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Abstract

A key challenge in visible-infrared person re-

identification (V-I ReID) is training a backbone model

capable of effectively addressing the significant discrep-

ancies across modalities. State-of-the-art methods that

generate a single intermediate bridging domain are often

less effective, as this generated domain may not adequately

capture sufficient common discriminant information.

This paper introduces Bidirectional Multi-step Domain

Generalization (BMDG), a novel approach for unifying

feature representations across diverse modalities. BMDG

creates multiple virtual intermediate domains by learning

and aligning body part features extracted from both I and

V modalities. In particular, our method aims to minimize

the cross-modal gap in two steps. First, BMDG aligns

modalities in the feature space by learning shared and

modality-invariant body part prototypes from V and I

images. Then, it generalizes the feature representation

by applying bidirectional multi-step learning, which

progressively refines feature representations in each step

and incorporates more prototypes from both modalities.

Based on these prototypes, multiple bridging steps enhance

the feature representation. Experiments1 conducted on

V-I ReID datasets indicate that our BMDG approach can

outperform state-of-the-art part-based and intermediate

generation methods, and can be integrated into other part-

based methods to enhance their V-I ReID performance.

1. Introduction
V-I ReID is a variant of person ReID that involves match-

ing individuals across RGB and IR cameras. V-I ReID is

challenging since it requires matching individuals with sig-

nificant differences in appearance between V and I modal-

ity images. In this context, V-I ReID systems must train

a discriminant feature extraction backbone to encode con-

1Our code is available at: alehdaghi.github.io/BMDG

sistent and identifiable attributes in RGB and IR images.

Most state-of-the-art methods seek to learn global represen-

tations from the whole image by alignment at the image-

level [19,32] or feature-level [28,44,47,59] (see Fig. 1(a)).

Other methods extract global modality-invariant features

by disentangling them from modality-specific information

[7, 42]. However, global feature-based approaches cannot

compare local discriminative attributes, resulting in the loss

of important discriminant cues about the person. To address

this issue and focus on the unique information in different

body regions, part-based approaches (see Fig. 1(b)) extract

local fine-grained feature representations through horizon-

tal stripes, clustering, or attention mechanisms of spatially

extracted features [17, 25, 40, 46]. However, given the do-

main discrepancies between the V and I modalities and the

lack of matching cross-modal parts during training, these

methods often learn modality-specific attributes for each

part. This typically results in feature representations that

are less modality-invariant, and thus provide limited effec-

tiveness for cross-modal matching tasks.

Some methods leverage an intermediate modality to

guide the training process such that the cross-modal domain

gap is reduced [2,20,37,48,54] (see Fig. 1(c)). Intermediate

modalities may be static images (e.g., gray-scale) [2, 48] or

created images from a generative module learned by I and

V modalities [20, 37, 54]. The resulting intermediate rep-

resentations can leverage shared relations between I and V

images and improve robustness to modality changes. How-

ever, they generate images that tend to contain shared non-

discriminative information, resulting in the loss of ID-aware

information in the intermediate domain. Moreover, one-

step training strategies only create one intermediate space

between V and I. This cannot provide sufficient bridging in-

formation when modalities have significant discrepancies.

Single-step approaches cannot effectively deal with these

discrepancies during training. Therefore, we advocate for

linking a series of intermediate domains with progressively
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(a) Global representation. (b) Part-based representation. (c) Intermediate modality. (d) Our bidirectional multi-step domain generalization.

Figure 1. A comparison of training architectures for V-I ReID. Approaches based on (a) a global features representation, and (b) a local

part-based representation to preserve locality and global features. (c) Generation of an intermediate bridging domain to guide training. (d)

Our BMGD extracts and combines prototypes from modalities in each step to gradually create multiple intermediate bridging domains.

smaller gaps.

To effectively bridge the large cross-modal domain gap

while preserving local ID-discriminative information, we

introduce Bidirectional Multi-step Domain Generalization

(BMDG), a gradual, multi-step, part-based training strat-

egy for person V-I ReID (see Fig. 1(d)). At first, this

strategy identifies similar ID-aware part prototypes2 for

each modality, and then it progressively creates intermedi-

ate steps by controlling the number of the part prototypes

to be mixed. Generated images can become degraded, as

discriminative details are lost over consecutive generation

steps, making these images less useful for training. There-

fore, our proposed BMDG creates multiple intermediate do-

mains in the feature space by aligning, and then combining

ID-informative subsets of features from both modalities.

Our BMGD training strategy is comprised of two parts.

The prototype alignment module learns to identify and

align part-prototype representations that contain discrimi-

native information linked to body parts in I and V images.

Then, the bidirectional multi-step learning progressively ex-

tracts auxiliary intermediate feature representations by mix-

ing prototypes from both modalities at each step. For ID-

aware and robust alignment between modalities, the ex-

tracted part-prototypes must meet three conditions: (1) they

should be complementary to other parts, (2) they should

be interchangeable and represent consistent parts, and (3)

they should be discriminant for person matching. Hierar-

chical contrastive learning is proposed to train the prototype

alignment module such that these properties are respected

without affecting ReID accuracy. Our novel idea is to pro-

gressively create intermediate bridging domains by mixing

a growing number of body part prototypes extracted from I

and V modalities. This allows leveraging common semantic

information between modalities, along with discriminative

information among individuals.

Bidirectional multi-step learning relies on auxiliary in-

termediate feature spaces that are created at each step,

2We define a part prototype as a feature representation corresponding

to a specific body part in a cropped image of a person.

by progressively mixing semantically consistent prototypes

from each modality. While prototype-based approaches

[12, 24, 46, 58] concentrate solely on enhancing discrimi-

natory representation using local descriptors, BMDG aligns

and mixes local part information in a gradual training pro-

cess to mitigate domain discrepancies within the represen-

tation space. Unlike the Part-Mix method [18], which uti-

lizes a fixed proportion of mixed parts for auxiliary features,

our approach employs bidirectional multi-step generation

for multiple intermediate steps. This bolsters the robust-

ness of V-I ReID training for samples with large discrepan-

cies, especially at the beginning of training when the parts

are inconsistent. Our strategy enables effective bridging of

cross-modality gaps and allows gradual training by adjust-

ing the proportion of information to be exchanged. We also

propose a hierarchical prototype learning strategy, which is

crucial to defining meaningful bridging steps.

Our main contributions are summarized as follows.

(1) A BMDG method is proposed to train a backbone V-

I ReID model that learns a common feature embedding

by gradually reducing the gap between I and V modalities

through multiple auxiliary intermediate steps.

(2) A novel hierarchical prototype learning module is in-

troduced to align discriminative and interchangeable part

prototypes between modalities using two-level contrastive

learning. These prototypes maintain semantic consistency

to facilitate the exchange of V and I information, thus en-

abling the generation of intermediate bridging domains.

(3) A bidirectional multi-step learning model is proposed

to progressively combine prototypes from both modalities

and create intermediate feature spaces at each step. It in-

tegrates attentive prototype embedding (APE), which re-

fines these prototypes to extract attributes that are shared

between modalities, thereby improving ReID accuracy. In-

deed, BMDG can find better modality-shared attributes by

optimizing the model on two levels: prototype alignment

and bidirectional multi-step embedding modules.

(4) Extensive experiments on the challenging SYSU-MM01

[36], RegDB [27] and LLCM [52] datasets indicate that



BMDG outperforms state-of-the-art methods for V-I person

ReID. They also show that our framework can be integrated

into any part-based V-I ReID method and can improve the

performance of cross-modal retrieval applications.

2. Related Work

In V-I ReID, deep backbone models are trained with la-

beled V and I images captured using RGB and IR cam-

eras. During inference, cropped images of people are

matched across camera modalities. That is, query I im-

ages are matched against V gallery images, or vice versa

[6, 9, 14, 15, 28, 41, 43, 59]. State-of-the-art methods can be

classified into approaches for global or part-based represen-

tation, or that leverage an intermediate modality.

(a) Global and Part-Based Representation Methods:

Representation approaches focus on training a backbone

model to learn a discriminant representation that captures

the essential features of each modality while exploiting their

shared information [9,23,38,43,44,47]. In [5,28,45,47,48],

authors only use global features through multimodal fu-

sion. The absence of local information limits their accuracy

in more challenging cases. To improve robustness, recent

methods combine global information with local part-base

features [12, 18, 25, 40, 46]. For example, [25, 46] divides

the spatial feature map into fixed horizontal sections and

applies a weighted-part aggregation. [12,39,40,58] dynam-

ically detects regions in the spatial feature map to alleviate

the misalignment of fixed horizontally divided body parts.

However, these part detectors might over-focus on spe-

cific parts, varying based on the modality or person. [18] ad-

dresses this issue using Part-Mix data augmentation to reg-

ularize model part discovery. Additionally, parts may not

correspond to semantically similar regions across different

images. To tackle this, a bipartite graph-based correlation

model between part regions has been proposed to maximize

similarities [39]. While part-based methods enhance rep-

resentation ability, they often overlook shared information

between similar semantic parts across different individuals

or modalities, leading to inconsistencies in extracted part

features. This hinders effective comparison or exchange.

Similar to the human perception system, distinguishing

individuals by comparing attributes of similar body parts

(e.g., head, torso, leg) learned from a diverse set of individ-

uals, our approach seeks to capture and leverage this shared

information for accurate matching. To achieve this, BMDG

discovers different body parts as prototypes, disregarding

the person’s identity using hierarchical contrastive learn-

ing, and then leverages their ID-discriminative attributes for

each part through part-based cross-entropy loss.

(b) Methods Based on an Intermediate Modality: In re-

cent years, V-I ReID methods have relied on an intermedi-

ate modality to address the significant gap between V and

I modalities [2, 3, 11, 13, 20, 37, 48, 54]. Using fixed inter-

mediate modality like grayscale [11, 48] or random chan-

nels [2, 45] can improve accuracy. [20] transform V images

into a new modality to reduce the gap with I images. [37]

conducted a pixel-to-pixel feature fusion operation on V

and I images to build the synthetic images, and [54] used a

shallow auto-encoder to generate intermediate images from

both modalities. While these generated images bridge the

cross-modal gap, details of the image are lost. Accuracy is

degraded in the context of multi-step learning. To address

this, we extract body part prototypes and gradually use them

to define multiple intermediate feature spaces.

(c) Domain Generalization and Adaptation: Data aug-

mentation is an effective strategy to learn domain-invariant

features and improve model generalization [55]. DG meth-

ods focus on manipulating the inputs to assist in learning

general representations. [56] relies on domain information

to create additive noise that increases the diversity of train-

ing data while preserving its semantic information. [50, 57]

uses Mixup to increase data diversity by blending examples

from the different training distributions.

Some domain adaptation (DA) methods allow for bridg-

ing significant shifts between source and target data distri-

butions. Gradual and multi-step (or transitive) methods [34]

define the number and location of intermediate domains.

Intermediate Domain Labeler [4] also creates multiple in-

termediate domains, where a coarse domain discriminator

sorts them such that the cycle consistency of self-training is

minimized. IDM [10] mixes entire latent features to cre-

ate an intermediate domain that lies on the shortest path

between the target and source. In fact, by utilizing ap-

propriate intermediate domains, the source knowledge can

be better transferred to the target domain. By mixing the

entire hidden features, this domain may lose the local ID-

discriminative information and reduce the diversity of part

features. This paper reduces the cross-modality gap by ex-

changing features between domains and creating intermedi-

ate virtual domains through gradual mixing during training.

3. Proposed Method

Our BMDG approach relies on multiple virtual interme-

diate domains created from V and I images to learn a com-

mon representation space for V-I person ReID. Fig. 2(a)

shows the overall BMDG training architecture comprising

two modules. (1) Our part prototype alignment learn-

ing module extracts semantically aligned and discrimina-

tive part prototypes from I and V modalities through hier-

archical contrastive learning. Each prototype represents a

specific part feature in a cropped person image. Exchang-

ing aligned part prototypes allows for the gradual creation

of ID-informative intermediate spaces. This module discov-

ers and aligns part features that are distinct and informative

about the person to transform the representation feature of

one person between modalities robustly. (2) Our bidirec-



tional multi-step learning module creates the auxiliary in-

termediate feature spaces at each step by progressively mix-

ing more learned part prototypes from each modality. This

gradually reduces the modality-specific information in the

final feature representation. In other words, two intermedi-

ate feature spaces are generated, at each step, by combin-

ing proportions of aligned sub-features from each modality.

The model gradually learns to reduce modality-specific in-

formation and to leverage more common information from

such intermediate domains by increasing the portions and

making more complex training cases. BMDG trains the fea-

ture backbone by learning from easy samples with a lower

modality gap to more complex ones with a higher gap.

Preliminaries: For the training process, let us assume

a multimodal dataset for V-I ReID, represented by V =
{xj

v, y
j
v}

Nv

j=1 and I = {xj
i , y

j
i }

Ni

j=1 which contains sets of

V and I images from Cy distinct individuals, with their ID

labels. V-I ReID systems seek to match images captured

from V and I cameras by training a deep backbone model

to encode modality-invariant person embedding, denoted by

fv and fi. Given V and I images, the objective is to:

max{S(fnv , f
l
i ) ·o} where o = 1 if ynv = yli else o = -1, (1)

where fnv , f
l
i ∈ R

d, d is the dimension of the representation

space, and S(., .) is similarity matching function.

3.1. Prototype Learning Module
To align persons’ sub-features between different images

in I and V, this module is used to discover different body-

part attributes from diverse regions and learn to align these

prototypes by making them complementary, interchange-

able, and discriminative, as discussed in Section 1.

H : RW×H×3 → R
K×d (2)

x ∼ X 7→ H(x) ∼ P (3)

(a) Prototype Discovery (PD). This module is proposed

to extract the prototypes and discover several discrimi-

native regions on the backbone feature maps. At first,

the PD predicts a pixel-wise masking score (probability)

M ∈ R
H·W×K for each prototype from the features map

Fm ∈ R
H·W×d where H,W, d are the feature sizes, and

K is the total number of prototypes. m is modality index

which indicates v as visible or i as infrared domain. Then,

it computes each prototype vector pk
m by weighted aggre-

gating of features in all pixels as:

pk
m =

Mk
m

|Mk
m|

∑

u∈U

[Fm]u , |Mk
m| =

∑

u∈U

[Mk
m]u (4)

where for each pixel u ∈ U = {1, . . . , H ·W}, we have
∑K

k=1[M
k
m]u = 1. This module (illustrated in Fig. 2(b)

uses a shallow U-Net [29] architecture to create a region

mask for each prototype. In the down-sample block, a

convolution receptive field is applied on masks to make

them lose locality by leveraging their neighbor pixels. At

the same time, the up-sample propagates these high-level,

coarsely localized masks into each original size. Skip con-

nections are used to re-inject the local details lost in the

down-sample phase.

(b) Hierarchical Contrastive Learning: To ensure the part

prototypes represent the diverse attributes of each person,

they must be non-redundant, and be independent of the oth-

ers. This independence can be formulated that the mutual

information (MI) between the distribution of random vari-

ables describing parts as P k should be zero as:

MI(P k;P q) = 0 ∀k, q ∈ {1, . . . ,K}, k ̸= q, (5)

where P k is the distribution of the random variable of part

k. Since the estimation of mutual information is complex

and time-consuming, MI(P k, P q) is minimized by directly

reducing the cosine similarity between the extracted fea-

tures of different parts as:

minS{(pk,pq)} ∀k, q ∈ {1, . . . ,K}, k ̸= q, (6)

where pk and pq are features for part k and q, respectively.

To ensure that the prototype features are semantically con-

sistent around body parts that can be aligned in different

samples, we maximize the similarity of pk and all other

prototypes with the same index in the training batch as p̂k.

To select samples in each batch with a positive proto-

type index, there are two options: the same parts belong-

ing to the same or different persons (inter-person) as Ψk,

and the same parts belonging to the same person with iden-

tity y (intra-person) as Γk
y ( see Fig. 2.b). Since the goal

is to extract dissimilar features in the representation space

for two different persons, pulling apart the same prototypes

from these two persons may disrupt this objective. There-

fore, two contrastive losses as Llc and Lhc are employed to

provide inter-person information at a low-level and intra-

person at a high-level:

Llc = −

K∑

k=1

∑

p̂′∈Ψk

log
ep

′k·p̂′/τ

ep′k·p̂′/τ +
∑

q ̸=k e
p′k·p′q/τ

, (7)

Lhc = −

Cy∑

y=1

K∑

k=1

∑

p̂∈Γk
y

log
ep

k·p̂/τ

epk·p̂/τ +
∑

q ̸=k e
pk·pq/τ

, (8)

where p′k
m are low-level part prototype features vector com-

puted same as Eq. (4) but extracted from lower-level lay-

ers of the feature backbone. Unlike contrastive learning

introduced in [8, 22] that are used only for final features,

the HCL optimizes at two levels as low-level and high-level

features to force the model to cluster inputs based on parts

and then cluster inside identities, as illustrated in Fig. 2(b).

For example, Llc encourages the low-level prototype of legs

for two persons to be similar and differ from other proto-

types such as the torso. WhileLhc encourages the high-level



Figure 2. (a) Overall BMDG training architecture comprises two parts. The prototype alignment module (left) extracts body part prototype

representations from V and I images. The bidirectional multi-step learning module (right) extracts discriminant features using multiple

intermediate domains created by mixing prototype information. (b) Prototype discovery (PD) architecture mines prototypes from spatial

features, and Hierarchical contrastive learning (HCL) encourages the prototypes to focus on similar semantics for all individuals without

losing ID-discriminative information.

legs prototypes only differ from other prototypes in that per-

son. Also, minimizing the distance between features of pix-

els belonging to the same part occurrence encourages the

model to extract more similar features for each prototype:

Lc =

K∑

k=1

∑

u∈U

[Mk
m∥p

k
m − Fm∥]u. (9)

Describing part occurrence to a single feature vector en-

ables us to exchange these features for the corresponding

prototype in different modalities and creates the intermedi-

ate step. Apart from making part features independent of

each other by feature contrastive losses, for pushing proto-

types to focus on different semantic body parts in different

image locations, the visual contrastive is used as:

Lvc =

K∑

k=1

K∑

q=k+1

∑

u∈U

[∥Mk
m −Mq

m∥]u, (10)

to extract parts from diverse regions of backbone fea-

tures with the minimum intersection. Also, for equivariant

matching of regions, a random rigid transformation (R) is

applied on the input images (xm) to create the transformed

images (x̃m). Both are then processed by the model, and

the transformation on the masking score (M̃m) is inverted

from the transformed images. The objective is to minimize

the distance between the transformed and original maps:

Leq =
K∑

k=1

∥Mk
m −R−1(M̃k

m)∥. (11)

(c) Part Discrimination. The information encoded by pro-

totypes must describe the object in the foreground. That

is, the mutual information between the joint probability

{P k}Kk=1 and identity Y should be maximized:

MI(P 1, . . . , PK ;Y ). (12)

In the supplementary material, we proofed that for maxi-

mizing Eq. (12), we can minimize cross-entropy loss be-

tween each prototypes features and identities. In fact, by

doing this, the model makes the part prototype regions lie

on the object and have enough information about the fore-

ground. In other words, each part prototype should be able

to recover the identity of the person in the images. So part

ID-discriminative loss is defined as:



Lp =
−1

K

K∑

k=1

Cy∑

c=1

yc log(W
k
c (p

k
m)), (13)

where W k is linear layer predicting the probability of iden-

tity yc from pk
m. To ensure prototype diversity and discrimi-

nation, we do not share parameters of W k and W q and ran-

domly drop out a proportion of them during training, pre-

venting any single part from dominating.

3.2. Bidirectional Multi-step Learning

After identifying prototypes, multiple auxiliary interme-

diate domains are created, and features are extracted using

the Attentive Prototype Embedding (APE) module.

(a) Attentive Prototype Embedding. Instead of directly

concatenating learned prototypes as the final feature, we

process all other prototypes in input images. The moti-

vation of this design is that each prototype may discrimi-

nate the part-attributes shared for all individuals rather than

ID attributes. The Attentive Prototype Embedding module

(which is detailed in the supply. materials), F , leverages

relevant person information between prototypes by apply-

ing an attention mechanism to achieve person-aware final

features. To aggregate the ID-discriminative features of pro-

totypes, the APE module first uses a fully connected layer

to score and emphasize important channels in their feature

map. It weights each prototype feature by computing the

similarities between them.

F(Am) = Wmlp(Cm), where Cm = Wv(Am)⊗Bm,

Bm = σ(Wq(Am)⊗Wk(Am)), (14)

and

Am = [p1
m;p2

m; . . . ;pK
m], (15)

where Am ∈ R
K×d, ⊗ is matrix multiplication and σ is

the Sigmund function. Wmlp, Wv , Wq and Wk are linear

layer. Also, to increase the discriminative ability of the final

feature embedding, the global features, gm, extracted by the

backbone head are concatenated to the output of APE:

fm = [F(Am);gm], (16)

where gm is denoted by 1
H·W

∑

u∈U [Fm]u.

Our APE has two advantages: (1) it allows adjusting

modality-agnostic attention between prototypes regardless

of the modality by applying cross-modality prototype fea-

tures, and (2) it improves the representation ability of final

embedding by emphasizing most discriminative prototypes.

(b) Bidirectional Multi-Step Learning. To deal with the

significant shift between modalities in the feature space, the

model is trained via multiple intermediate steps that gradu-

ally bridge this domain gap. Using intermediates with less

domain shift, the model gradually learns to leverage cross-

modality discriminating clues at each step [1,4,33,51]. Ini-

tially, the discrepancies between modalities are small, let-

ting the model learn from the easier samples first, then con-

verge on more complex cases with larger shifts. One so-

lution to achieve these intermediates is to start from one

modality as the source and transform gradually to the other

as the target. However, this makes the model forget the

learned knowledge of the source and be biased on the target.

To address this issue, modalities are transformed bidirec-

tionally to create an intermediate domain at each step. By

gradually transforming domains to each other, the domain

gap vanishes over multiple steps. Each intermediate auxil-

iary step provides discriminative information about the per-

son across both modalities, enabling the training process to

transform inputs from one to the other. By creating these

intermediate domains, our model aims to neither lose nor

duplicate information from the main domains. For gradual

transformation in each step, we exchange the features of the

same prototypes from both modalities to create a mixed and

virtual representation space with less domain discrepancies.

These prototype-mixed intermediate feature spaces are used

alongside V and I prototypes to provide APE along with the

ability to extract common features from the modalities. For

step t, which t ∈ {1, . . . , T} and T is the number of inter-

mediate steps, the intermediate features for the same person

are generated using a mixing function G(., ., .) as:

A(t)
m = G(Am,Am̃, t), (17)

where m̃ ̸= m which mixes the prototypes from two modal-

ities. For example, we use a simple but yet effective random

prototype mixing strategy for G(., ., .):

G(Am,Am̃, t) = [p1
r(m,m̃,t), . . . ,p

K
r(m,m̃,t)], (18)

where r(., ., .) is a weighted random selector:

r(m, m̃, t) =

{

m t/T ≤ U(0, 1)

m̃ else
(19)

where U(0, 1) is a uniform random generator. For interme-

diate step (t < T ), we have f
(t)
m = [F(A

(t)
m );gm] and in

the last step f
(T )
m = [F(A

(T )
m );gm̃] is used. The module

F learns to gradually reduce the discrepancies in represen-

tation space by applying metric learning objectives bidirec-

tionally between fi and f
(t)
i and between fv and f

(t)
v as :

Lbcc = Lcc(fv, f
(t)
v ) + Lcc(fi, f

(t)
i )

Lbce = Lce(fv) + Lce(f
(t)
v ) + Lce(fi) + Lce(f

(t)
i )

Lre = Lbce + Lbcc,

(20)

thatLcc,Lce are center cluster and cross-entropy losses [40].

Since f
(t)
i begins from fi at first steps and approaches to fv at

ending steps, the model is gradually trained to extract more

robust modality invariant features by seeing samples with

low modality gap to the harder ones with higher gap [33].

3.3. Training and Inference

In each step, the model tries to represent the same feature

space for two input domains, V/I and the intermediate ones,

using the overall loss expressed as:



Family
SYSU-MM01 RegDB

All Search Indoor Search Visible→ Infrared Infrared→ Visible

Method Venue R1 R10 mAP R1 R10 mAP R1 R10 mAP R1 R10 mAP

G
lo

b
al

AGW [47] TPAMI’20 47.50 - 47.65 54.17 - 62.97 70.05 - 50.19 70.49 87.21 65.90

CAJ [45] ICCV’21 69.88 - 66.89 76.26 97.88 80.37 85.03 95.49 79.14 84.75 95.33 77.82

RAPV-T [49] ESA’23 63.97 95.30 62.33 69.00 97.39 75.41 86.81 95.81 81.02 86.60 96.14 80.52

G2DA [31] PR’23 63.94 93.34 60.73 71.06 97.31 76.01 - - - - - -

P
ar

t-
b
as

ed

DDAG [46] ECCV’20 54.74 90.39 53.02 61.02 94.06 67.98 69.34 86.19 63.46 68.06 85.15 90.31

SSFT [25] CVPR’20 63.4 91.2 62.0 70.50 94.90 72.60 71.0 - 71.7 - - -

MPANet [40] CVPR’22 70.58 96.21 68.24 76.74 98.21 80.95 83.70 - 80.9 82.8 - 80.7

SAAI [12]a ICCV’23 75.03 - 71.69 - - - - - - - -

SAAI [12] b ICCV’23 75.90 - 77.03 82.20 - 80.01 91.07 - 91.45 92.09 - 92.01

CAL [39] ICCV’23 74.66 96.47 71.73 79.69 98.93 83.68 94.51 99.70 88.67 93.64 99.46 87.61

PartMix [18] CVPR’23 77.78 - 74.62 81.52 - 84.83 84.93 - 82.52 85.66 - 82.27

In
te

rm
ed

ia
te

SMCL [35] ICCV’21 67.39 92.84 61.78 68.84 96.55 75.56 83.93 - 79.83 83.05 - 78.57

MMN [54] ICM’21 70.60 96.20 66.90 76.20 99.30 79.60 91.60 97.70 84.10 87.50 96.00 80.50

RPIG [2] ECCVw’22 71.08 96.42 67.56 82.35 98.30 82.73 87.95 98.3 82.73 86.80 96.02 81.26

FTMI [30] MVA’23 60.5 90.5 57.3 - - - 79.00 91.10 73.60 78.8 91.3 73.7

G2DA [31] PR’23 63.94 93.34 60.73 71.06 97.31 76.01 - - - - - -

SEFL [13] CVPR’23 75.18 96.87 70.12 78.40 97.46 81.20 91.07 - 85.23 92.18 - 86.59

BMDG (ours)a - 76.15 97.42 73.21 83.53 98.02 84.92 93.92 98.11 89.18 94.08 97.0 88.67

BMDG (ours)b - 78.08 97.90 78.22 83.59 98.96 86.35 94.76 98.91 92.21 94.56 98.31 93.07
a without AIM b with AIM

Table 1. Accuracy of the proposed BMDG and state-of-the-art methods on the SYSU-MM01 (single-shot setting) and RegDB datasets. All numbers are percent.

Results for methods were obtained from the original papers. AIM [12] means re-ranking method.

L = Lre+λf(Llc+Lhc)+λvLvc+λcLc+λiLp+λeLeq (21)

where λ are hyper-parameters for weighting losses. During

inference, the tail and head backbones are combined to ex-

tract the prototypes and global features as Ai, Av , gi and

gv from given input image xi and xv . Using Eq. (16), the

fi and fv are computed by the APE. The matching score for

a query input image is computed by cosine similarly.

4. Results and Discussion

In this section, we compare the BMDG with SOTA V-I

ReID methods, including global, part-based, and intermedi-

ate approaches. Extensive ablation studies are conducted

to show the effectiveness of the proposed bi-directional

learning, the impact of the number of parts-prototypes,

and intermediate steps during learning. The supplemen-

tary materials provide detailed information on our experi-

mental methodology, including the implementation of base-

line models, performance measures, and descriptions of the

SYSU-MM01 [36], RegDB [27], and LLCM [52] datasets.

Family
LLCM

V→ I I→ V

Method Venue R1 mAP R1 mAP

DDAG [46] ECCV’20 40.3 48.4 48.0 52.3

CAJ [45] ICCV’21 56.5 59.8 48.8 56.6

RPIG [2] ECCVw’22 57.8 61.1 50.5 58.2

DEEN [53] CVPR’23 62.5 65.8 54.9 62.9

BMDG (ours) - 63.4 66.3 56.4 63.5

Table 2. Accuracy of the proposed BMDG and state-of-the-art

methods on the Large LLCM Dataset. All numbers are percent.

4.1. Comparison with State-of-Art Methods:

Table 1 compares the accuracy of BMDG with state-

of-the-art V-I ReID approaches. Our experiments on the

SYSU-MM01 and RegDB datasets show that BMDG out-

performs the SOTA methods in the majority of situations.

Compared to [18], BMDG has lower R1 accuracy (-1%)

in the All Search settings on the SYSU-MM01 dataset.

However, it achieves higher performance in Indoor settings

(+2%) and on the RegDB dataset (+10%). These results can

be attributed to BMDG’s ability to effectively capture more

ID-related knowledge across modalities. This is achieved

by learning discriminative part-prototypes and gradually re-

ducing modality-specific information in the extracted final

features. Additionally, the prototype alignment module cre-

ates gradual and bidirectional intermediate spaces without

sacrificing discriminative ability, allowing BMDG to sur-

pass intermediate methods. Moreover, BMDG can be eas-

ily integrated into different part-based V-I ReID models, en-

hancing generality through gradual training. To show its ef-

fectiveness, we integrated our approach into state-of-the-art

part-based or prototype-based baseline models [12, 40, 46].

We executed the original code published by authors us-

ing the hyper-parameters and other configurations they pro-

vided with and without BMDG. Table 3 shows that BMDG

improves performance for mAP and rank-1 accuracy for

all methods by an average of 2.02% and 1.54 %, respec-

tively. Similar performance improvements are observed on

the large and complex LLCM dataset (see Table 2). Since

LLCM was introduced recently, few papers reported their

results, so we executed other approaches with published

code on the LLCM dataset.



Method R1 (%) mAP (%)

DDAG [46] 53.62 52.71

DDAG with BMDG 55.36 (+1.74↑) 54.05 (+1.34↑)

MPANet [40] 66.24 62.89

MPANet with BMDG 68.74 (+2.50↑) 64.25 (+1.36↑)

SAAI [12] 71.87 68.16

SAAI with BMDG 73.69 (+1.82↑) 70.08 (+1.92↑)

Table 3. Accuracy of part-based ReID methods with BMDG on the

SYSU-MM01, under single-shot setting. Results were obtained by

executing the author’s code on our servers.

4.2. Ablation Studies:

(a) Step size and number of part prototypes. We evalu-

ate the best option for the number of parts and steps. Table

4 (top) shows that using the BMDG approach increases the

R1 accuracy when increasing the number of steps T for a

specific number of prototypes K. Also, it increases perfor-

mance in multi-step with K parts, letting the model learn

from the lower gap sample and converge on harder cases.

Another option for each step, instead of exchanging

some parts, is to use the Mixup [50] or IDM [10] strategy

for all parts from two modalities with normalized weight:

A
(t)
m = α(t)Am + (1 − α(t))Am′ , where α starts from 0

to 1 w.r.t. step t and number of steps. Results in Table 4

(bottom) show that using multi-step increases performance

marginally since it does not utilize the ability of prototypes

to create meaningful intermediate steps. This is explained

by the fact that prototypes contain some modality-specific

information, which is crucial for transforming domains in

intermediate steps and may be lost in the averaging process.

(c) Loss functions. Contrastive objectives between parts

(Llc and Lhc) are essential for the model to detect similar

semantics between objects, thereby creating an intermedi-

ate step by swiping corresponding parts. Table 5 shows this

necessity when used in conjunction with Lc. Using such

regularization in the multi-step approach increases mAP by

T
Number of part prototypes (K)

3 4 5 6 7 10

Prototype exchanging (Our)

0 68.25 69.24 69.40 70.27 70.03 68.12

1 69.97 70.81 72.07 71.97 71.31 69.28

2 71.20 72.35 73.98 73.61 72.45 71.25

3 73.32 73.94 74.11 74.98 73.22 71.67

4 - 74.08 74.15 75.43 73.51 71.99

6 - - - 75.37 73.52 72.15

10 - - - - - 72.07

Entire mixup (IDM [10])

0 68.25 69.24 69.4 70.27 70.03 68.12

1 68.53 69.19 69.56 70.53 70.3 68.41

4 68.70 70.03 69.75 70.84 70.77 68.53

6 69.13 70.81 70.1 71.16 70.29 68.90

10 69.21 70.15 69.52 70.95 70.90 68.13

Table 4. R1 accuracy of BMDG using (a) our prototype mixing

and (b) IDM [10] for different numbers of part prototypes (K) and

intermediate steps (T ). mAP is reported in suppl. materials.

Losses R1 (%) mAP (%)

Lp Llc Lhc Lvc Lc Leq T = 0 T = K T = 0 T = K

baseline 51.09 - 49.68 -

✓ ✓ 62.19 65.28 58.91 60.73

✓ ✓ ✓ 66.35 69.50 63.01 66.48

✓ ✓ 66.67 67.31 61.04 61.68

✓ ✓ 59.78 60.66 55.41 56.05

✓ ✓ ✓ ✓ 68.30 69.04 66.87 66.99

✓ ✓ ✓ ✓ 69.68 71.20 67.08 68.13

✓ ✓ ✓ ✓ ✓ 69.90 72.67 68.11 69.75

✓ ✓ ✓ ✓ ✓ ✓ 70.27 75.37 68.45 72.71

Table 5. Impact on the accuracy of using different BMDG losses,

using SYSU-MM01 for single-step (T = 0) and multi-step (T =

K) settings. The baseline Lre loss is used in all cases.

3% and R1 by 4%. Also, results of part separation loss, Lvc,

indicate that using this loss pushes the parts to be scattered

on the body regions and gives the part features a more ro-

bust representation. Additionally, it enables the intermedi-

ate steps to generalize the feature space better by increasing

the performance over the single-step with multi-step setting.

The part identity loss Lp lets the model extract ID-related

prototype features that contain discriminative information

about the object and generate an id-informative intermedi-

ate step. Without this objective, parts features are likely to

focus on background information. As shown in the two last

rows, performance increases when using this objective.

(d) Bidirectional domain generalization. To show the im-

pact of the BMGD approach, we conduct experiments under

the following settings: (1) single-step, (2) one-directional

multi-step (from V → I and I → V), and (3) bidirectional

for creating the intermediate series. The results are shown

in Table 6. Although using multiple intermediate steps from

one modality to another improves the model’s accuracy by

allowing it to gradually learn and utilize common discrim-

inative features, this process can lead to losing information

about the source modality. The bi-directional approach ad-

dresses these issues and achieves the best performance, as it

is not biased towards any specific modality.

Settings

Number of part prototypes (K)

4 5 6 7

R1 mAP R1 mAP R1 mAP R1 mAP

Single step 69.2 65.9 69.4 66.1 70.2 66.3 70.4 66.5

One (V→ I) 71.0 66.5 71.5 67.1 72.3 67.5 71.6 66.8

One (I→ V) 70.8 66.3 71.2 67.0 72.6 67.6 71.0 66.7

Bidirectional 74.0 71.8 74.1 71.9 75.4 72.8 73.5 70.2

Table 6. Impact on rank-1 and mAP accuracy using different set-

tings for multi-step domain generalization. All numbers are per-

cent. V → I means that the intermediates are created only from

V, by replacing prototypes from I features.

5. Conclusion
This paper introduces the BMDG framework for V-I

ReID. It uses a novel prototype learning approach to learn

the most discriminative and complementary set of proto-

types from both modalities. These prototypes generate mul-

tiple intermediate domains between modalities by progres-



sively mixing prototypes from each modality, reducing the

domain gap. The effectiveness of BMDG is shown exper-

imentally on several datasets, where it outperforms state-

of-the-art methods for V-I person ReID. Results also high-

light the impact of considering multiple intermediate steps

and bidirectional training to improve accuracy. Moreover,

BMDG can be integrated into other part-based V-I ReID

methods, significantly improving their accuracy. A limita-

tion of BMDG is its dependency on discriminant body parts.
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Appendix A. Proofs

In Section 3 of the manuscript, our model seeks to represent input images using discriminative prototypes that are com-

plementary. To ensure their complementarity, we minimize the mutual information (MI) between the data distributions of

each pair of prototypes using a contrastive loss between feature representations of the different prototypes. To improve the

discrimination, the prototype representations encode ID-related information by maximizing the MI between the joint distri-

bution among all prototypes in the label distribution space. In this section, we prove that by minimizing the cross-entropy loss

between features of each prototype class and the person ID in images, we can learn discriminative prototype representations.

A.1. Maximizing MI(P 1, . . . , PK ;Y )

This section provides a proof that MI(P 1, . . . , PK ;Y ) (Eq. 12) can be lower-bounded by :

MI(P 1;Y ) + · · ·+ MI(PK ;Y ), (A.1)

following the properties of mutual information.

P.1 (Nonnegativity) For every pair of random variables X and Y :

MI(X;Y ) ≥ 0 (A.2)

P.2 For every pair random variables X , Y that are independent:

MI(X;Y ) = 0. (A.3)

P.3 (Monotonicity) For every three random variables X , Y and Z:

MI(X;Y ;Z) ≤ MI(X;Y ) (A.4)

P.4 For every three random variables X , Y and Z, the mutual information of joint distortions X and Z to Y is:

MI(X,Z;Y ) = MI(X;Y ) + MI(Z;Y )−MI(X;Z;Y ) (A.5)

MI(P 1, . . . , PK ;Y ). (A.6)

Theorem 1 Let P 1, . . . , PK and Y be random variables with domains P1, . . . ,PK and Y , respectively. Let every pair P k

and P q (k ̸= q) be independent. Then, maximizing MI(P 1, . . . , PK ;Y ) can be approximated by maximizing the sum of MI

between each of P k to Y ,
∑K

k=1 MI(P k;Y ).

1



Proof 1 First, we define P̃ k as the joint distribution of P k+1, . . . , PK . Using the P.4 we have:

MI(P 1, P̃ 1;Y ) = MI(P 1;Y )
︸ ︷︷ ︸

α

+MI(P̃ 1;Y )
︸ ︷︷ ︸

β

−MI(P 1; P̃ 1;Y )
︸ ︷︷ ︸

γ

, (A.7)

To maximize this, α and β should be maximized and γ minimized. Given P.3, minMI(P 1; P̃ 1;Y ) can be upper-bounded by

minMI(P 1; P̃ 1):
MI(P 1; P̃ 1;Y ) ≤ MI(P 1; P̃ 1), (A.8)

So by minimizing the right term of Eq. A.8, γ is also minimized. We show that MI(P 1; P̃ 1) = 0 by expanding P̃ 1 to (P 2, P̃ 2):

MI(P 1;P 2, P̃ 2) = MI(P 1;P 2) + MI(P 1; P̃ 2)−MI(P 1;P 2; P̃ 2). (A.9)

Given P.1 and Eq. 5, MI(P 1;P 2) = 0 and MI(P 1;P 2; P̃ 2) ≤ MI(P 1;P 2) = 0 so that:

MI(P 1;P 2, P̃ 2) = MI(P 1; P̃ 2). (A.10)

After recursively expanding P̃ 2:

MI(P 1;P 2, P̃ 2) = 0. (A.11)

To maximize β, we can rewrite and expand recursively in Eq. A.7 :

MI(P̃ 1;Y ) = MI(P 2, P̃ 2;Y ) = MI(P 2;Y )
︸ ︷︷ ︸

maximizing

+MI(P̃ 2;Y )
︸ ︷︷ ︸

expanding

−MI(P 2; P̃ 2;Y )
︸ ︷︷ ︸

0

. (A.12)

Therefore, it can be shown that:

MI(P̃ k;Y ) = MI(P k+1, P̃ k+1;Y ) = MI(P k;Y ) + · · ·+ MI(PK ;Y ) ∀k ∈ {0, . . . ,K − 1}. (A.13)

and for k = 0, we have:

MI(P 1, . . . , PK ;Y ) =

K∑

k=1

MI(P k;Y ), (A.14)

Finally, for maximizing MI(P 1, . . . , PK ;Y ), we need to maximize each MI(P k;Y ) so that each prototype feature contains

Id-related information and is complemented. In other words, each prototype seeks to describe the input images from different

aspects.

A.2. Maximizing MI(P k;Y )

In Section 3, the MI between the representation of each prototype and the label of persons are maximized by minimizing

cross-entropy loss (see Eq: 13 of the manuscript). This approximation is formulated as Proposition 1.

Figure A.1. Venn diagram of theoretic measures for three variables X , Y , and Z, represented by the lower left, upper, and lower right

circles, respectively.



Proposition 1 Let P k and Y be random variables with domains Pk and Y , respectively. Minimizing the conditional cross-

entropy loss of predicted label Ŷ , denoted byH(Y ; Ŷ |P k), is equivalent to maximizing the MI(P k;Y )

Proof 2 Let us define the MI as entropy,

MI(P k;Y ) = H(Y )
︸ ︷︷ ︸

δ

−H(Y |P k)
︸ ︷︷ ︸

ξ

(A.15)

Since the domain Y does not change, the entropy of the identity δ term is a constant and can therefore be ignored. Maximizing

MI(P k, Y ) can only be achieved by minimizing the ξ term. We show that H(Y |P k) is upper-bounded by our cross-entropy

loss (Eq. 13), and minimizing such loss results in minimizing the ξ term. By expanding its relation to the cross-entropy [?]:

H(Y ; Ŷ |P k) = H(Y |P k) +DKL(Y ||Ŷ |P
k)

︸ ︷︷ ︸

≥0

, (A.16)

where:

H(Y |P k) ≤ H(Y ; Ŷ |P k). (A.17)

Through the minimization of Eq. 13, training can naturally be decoupled in 2 steps. First, weights of the prototype module

are fixed, and only the classifier parameters (i.e., weight W k of the fully connected layer) are minimized w.r.t. Eq. A.16.

Through this step, DKL(Y ||Ŷ |P
k) is minimized by adjusting Ŷ while the H(Y |P k) does not change. In the second step, the

prototype module’s weights are minimized w.r.t. H(Y |P k), while the classifier parameters W k are fixed.



Appendix B. Additional Details on the proposed method

B.1. Training Algorithm

To train the model, BMDG uses a batch of data containing Nb person with Np positive images from the V and I modalities.

Algorithm 1 shows the details of the BMGD training strategy for optimizing the feature backbone by gradually increasing

mixing prototypes.

At first, the prototype mining module extracts K prototypes from infrared and visible images in lines 4 and 5 . Then,

at lines 6 and 7, G function mixes these prototypes from each modality to create two intermediate features. It is noted

that the ratio of mixing gradually increases w.r.t the step number t to create more complex samples. To refine the final

feature descriptor for input images, the attentive embedding module, F , is applied to prototypes to leverage the attention

between them. At the end of each iteration, the model’s parameters will be optimized by minimizing the cross-modality

ReID objectives between each modality features vector and its gradually created intermediate.

Algorithm 1 BMDG Training Strategy.

Require: S = {V, I} as training data and T,K as hyper-parameters

1: for t = 1, . . . , T do ▷ over T steps

2: while all batches are not selected do

3: xj
v, x

j
i ← batchSampler(Nb, Np)

4: extract prototypes Aj
v and global features gj

v from visible images vj ▷ left-side of Fig. 2(a)

5: extract prototypes A
j
i and global features g

j
i from infrared images ij ▷ left-side of Fig. 2(a)

6: A
(t)
v ← G(Aj

v,A
j
i , t) ▷ V intermediate by gradually increasing the mixing ratio w.r.t t from I prototypes

7: A
(t)
i ← G(A

j
i ,A

j
v, t) ▷ I intermediate by gradually increasing the mixing ratio w.r.t t from V prototypes

8: if t ≤ T then:

9: f
(t)
v ← [F(A

(t)
v );gv] ▷ embedding intermediate visible features

10: f
(t)
i ← [F(A

(t)
i );gi] ▷ embedding intermediate infrared features

11: else:

12: f
(t)
v ← [F(A

j(t)
v );gi]

13: f
(t)
i ← [F(A

(t)
i );gv]

14: end if

15: update model’s parameters by optimizing Eq. 21

16: end while

17: end for

B.2. Attentive Prototype Embedding

Details of the Attentive Prototype Embedding module are depicted in B.1.

Figure B.1. Attentive prototype embedding (APE) architecture.



Appendix C. Additional Details on the Experimental Methodology

C.1. Datasets:

Research on cross-modal V-I ReID has extensively used the SYSU-MM01 [?], RegDB [?], and recently published LLCM

[?] datasets. SYSU-MM01 is a large dataset containing more than 22K RGB and 11K IR images of 491 individuals captured

with 4 RGB and 2 near-IR cameras, respectively. Of the 491 identities, 395 were dedicated to training, and 96 were dedicated

to testing. Depending on the number of images in the gallery, the dataset has two evaluation modes: single-shot and multi-

shot. RegDB contains 4,120 co-located V-I images of 412 individuals. Ten trial configurations randomly divide the dataset

into two sets of 206 identities for training and testing. The tests are conducted in two ways ± comparing I to V (query) and

vice versa. An LLCM dataset consists of a large, low-light, cross-modality dataset that is divided into training and testing

sets at a 2:1 ratio.

C.2. Experimental protocol:

We used a pre-trained ResNet50 [?] as the deep backbone model. Each batch contains 8 RGB and 8 IR images from 10

randomly selected identities. Each image input is resized to 288 by 144, then cropped and erased randomly, and filled with

zero padding or mean pixels. ADAM optimizer with a linear warm-up strategy was used for the optimization process. We

trained the model by 180 epochs, in which the initial learning rate is set to 0.0004 and is decreased by factors of 0.1 and 0.01

at 80 and 120 epochs, respectively. K = 6, T = 4, λf = 0.1, λv = 0.05, λp = 0.2 and λi = 0.4 are set based on the analyses

shown in the ablation study in the main paper and in Section D.1. λeq = 0.5 is for all experiments.

C.3. Performance measures:

We use Cumulative Matching Characteristics (CMC) and Mean Average Precision (mAP) as assessment metrics in our

study. In CMC, rank-k accuracy is measured to determine how likely it is that a precise cross-modality image of the person

will be present in the top-k retrieved results. As an alternative, mAP can be used as a measure of image retrieval performance

when multiple matching images are found in a gallery.

Appendix D. Additional Quantitative Results

D.1. Hyperparameter values:

This subsection analyzes the impact of λf, λv, λp, and λi on V-I ReID accuracy. We initially set λv = 0.01, λp = 0.05,

and λi = 0.8, experimenting with various values for λf. As shown in Fig. D.1, accuracy improves with increasing λf until

it reaches 0.1. Elevated λf enhances prototype diversity, boosting the discriminative ability of final features in the diverse

space. However, excessively high values disperse prototype features in the feature space, diminishing discriminability and

hindering accurate identification.

Similar trends are observed when λp = 0.05 and λi = 0.8, varying λv from 0.01 to 0.05, resulting in improved per-

formance. Higher λv compresses prototype regions excessively, lacking sufficient ID-related information. Conversely, λi

enhances the discriminative capabilities of prototypes in images. Balancing these factors, we find optimal values of 0.05 and

0.4 for λv and λi, respectively. Additionally, based on experimentation, we set λp = 0.2 at the end of our analysis.

(a) λf. (b) λv. (c) λi. (d) λp.

Figure D.1. Accuracy of the proposed BMDG over λf, λv, λi, and λp values on SYSU-MM01 dataset in all-search and single-shot mode.

D.2. Step size and number of part prototypes:

In section 4.2, we discussed the step size and number of part prototypes based on Rank-1 accuracy. Here we report the

mAP measurement for Table 4 in paper in Table D.1a and Table ?? in paper in Table D.1b, respectively:



Table D.1. mAP accuracy of BMDG using (a) our prototype mixing and (b) Mixup [?] setting for different numbers of part prototypes (K)

and intermediate steps (T ).

(a) Prototype exchanging

T
Number of part prototypes (K)

3 4 5 6 7 10

0 65.98 67.03 67.23 68.11 67.55 65.66

1 67.42 68.72 69.28 69.46 68.32 69.28

2 69.51 70.08 70.72 71.14 69.97 71.25

3 71.44 71.69 71.82 72.02 71.06 71.67

4 - 71.98 72.15 72.86 71.19 69.00

6 - - - 72.40 71.17 69.54

10 - - - - - 69.46

(b) Mixup [?]

T
Number of part prototypes (K)

3 4 5 6 7 10

0 65.98 67.03 67.23 68.11 67.55 65.66

1 66.31 67.22 67.31 68.28 68.5 65.8

4 66.50 67.68 67.79 68.52 68.49 65.88

6 66.98 67.77 68.05 68.73 68.56 66.02

10 67.04 67.60 67.93 68.65 68.54 65.57

D.3. Model efficiency:

Our BMDG proposed a method to extract alignable part-prototypes in feature extraction and then compute an attention

embedding for the final representation features. In Table D.2, we showed each component size and time complexity in the

inference time compared to the baseline we used.

Table D.2. Number parameters and floating-point operations at inference time for BMDG and all its sub-modules.

Model # of Para. (M) Flops (G)

Feature Backbone 24.8 5.2

Prototype Mining 3.1 0.2

Attentive Prototype Embedding 1.8 0.3

baseline [?] 24.9 5.2

BMDG 29.7 5.7

Appendix E. Visual Results

E.1. UMAP projections:

To show the effectiveness of BMDG, we randomly select 7 identities from the SYSU-MM01 dataset and project their

feature representations using the UMAP method [?] for (a) Baseline, (b) one-step (prototypes without gradual training),

and (c) BMDG. Visualization results (Figure E.1) show that compared with the baseline and one-step approach, the feature

representations learned with our BMDG method are well clustered according to their respective identity, showing a strong

capacity to discriminate. BMDG is effective for learning robust and identity-aware features. Our BMDG method reduces

this distance across modalities for each person and provides more separation among samples from different people.

Also, to show how the intermediate features gradually mix the modalities, we draw intermediate features for 6 steps in

Figure E.2. At the beginning of training, the features are based on modality while at step 6, the features are concentrated on

each identity.

E.2. Domain shift:

To estimate the level of domain shift over data from V and I modalities, we measured the MMD distance for each training

epoch. To this end, for each epoch, we selected 10 random images from 50 random identities and extracted the prototype

and global features, then measured the MMD distance between the centers of those features for each modality as shown in

Fig. E.3(b). We report the normalized MMD distances between I and V features for our BMDG approach when compared

with the baseline. Our method reduces this distance more than the y baseline. Thus, the results show that the intermediate

domains improve the model robustness to a large multi-modal domain gap by gradually increasing the mix in prototypes over

multiple steps.

E.3. Part-prototype masking:

To show spatial information related to prototype features, we visualize the score map in the PM module (see Fig. E.4).

Our approach encodes prototype regions linked to similar body parts without considering person identity. Our model tries to



(a) Baseline. (b) One Step. (c) BMDG.

Figure E.1. Distributions of learned V and infrared features of 7 identities from SYSU-MM01 dataset for (a) the baseline, (b) one-step

using part-prototypes, and (c) our BMDG method by UMAP [?]. Each color shows the identity.

(a) Step 1. (b) Step 2. (c) Step 3.

(d) Step 4. (e) Step 5. (f) Step 6.

Figure E.2. Distributions of learned V and infrared features of 7 identities from SYSU-MM01 dataset in training for 6 steps at epochs of

10,30,50,70,90 and 160 respectively by UMAP [?]. Each color shows the identity. The intermediate features are drawn with lower opacity.

find similar regions for each class of prototypes and then extracts ID-related information for that region. Therefore, BMDG

is more robust for matching the same part features.



(a) Learning Curve. (b) BMDG.

Figure E.3. The mAP and domain shift (MMD distance) between I and V modalities over training epochs. (a) The learning curve of BMDG

vs Baseline [?]. (b) MMD distance over the center of multiple person’s infrared features to visible modality.

(a) Infrared. (b) Visible.

Figure E.4. Prototypes regions extracted by the PRM module for (a) infrared and (b) visible images. Note that the mask size is 18×9,

which is then resized to fit the original input image. As shown, the mask of prototypes focuses on similar body parts without accounting

for identity.

E.4. Semi-supervised body part detection:

An additional benefit of our HCL module lies in its ability to detect meaningful parts in a semi-supervised manner. By

forcing the model to identify semantic regions that are both informative about foreground objects and contrastive to each

other, our hierarchical contrastive learning provides robust part detection, even in the absence of part labels. To assess HCL,

we fine-tuned our ReID model as a student using a pre-trained part detector [?] on the PASCAL-Part Dataset [?] as the

teacher. In Fig. E.5, the results show our model’s strong capacity for detecting body parts compared to its teacher.



(a) Infrared. (b) Visible.

Figure E.5. Semi-supervised part discovery on the SYSU-MM01 dataset. The first columns are the (a) infrared and (b) visible images. The

second column images are the result from [?], and the last column are results with our fine-tuned model in BMDG.
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