be used to further improve their performance.
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Table 3: Performance (%) comparisons with the state-of-the-art approaches for
unsupervised person ReID. * means applying a re-ranking method of k-reciprocal
encoding [52]. Note that Baseline is built following [29] with ResNet-50 backbone
and thus has nearly the same performance as Theory [29].
M→D
D→M
M→C
D→C
C→M
C→D
mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1

Unsupervised ReID

Venue

PTGAN [35]
SPGAN [5]
TJ-AIDL [34]
HHL [53]
MAR [42]
ECN [54]
PAUL [38]
SSG [9]
PCB-R-PAST∗ [45]
Theory [29]
ACT [37]

CVPR’18
CVPR’18
CVPR’18
ECCV’18
CVPR’19
CVPR’19
CVPR’19
ICCV’19
ICCV’19
PR’2020
AAAI’20

–
22.3
23.0
27.2
48.0
40.4
53.2
53.4
54.3
48.4
54.5

27.4
41.1
44.3
46.9
67.1
63.3
72.0
73.0
72.4
67.0
72.4

–
22.8
26.5
31.4
40.0
43.0
40.1
58.3
54.6
52.0
60.6

38.6
51.5
58.2
62.2
67.7
75.1
68.5
80.0
78.4
74.1
80.5

–
–
–
–
–
–
–
–
–
46.4
48.9

–
–
–
–
–
–
–
–
–
47.0
49.5

–
–
–
–
–
–
–
–
–
28.8
30.0

–
–
–
–
–
–
–
–
–
28.5
30.6

–
19.0
–
29.8
–
–
–
–
57.3
51.2
64.1

31.5
42.8
–
56.8
–
–
–
–
79.5
71.4
81.2

–
–
–
23.4
–
–
–
–
51.8
32.2
35.4

17.6
–
–
42.7
–
–
–
–
69.9
49.4
52.8

Baseline
Baseline+GDS-H

This work 48.4
This work 55.1

67.1
73.1

52.1
61.2

74.3
81.1

46.2
49.7

47.0
50.2

28.8
34.6

28.4
36.0

51.2
66.1

71.4
84.2

32.0
45.3

49.4
64.9

B-SNR[17]
CVPR’20 54.3
B-SNR[17]+GDS-H This work 59.7

72.4
76.7

66.1
72.5

82.2
89.3

47.6
50.7

47.5
51.4

31.5
38.9

33.5
41.0

62.4
68.3

80.6
86.7

45.7
51.0

66.7
71.5

To further demonstrate the effectiveness of our GDS constraint, we replace
the ResNet-50 backbone network of Baseline by a more powerful Style Normalization and Restitution (SNR) network [17] (which inserts four light-weight
SNR modules to ResNet-50 to tackle the style variation problem for generalizable person ReID) and denote the new baseline scheme as B-SNR for simplicity.
In Table 3, the scheme B-SNR+GDS-H which adopts our GDS constraint also
significantly improves the performance of the strong baseline scheme B-SNR and
achieves the best performance on all settings.

5

Conclusions

We propose the use of a Global Distance-distributions Separation (GDS) constraint to enhance the unsupervised person ReID performance. We model the
global distance-distributions by Gaussian distributions and encourage their separation. Particularly, we exploit a momentum update mechanism to maintain
the variables of the global distributions and enable the timely update of the distributions and the GDS-related loss, facilitating the optimization of the network
for each batch. Moreover, we propose distribution-based hard mining to better
promote the separation of the distributions. Extensive ablation studies demonstrate the effectiveness of our GDS constraint. We achieve the state-of-the-art
performance on the bechmark datasets. The GDS design is simple yet effective.
It is conceptually complementary to many of the available approaches and can
be taken as a plug-and-play tool for ReID performance enhancement.
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