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Abstract

Visible-infrared person re-identification (VI-ReID) aims to
match individuals across different camera modalities, a
critical task in modern surveillance. While most ex-
isting methods focus on cross-modality matching, real-
world systems often involve mixed galleries containing both
V and I images, where state-of-the-art methods struggle
due to large domain shifts and low discrimination across
modalities. These challenges arise because same-modality
gallery images may have smaller domain gaps but cor-
respond to different identities. To address this, we pro-
pose more comprehensive and challenging mixed-modal
evaluation settings that better reflect real-world condi-
tions. This paper also introduces the Mixed Modality-
Erased and -Related (MixER) method, which disentan-
gles modality-specific and modality-shared identity infor-
mation through orthogonal decomposition, modality con-
fusion, and ID-modality-related objectives. MixER im-
proves feature robustness across modalities, improving per-
formance in both cross- and mixed-modal settings. Exten-
sive experiments on SYSU-MM01, RegDB, and LLCM show
that MixER can achieve state-of-the-art performance with
a single backbone and displays strong versatility across
diverse mixed-modal scenarios. Our code is available:
https://github.com/alehdaghi/MixVI-ReID.

1. Introduction
VI-ReID is crucial for surveillance, matching individuals
across cameras and lighting conditions. Existing methods
focus on cross-modality matching, where a V or I image is
queried against a gallery from the other modality (Fig. 1a,
top). However, real-world systems capture both modalities
continuously, producing a mixed gallery of V and I im-
ages (Fig. 1a, bottom). This setting is more realistic and
challenging, as same-modality matches (e.g., V-to-V) have
smaller domain gaps than cross-modality matches (e.g., I-
to-V). Future VI-ReID methods must handle such mixed
galleries by balancing cross- and same-modality matching

for reliable real-world performance.
VI-ReID methods are generally expected to perform well

in mixed-modality settings, which can be interpreted in var-
ious ways. We identify four distinct interpretations based
on the identity and camera relationships between query
and gallery images. In each setting, specific images are
removed to assess the robustness of the matching model.
The mixed-modal setting introduced in [25], which con-
siders only same-modality images of the same identity as
the query, lacks informativeness and realism. To address
this, we propose more realistic and challenging evalua-
tion settings that include both same-modality images of
the query identity and different individuals. This design
tests model robustness against low-modality gaps, ensur-
ing effective identity discrimination within the same modal-
ity while also handling cross-modal variations. However,
we show that two specific settings pose significant chal-
lenges, where state-of-the-art uni-modal and cross-modal
ReID methods struggle to achieve high performance. A
cost-effective VI-ReID solution in these settings should rely
on a single backbone model to extract discriminative fea-
tures and dynamically adapt them based on intra-modality
or inter-modality matching requirements. Fig. 1b illustrates
the identity-discriminative information present in the two
modalities, which can be categorized into modality-specific
and modality-shared attributes. While V-ReID models pri-
marily extract modality-specific features, VI-ReID methods
aim to capture modality-invariant identity-discriminative
features for effective cross-modal matching.

Given the substantial discrepancy between I and V
modality images, uni-modal models typically struggle to re-
main discriminative across modalities (as illustrated in the
first row of Fig.1c). To address this challenge, VI-ReID
methods often focus on minimizing this discrepancy be-
tween their extracted feature representations. For example,
GAN methods [20, 33] are used to translate the modalities
and shared-backbones [1, 8, 10, 31, 32, 40, 41] are used
to map images into a modality-invariant feature space, cre-
ating a shared representation that minimizes modality dis-
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(a) Cross vs Mixed (b) Venn Diagram (c) Mixed-Modal matching
Figure 1. (a) VI-ReID of a query image matched against a cross-modal and mixed-modal gallery. (b) With VI-ReID methods, V, I, and ID
information reveal modality-specific and modality-shared ID features. (c) Mixed-modal approaches leverage these features for matching,
while uni-modal methods are limited to intra-modality matching due to a large modality gap, and cross-modal methods enable inter-modal
matching by extracting shared features. Our MixER method disentangles these features to reduce the gap in shared features and enhance
the discrimination in modality-specific features. H(·) measures the entropy of a random variable.

crepancies. Despite the significant improvements in recent
years, the features extracted by these methods often contain
some modality-specific information, which weakens the ef-
fectiveness of inter-modal matching and limits the mini-
mization of modality gap in the feature space.

A limitation of current VI-ReID methods in mixed
matching tasks is their lack of attention to identity fea-
tures that exist only in one modality, as shown in the sec-
ond row of Fig.1c. Some attributes, such as shirt pat-
terns that are only relevant in the V modality or material
textures unique to I, are modality-specific and, therefore,
unavailable in the other modality (see Fig.1b). For accu-
rate cross-modal matching, this modality-specific informa-
tion should be erased from identity representations, only al-
lowing access to modality-shared information across both
V and I. However, effectively separating modality-specific
from modality-invariant is challenging, as it requires effec-
tive unsupervised disentanglement to identify them.

To address the limitations of VI-ReID in mixed-modal
scenarios, this paper introduces a Mixed Modality-Erased
and Modality-Related (MixER) ID-discriminative feature
learning approach. By isolating discriminative modality-
specific features within one subspace, our approach pro-
motes modality-erased features to capture robust discrim-
inative semantic concepts across modality variations within
the other subspace. Implicit Discriminative Knowledge
Learning (IDKL) [32] uses modality-specific features to en-
hance modality-shared ones through knowledge distillation
and implicit similarity. In contrast, our approach enforces
an orthogonal complement structure. This constraint en-
sures that modality-related features remain independent of
shared features. This allows discovering a diverse embed-
ding space to ensure both modality-specific and -shared are
effectively used. Building on these assumptions, we for-
mulate our objectives from a mutual information perspec-
tive, demonstrating that joint learning of modality-erased

and modality-related features optimizes mutual information
with identity, producing effective feature representations for
mixed-modal matching. Unlike SGEIL [10], which relies
on additional shape annotations to remove shape informa-
tion from identity-aware features and is limited to cross-
modal matching, MixER learns both modality-erased and
modality-related features in an unsupervised way, enabling
it to handle both cross- and mixed-modal tasks.

As illustrated in Fig.1c, MixER leverages modality-
erased features for inter-modality matching while re-
fining intra-modality matching by mixing them with
modality-related features via ID-modality-aware, modality-
confusion, and feature-fusion losses. Furthermore, our
framework can be integrated into state-of-the-art ap-
proaches to enhance their performance in mixed-modal and
cross-modal matching settings.

The main contributions of this paper are summarized
as follows. (1) We motivate and formalize more com-
prehensive and challenging settings for mixed-modal V-I
ReID evaluation, where galleries may have data from both
I and V modalities. (2) A mixed modality-erased and -
related (MixER) feature learning paradigm is introduced
for enhancing mixed- and cross-modal VI-ReID on a sin-
gle feature embedding backbone. It separates modality-
erased features from modality-related ones through orthog-
onal decomposition and gradient reversal. Modality-erased
features capture modality-shared discriminative semantics,
while modality-related features are designed to extract ad-
ditional discriminative attributes unique to each modality,
thereby improving the diversity of learned representations.
(3) Our experiments on SYSU-MM01, RegDB, and LLCM
show that MixER strategy outperforms state-of-the-art VI-
ReID methods in cross-modal and mixed-modal settings.
Additionally, it can be integrated into any VI-ReID method,
improving its performance for retrieval applications.
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2. Related Work
(a) Cross-modal Person Re-Identification. Person ReID
aims to identify individuals by matching distinctive char-
acteristics in query images within a larger gallery [6, 44,
46, 47]. VI-ReID extends this task to low-light conditions,
but modality-specific discrepancies pose challenges. Ex-
isting methods extract global [1, 20, 31, 33, 38, 40, 49]
or part-based features [3, 17, 26, 36, 39] using striping
or attention mechanisms. While effective for ID discrim-
ination, these methods struggle to learn modality-invariant
representations. Recent approaches focus on modality-
invariant feature learning by disentangling identity features
from modality-specific attributes [7, 10, 26, 27, 37, 45, 48].
GAN methods [2, 7, 26, 37, 42] attempt to separate content
from modality style but often lose identity-related details.
[42] generates the intermediate modality to alleviate the
modality-specific information. Our MixER separates such
information from modality-invariant to make the matching
more consistent for inter- and intra-modal scenarios. Other
techniques enforce orthogonality between modality-specific
and invariant features [11, 45, 48], though ensuring com-
plete modality suppression remains a challenge. Addition-
ally, shape-based approaches [10, 27] use body structure to
refine identity features while minimizing modality bias.
(b) Multi-modal Learning. Different data modalities of-
fer complementary features for representation, an area ex-
plored in multi-modal learning [24]. Recent transformer-
based methods [12, 18, 23] fuse multi-modal inputs di-
rectly as tokens rather than extracting separate modality-
specific features. Real-world applications, however, often
lack complete modality availability, presenting challenges
addressed by approaches that handle missing modalities
[5, 21, 29, 34]. The ImageBind [14] exemplifies large-scale
multi-modal unification, mapping diverse modalities into a
shared representation space. In ReID, [22] presents a uni-
fied model across RGB, infrared, sketch, and text modal-
ities, achieving strong cross-domain performance. Inter-
ReID [30] focuses on multi-modal ReID. Given an image
of a person captured in one modality, the objective is to
rank similar gallery images in the other modalities. Instruct-
ReID [16] further unifies ReID tasks by leveraging a multi-
modal backbone for text and image prompts, achieving
SOTA performance across various ReID settings. In con-
trast, we formalize new settings for a comprehensive and
realistic mixed-modal ReID evaluation as the general use
case for cross-modal person ReID. In particular, it allows
us to evaluate the challenge posed by a low modality gap,
where the primary difficulty lies in distinguishing individu-
als of the same modality but different identities.
(c) Critical Analysis. While significant focus has been
placed on cross-modal V-I person ReID and its associated
challenges, the mixed-modality query-gallery scenario re-
mains largely unaddressed. Despite achieving SOTA re-

sults in standard settings, existing VI-ReID methods do not
report their performance in mixed-modality settings. [25]
proposed a specific mixed-modal setting and proposes a
ReID approach that enhances the performance with this set-
ting by applying a re-ranking search on same-modality sam-
ples in the gallery. It does not explicitly extract modality-
specific information to improve either same- or cross-modal
matching. Furthermore, while some methods [32, 48] at-
tempt to disentangle modality-specific features to enhance
the modality-shared component in cross-modal contexts,
we show that directly using modality-specific information
does not improve inter-modal matching, where such in-
formation is unavailable and must instead be erased from
shared features. These modality-specific features are, how-
ever, beneficial for intra-modal matching within mixed-
modality settings. Our findings are further supported by
mutual information analysis and experimental results across
proposed mixed-modal scenarios.

3. The Proposed MixER Method
To address the limitation of ReID methods in mixed-modal
settings, we propose the MixER learning paradigm to
combine ID-discriminative modality-erased and modality-
related features. Fig.2 provides an overview of MixER
learning approach. It relies on a shared backbone with
three sub-modules to extract independent modality-related
and -erased features by applying the orthogonal decom-
position, modality-confusion, and modality-related losses.
Problem Definition. A multimodal dataset for VI-ReID
is composed of visible V = {x(j)

v , y
(j)
v }Nv

j=1 and infrared

I = {x(j)
i , y

(j)
i }Ni

j=1 sets of images from Cy distinct in-
dividuals, with their ID labels. Our proposed Mixed VI-
ReID system seeks to match images captured from V and
I cameras by using one deep backbone model that encodes
modality-invariant person embeddings, denoted by zv and
zi. Given query images (V or I), the objective is to retrieve
images with the same identity over the gallery set contain-
ing both V and I modalities, by computing and sorting the
distance value D(., .) for each gallery image:

D(z(j)m , z
(p)
m′ ) < D(z(j)m , z

(n)
m′′), (1)

where y
(j)
m = y

(p)
m′ ̸= y

(n)
m′′ , m,m′,m′′ are modalities that

could be v or i independently, and superscripts p and n in-
dicating indices of positive and negative samples, respec-
tively. To learn these features, we decompose them into two
independent components, each meeting specific constraints
suitable for inter-modal and intra-modal matching. This is
achieved by maximizing the mutual information (MI) be-
tween these features and the ID labels.

3.1. Mutual Information Analysis
To extract ID-discriminative features from images, the
model needs to maximize the MI between these extracted
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features1, Zm, and label spaces, Y :
max
Zm

MI(Zm;Y ), (2)

where Y represents the identity of the individuals in the in-
put images. To ensure that the learned features are effec-
tive in mix-modality scenarios, they are decomposed into
two independent components: (a) modality-erased (Ze

m),
which should not contain any modality information to be
proper for inter-modal matching (e.g., short-hair attributes
in Fig.1b), and (b) modality-related (Zr

m) component to
refine the modality-erased for improving the intra-modal
matching. This component should contain ID information
that is also relevant to the modality (e.g., text on a t-shirt in
Fig.1b). To have two independent components, the MI be-
tween them must be zero. Thus, the optimization becomes:

max
Ze

m,Zr
m

{MI(Ze
m, Zr

m;Y )} s.t. MI(Ze
m;Zr

m) = 0,

MI(Ze
m;M) = 0 and MI(Zr

m;Y |M) = 0,
(3)

where M is the modality label space. Constraint
MI(Ze

m;M)=0 ensures that modality information is erased
from Ze

m and MI(Zr
m;Y |M)=0 ensures that Zr

m does not
contain ID-aware information, which disregards the modal-
ity label. Also, Ze

m and Zr
m should be independent.

Theorem 1. If Ze
m and Zr

m are independent, then
MI(Ze

m, Zr
m;Y ) = MI(Ze

m;Y ) + MI(Zr
m;Y ).

Proof. Can be found in the supplementary materials.

By incorporating M into Eq. (3) and using Theorem 1:

MI(Ze
m, Zr

m;Y )=MI(Ze
m;Y ) + MI(Zr

m;Y )

=MI(Ze
m;Y |M) + MI(Ze

m;Y ;M)

+MI(Zr
m;Y |M) + MI(Zr

m;Y ;M).

(4)

Since the MI(.;.) is non-negative, MI(Ze
m;Y ;M)=0, and

MI(Zr
m;Y |M)=0, Eq. (3) can be formulated as the maxi-

mization of the following Lagrangian:

max
Ze

m,Zr
m

{

Modality-Erased Learning︷ ︸︸ ︷
MI(Ze

m;Y |M)−λ1MI(Ze
m;M)+

MI(Zr
m;Y ;M)︸ ︷︷ ︸

Modality-Related Learning

− λ2MI(Ze
m;Zr

m)︸ ︷︷ ︸
Orthogonal Feature Learning

}.
(5)

3.2. Modality Erased and Related Learning
(a) Orthogonal Feature Decomposition. To decompose
the extracted features into modality-erased and -related fea-
ture vectors, two modality-specific and one shared sub-
modules are proposed to project the zm to them as:

zem = Fs(zm), zrm = Fm(zm), (6)
1Uppercase is used as random variables and lowercase for samples.

Figure 2. The overall architecture of our proposed MixER
method. It extracts two independent ID-discriminative feature
vectors by orthogonal decomposition, modality-confusion, and
modality-aware losses for learning modality-erased and modality-
related feature representation.

where zm = Fb(xm) is extracted by a shared back-
bone. One reason behind using specific sub-modules for
modality-related features is to prevent them from sharing
information through model parameters.
Minimizing MI(Ze

m;Zr
m): When minimizing the MI be-

tween Zr
m and Ze

m, they must be independent to avoid af-
fecting each other through the learning. Since the MI esti-
mation is complex and time-consuming [4, 10], we estimate
the independence as minimizing the orthogonal loss:

Lo = E(zr
m,ze

m)∼(Zr
m,Ze

m)
zrm · zem

∥zrm∥2 ∥zem∥2
. (7)

(b) Learning Modality Erased Features. The goal of
modality-erased learning is extracting features, zrm, that
discriminate the ID without using modality information to
make them appropriate for cross-modal matching when the
modality-specific information is absent.
Maximizing MI(Ze

m;Y |M): given the MI attributes, we ex-
pand it as (The proof is in the suppl. materials):

MI(Ze
m;Y|M)=MI(Ze

m;Y)− MI(Ze
m;Y ;M)=MI(Ze

m;Y).
(8)

To maximize Eq. (8), the cross-entropy loss Lce must be
minimized as (see the property ?? in supply. materials):

Lmeid(Z
e
m, Y ) = E(ze

m,ym)∼(Ze
m,Y )Lce(z

e
m, ym). (9)

To obtain distinct features for each person, the center-
cluster loss(Lcc) [36] is also minimized. So, our modality-
erased identity loss is:

Lyme = Lmeid(Z
e
m, Y ) + Lcc(Z

e
m, Y ). (10)
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Minimizing MI(Ze
m;M): Modality-erased features should

not distinguish the origin modality of input samples. There-
fore, an adversarial modality classifier based on the Gra-
dient Reversed Layer (GRL)[13] is used to propagate the
reverse gradient onto model parameters. The modality-
confusion loss for this objective is:

Lm = E(ze
m,m)∼(Ze

m,M)Lce(G(WT zem),m), (11)

where G is the GRL and W ∈ Rd×2 is a linear layer.
(c) Learning Modality Related Features. To learn fea-
tures that leverage modality-related ID-discriminating in-
formation simultaneously, a new doubled label space is pro-
posed to account for identity alongside the modality by sep-
arating the same person in each modality:

y′m ∼ Y ′ =

{
2ym m = v
2ym + 1 m = i,

(12)

and minimizing the cross-entropy loss between zrm and y′:

Lmrid(Z
r
m, Y ′) = E(zr

m,y′
m)∼(Zr

m,Y ′)Lce(z
r
m, y′m). (13)

The modality-aware loss function for Zr
m is :

Lymr = Lmrid(Z
r
m, Y ′) + Lcc(Z

r
m, Y ′), (14)

where Lcc is the center-cluster loss [36].
(d) Mixed-Modal Matching Fusion. To balance modality-
erased and modality-related features for the matching pro-
cess at the inference time, we propose a mixed cross-modal
triplet loss to avoid having one component be dominant or
useless. The feature fusion loss is:

Lf=max{D(zf,(j)m ,zf,(p)m )−D(ze,(j)m , z
e,(n)
m̃ )+α, 0}

+max{D(ze,(j)m , z
e,(p)
m̃ )−D(zf,(j)m ,zf,(n)m )+α, 0},

(15)
where D(., .) is the distance between two embeddings, m̃ ̸=
m, n and p are positive and negative samples to the j in-
stance. zfm is formed by concatenating zem and zrm.
(e) Overall Training. We jointly optimize the network in
an end-to-end manner by using the overall loss:

L = Lyme + Lymr + λmLm + λoLo + λfLf, (16)

where λm, λo and λf are loss-weighting hyperparameters.
(f) Inference. During inference, MixER performs mixed-
modal matching using a single backbone with three small
projection heads rather than using three different back-
bones. For a given image xm, it extracts zrm, zem and then
zrf . Matching scores are computed using cosine similarity
between feature vectors. Fused features (zrf ), are used for
images within the same modality, while cross-modal match-
ing uses only modality-erased features (zem).

4. Results and Discussion

4.1. Experimental Methodology

(a) Datasets. Research on cross-modal V-I ReID has
mainly used the SYSU-MM01 [35], RegDB [28] datasets,
and LLCM [41] datasets. SYSU-MM01 is a large dataset
containing more than 22K V and 11K I images of 491 indi-
viduals captured with 4 RGB and 2 NIR cameras. RegDB
contains 4K co-located V-I images of 412 individuals. Ran-
domly divide the dataset into two sets of the same size for
training and testing. The LLCM dataset consists of a low-
light cross-modality dataset comprising 1K identities and is
divided into training and testing sets at a 2:1 ratio.
(b) Mixed-Modal Evaluations. Since mixed-modal eval-
uation has not been performed on V-I datasets, we intro-
duce multiple settings of such assessment based on real-
world scenarios where the query and gallery images can
be either I or V. Unlike cross-modality settings, where the
query and gallery sets strictly contain images of opposite
modalities, the mixed-modal setting may contain images
from both modalities in the query and gallery sets. We
structured the mixed-modality settings into 5 cases as illus-
trated in Fig.3, each one defined by the exclusion of images
from the gallery based on the query identity and camera: (1)
Mix: Images of all individuals and cameras are included in
the gallery, regardless of the query camera type. (2) Mix-
Camera: The gallery excludes images from the query’s
camera and identity. (3) Mix-Camera-ID: The gallery ex-
cludes images taken by the same camera as the query and
belonging to the query person. (4) Mix-ID: Excludes all im-
ages of the query person captured by cameras of the same
modality as the query. (5) Mix-P: Includes the images of
the same person ID, seen in the same modality in the query
and gallery sets [25]. We argue that this is a relatively easy
and less realistic setting compared to the first 4 in the list,
which diminishes its relevance as a research objective.

Since ReID methods have not been evaluated in these
settings, we retrained several open-sourced state-of-the-
art (SOTA) VI-ReID methods to assess their performance
across these configurations. Rank-1 (R1) accuracy and
mean average precision (mAP) were measured for each set-
ting in line with the dataset evaluation criteria. Note that
for the RegDB and LLCM datasets, there is only one cam-
era per modality. Therefore, the ”Mix-Camera” and ”Mix-
Camera-Identity” settings are not applicable.
(c) Implementation Details. To extract modality-erased
features, the SAAI model[9] was used without prototype
learning as a baseline with ResNet50 [15] as the backbone.
For modality-related learning modules, layer4 is cloned
from the backbone for each modality. Each image input is
resized to 288 by 144, then cropped and erased randomly,
and filled with zero padding or mean pixels. We used an
ADAM optimizer [19] with a linear warm-up strategy for
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Figure 3. Different settings for forming a gallery based on modality, camera, and query identity. The gallery set images are: (a) all images
from both modalities; (b) and all images except ones captured with the same camera; (c) same camera and same identity; (d) same identity
in the same modality as the query; (e) is mixed settings introduced in [25] and (f) all images from another modality.

the optimization process. Each training batch contains 8 V
and 8 I images from 10 randomly selected identities. The
model was trained for 180 epochs, following [9], the initial
learning rate is set to 0.0004 and decreased by factors of 0.1
and 0.01 at 80 and 120 epochs, respectively.
(d) Benchmark methods. To assess effectiveness across
different settings, we benchmarked MixER against sev-
eral open-source SOTA VI-ReID methods—DDAG [39],
MPANet [36], DEEN [41], SGEIL [10], SAAI [9], and
IDKL [32]. Each method was retrained from scratch us-
ing the authors’ provided parameters, with implementation
details available in the supplementary materials.

4.2. Comparison with State-of-the-Art Methods
(a) Mixed-Modal Results. Tables 1, 2a, and 2b show the
performance of SOTA alongside our MixER across various
mixed-modal settings with an I query (V query results are
in suppl. materials) on SYSU-MM01(single-shot), RegDB,
and LLCM, respectively. MixER(E) and MixER(R) use
only zem and zrm features, respectively, while MixER in a
cross-modal setting uses zem and zfm for the mixed-modal
cases. These cross-dataset results highlight the effective-
ness of our approach across different VI-ReID methods.
In these mixed settings, the difficulty level increases from
setting 1 to 4 due to the progressive reduction in positive
samples within the same modality as the query, challeng-
ing each method’s robustness in mixed scenarios. Notably,
this analysis also enables us to examine each method’s
strengths and weaknesses in novel contexts; for instance,

SGEIL [10] performs best in the “MIX” but exhibits a sig-
nificant performance drop in the “Mix-ID” on the SYSU-
MM01 dataset compared to other methods. In contrast to
Mix-P [25], where the R1 lacks discriminative power for
comparing different VI-ReID approaches due to their uni-
formly high performance, our experimental settings offer
a more comprehensive and realistic framework for evalu-
ating VI-ReID methods. Since the source code of [25] is
unavailable, we could not directly evaluate it under our set-
tings. The proposed MixER consistently outperforms exist-
ing methods across nearly all mixed settings, highlighting
its capacity to bridge the gap between V and I images by
learning modality-erased features while enhancing same-
modality matching through modality-related information.
Importantly, modality-related features (MixER(R)) perform
less effectively in Mix-ID and Cross-modal settings, where
the same person’s modality does not appear in the gallery.
However, they refine intra-modal matches by adjusting sim-
ilarity scores, supporting the exclusion of modality-specific
information for robust inter-modal alignment.

To further evaluate the adaptability of our learning
paradigm, we applied it to several SOTA VI-ReID meth-
ods as a baseline on the SYSU dataset. We tested it in
two variations: (a) stopping gradient backpropagation of
our proposed modality-related and erased learning losses
and (b) enabling end-to-end training with combined gradi-
ents from the existing and our proposed losses to strengthen
cross-modal matching by filtering out modality-related fea-
tures from the backbone. Results in Table 3 indicate

Method Venue
Mixed-Modal Cross-Modal Uni-Modal

Mix Mix-Cam Mix-Cam-ID Mix-ID Mix-P[25] All Indoor I→I V→V
R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

DDAG[39] ECCV20 91.91 57.60 80.81 53.54 70.41 45.14 23.92 29.09 98.41 45.87 53.29 50.61 61.02 67.98 80.15 86.80 97.89 91.90
MPANet [36] CVPR21 95.46 72.82 89.45 70.34 81.95 63.81 49.06 51.08 99.16 72.87 70.58 68.24 76.54 80.95 88.53 92.85 98.31 94.08
DEEN[41] + Flip CVPR23 - - - - - - - - - - 74.7 71.8 80.3 83.3 - - - -
DEEN[41] CVPR23 94.07 74.06 87.50 72.09 79.50 65.66 56.77 55.30 98.51 74.06 72.55 68.59 84.21 82.14 86.14 90.98 96.83 89.93
SGEIL[10] CVPR23 94.82 71.03 89.22 70.16 79.33 61.34 46.60 48.37 99.76 70.13 73.34 67.44 84.09 81.65 86.52 91.36 97.29 90.24
SAAI[9] +AIM ICCV23 - - - - - - - - - - 75.90 77.03 83.20 88.01 - - - -
SAAI[9] ICCV23 96.01 74.59 90.63 72.51 84.30 65.94 52.49 53.30 99.17 72.55 73.87 69.71 84.19 82.59 89.29 93.06 98.24 93.46
IDKL[32] CVPR24 95.27 72.81 90.15 71.87 80.73 63.54 47.34 50.86 99.53 72.79 72.05 69.67 84.54 83.76 89.55 93.18 98.55 95.13
CIDHL [25] - - - - - - - - - 90.81 53.24 - - - - - - - -
MixER(R)

Ours

96.22 38.94 88.32 25.37 82.58 23.65 0.87 0.99 99.99 38.94 1.19 3.61 1.94 5.2 90.02 93.93 98.63 94.81
MixER(E) 96.46 75.21 90.24 72.89 84.55 66.02 52.89 54.86 98.24 76.22 75.04 71.22 85.82 84.06 90.18 93.65 97.95 93.38
MixER 96.63 79.64 91.77 76.35 87.56 72.70 65.14 62.76 98.89 80.39 75.04 71.22 85.82 84.06 93.06 95.82 99.14 95.30
MixER +AIM - - - - - - - - - - 76.12 75.45 85.30 85.54 - - - -

Table 1. Performance of SOTA VI-ReID techniques in mixed, cross, and uni-modal settings on the SYSU-MM01 dataset. AIM (Affinity
Inference) is a re-ranking process originally applied in the SAAI [9] GitHub projects. Notably, the Mix-P setting [25] yields highly accurate
results, suggesting its lower difficulty and limited relevance as a realistic evaluation.
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Method
Mixed-Modal Cross-Modal

Mix Mix-ID I→V V→I
R1 mAP R1 mAP R1 mAP R1 mAP

DDAG [39] 99.9 76.17 45.29 45.54 69.34 63.46 68.06 61.80
MPANet [36] 100 76.46 42.18 44.66 84.27 80.20 83.20 79.82
DEEN [41] 99.95 83.06 66.21 59.61 90.29 83.98 91.21 85.13
SAAI [9] 100 82.29 58.01 55.41 86.21 80.0 86.60 81.51
IDKL [32] 100 83.83 61.46 60.54 87.23 83.20 87.91 85.07
SAAI +AIM - - - - 92.09 92.01 91.07 91.45
IDKL + KR - - - - 94.22 90.43 94.72 90.19
MixER 99.9 89.44 79.95 73.45 90.49 85.63 90.53 86.42
MixER + AIM - - - - 90.78 90.18 90.35 90.02
MixER + KR - - - - 97.09 93.01 96.55 93.55

(a) RegDB dataset.

Method
Mixed-Modal Cross-Modal

Mix Mix-ID I→V V→I
R1 mAP R1 mAP R1 mAP R1 mAP

DDAG [39] 69.34 63.46 68.06 61.80 40.14 26.88 45.17 29.94
MPANet [36] 96.76 53.73 38.79 29.03 46.48 30.96 52.15 37.00
DEEN [41] 97.63 64.69 49.11 38.38 69.49 54.75 73.95 58.75
SAAI [9] 96.61 60.05 40.86 31.27 59.37 45.65 64.37 48.60
IDKL [32] 97.73 62.46 38.88 33.85 62.53 49.33 70.36 55.04
IDKL + KR - - - - 70.72 65.19 72.22 66.43
MixER 97.80 64.45 57.1 45.71 65.76 51.08 70.79 56.61
MixER+ AIM - - - - 66.11 62.89 74.10 68.20
MixER + KR - - - - 73.72 65.36 76.14 65.46

(b) LLCM dataset.
Table 2. Performance of SOTA VI-ReID techniques in mixed, cross, and uni-modal settings on the (a) RegDB and (b) LLCM datasets.

that modality-related learning significantly boosts perfor-
mance in mixed-modal settings. In contrast, end-to-end
modality-erased learning enhances both mixed and cross-
modal matching. For example, our modality-related learn-
ing improves the mAP of SAAI[9] and IDKL [32] in ”Mix-
ID” settings by more than 6% and 4%, respectively.

(b) Cross-Modal Results. To show that erasing modality-
specific information from features makes them more proper
for cross-modal matching, we measure the performance of
MixER and compare it with SOTA VI-ReID in Tables 1,
2a, and 2b. Our experiments show that MixER outperforms
these methods in various situations. Modality-specific sub-
modules are not triggered during inference in cross-modal
matching. For example, compared to the second-best ap-
proach for the ”All Search” scenario, MixER outperforms
by a margin of 2.3% R1 and 3.3% mAP without adding
complexity to the model. For the ”I→V” mode on RegDB,
MixER achieves 91.4% R1 accuracy and 85.5% mAP. For
the ”V→I” mode, our method also obtains 90.4% R1 accu-
racy and 86.8% mAP. The results validate the effectiveness
of our proposed MixER and show that it can effectively re-

duce the discrepancy between the V and I modalities.
In addition, our modality-erased feature learning has the

advantage that it can be used in different VI-ReID models
to improve their performance in cross-modal settings with-
out incurring overhead during testing. To show this adapt-
ability, in Table 3, in the first column, end-to-end train-
ing improves the performance of all methods in the SYSU-
MM01 dataset. For example, MixER increases the mAP of
SGEIL[10] and SAAI[9] by 1.75% and 1.37%.
(c) Uni-Modal Results. To illustrate the effectiveness
of learning modality-related alongside modality-erased in
MixER for uni-modal matching, our trained model was
tested on the SYSU-MM01 dataset in V→V and I→I set-
tings, as well as on an unseen V dataset. Table 1 (col-
umn ”Uni-Modal”) presents these results for SYSU-MM01,
demonstrating that our MixER approach outperforms other
methods since it uses the complementary information of
discriminative modality-related and modality-erased fea-
tures. Table 4 reports the performance of various meth-
ods, while each column indicates the V-I training dataset,
and each row shows the model’s performance on the Mar-

Method Cross-modal Mix Mix-Cam Mix-Cam-ID Mix-ID
R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

DDAG[39] 53.29 50.61 91.91 57.60 80.81 53.54 70.41 45.14 23.92 29.09
DDAG(f)+MixER 53.21 50.86 92.04 60.29 81.27 55.07 72.05 48.68 35.71 34.81
DDAG+MixER 54.61 51.27 92.52 62.52 81.74 57.16 72.96 51.93 38.79 38.79
MPANet[36] 69.34 66.42 95.46 72.82 89.45 70.34 81.95 63.81 49.06 51.08
MPANet(f)+MixER 69.66 66.51 95.02 77.01 90.43 72.63 83.98 69.80 63.96 60.75
MPANet+MixER 72.18 68.18 95.80 78.67 91.34 74.98 83.95 70.55 66.00 61.16
DEEN[41] 72.55 68.59 94.07 74.06 87.50 72.09 79.50 65.66 56.77 55.30
DEEN(f)+MixER 72.63 68.49 94.55 78.91 88.38 75.27 82.77 70.9 65.8 60.05
DEEN+MixER 74.19 69.00 95.00 79.00 89.00 76.00 83.00 71.00 66.00 61.00
SGEIL[10] 73.34 67.44 94.82 71.03 89.22 70.16 79.33 61.34 46.60 48.37
SGEIL(f)+MixER 72.17 67.81 94.90 76.45 90.14 73.43 82.63 68.86 64.14 60.15
SGEIL+MixER 74.08 69.19 95.33 78.01 91.16 74.29 83.97 69.40 65.37 61.50
SAAI[9] 72.19 69.71 96.01 74.59 90.63 72.51 84.30 65.94 52.49 53.30
SAAI(f)+MixER 73.64 69.51 96.21 79.12 91.7 75.03 87.0 71.22 63.72 60.91
SAAI+MixER 75.37 71.92 97.27 80.47 92.66 76.81 88.51 73.24 66.23 62.45
IDKL[32] 72.05 69.67 95.27 72.81 90.15 71.87 80.73 63.54 47.34 50.86
IDKL(f)+MixER 72.65 70.2 95.58 74.24 90.51 71.78 83.77 65.41 52.63 55.57
IDKL+MixER 73.44 71.02 96.10 76.67 91.38 74.27 85.61 68.44 58.37 57.91

Table 3. Accuracy of the proposed MixER and SOTA methods as baseline on
SYSU-MM01 (single-shot setting) as I query. ”(f)” indicates that MixER losses
were not back-propagated through baseline models.

Source: SYSU-MM01 RegDB LLCM

Target: Market1501(V→V)
R1 mAP R1 mAP R1 mAP

DDAG[39] 82.39 55.57 11.99 3.32 53.40 20.18
MPANet[36] 78.97 51.61 18.17 4.79 56.91 22.79
DEEN [41] 66.50 33.81 6.85 1.7 58.81 23.72
SGEIL [10] 79.18 48.72 - - - -
SAAI [9] 84.32 57.62 14.54 3.44 55.68 22.77
IDKL[32] 76.66 49.59 12.84 2.79 54.61 21.95
MixER(E) 82.90 56.56 14.31 3.97 54.45 22.52
MixER(R) 83.46 56.85 16.29 4.08 59.56 25.93
MixER(E+R) 87.93 62.41 17.7 5.02 61.37 27.88
Upper-bound 95.1 87.8 95.1 87.8 95.1 87.8

Table 4. Performance of V-I ReID methods on Cross-
Dataset RGB Market1501 dataset. Columns indicate
the training dataset, and rows show model performance
on Market1501.
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(a) Baseline (Cross) (b) MixER (Cross) (c) Baseline (Mix) (d) MixER (Mix) (e) Baseline (Mix-Cam) (f) MixER (Mix-Cam)
Figure 4. The intra-class (green) and inter-class (pink) distances distribution of features in different gallery settings. SAAI is the baseline.

ket1501 [43] dataset. Our MixER approach achieves the
highest R1 and mAP scores, with values of 87.9% and
62.4%, respectively. When using only modality-related fea-
tures (activating only the V branch) or only modality-erased
features, the mAP scores are 56.8% and 56.5%, respec-
tively. However, the integration of both feature types in-
creases the mAP and R1 scores by more than 3%, indicating
better generalization and complementary representations.

4.3. Ablation Studies
Losses. Table 5 shows the impact of each loss component
on performance. Using only the Ly as a baseline achieves
results of 69.7% R1 and 66.3% mAP in cross-modal match-
ing. Adding Lymr improves Mix-Cam-ID R1 to 83.6%, in-
dicating Lymr’s benefit for intra-modality matching consis-
tency, though cross-modal performance slightly decreases.
Incorporating only Lo improves both cross- and mixed-
modal performance, whereas Lm provides a more signifi-
cant enhancement in Cross-Modal metrics. The combined
effect of Ly, Lyme, Lo, and Lm achieves 73.4% R1 in cross-
modal, showing these losses’ synergy. Finally, adding Lf
achieves optimal results across all metrics, highlighting its
important role in refining features for mixed-modal settings.

Settings Cross-Modal Mix-Cam-ID
Lyme Lymr Lo Lm Lf R1 mAP R1 mAP

✓ 69.74 66.38 80.57 62.51
✓ ✓ 69.28 66.09 83.61 64.57
✓ ✓ 70.25 67.11 81.07 62.99
✓ ✓ 71.72 67.60 78.55 60.38
✓ ✓ ✓ 72.30 68.05 82.3 63.76
✓ ✓ ✓ ✓ 73.40 70.87 84.64 65.83
✓ ✓ ✓ ✓ ✓ 73.43 70.92 87.56 72.70

Table 5. Impact of losses on MixER performance.

Figure 5. Rank-6 retrieval for baseline (top) and MixER (bottom)
on SYSU in Mix-Cam-ID (left) and Mix-ID (right) settings.

4.4. Qualitative Analysis
Feature distribution. To examine the effectiveness of our
method in cross-modal and mixed-modal matching, we vi-
sualize inter-class and intra-class distance distributions on
the SYSU dataset, as shown in Fig.4(a-f). Compared to
the baseline, MixER reduces both the mean and variance of
intra-class distances across all settings, decreasing the area
of overlap (σ2 <σ1, σ4 <σ3, and σ6 <σ5) showing that it
more effectively reduces intra-class distances, thereby de-
creasing modality discrepancy in modality-erased features
and enhancing identity discrimination in modality-related
features. Also, UMAP visualizations (see Appendix) show
that MixER better separates identities and reduces modality
discrepancy within the mixed-modal gallery.
Retrieval results. To show the effectiveness of MixER,
we present retrieval results on the SYSU-MM01 dataset
in Fig. 5. Green boxes indicate correct matches, while
red boxes represent incorrect ones. Overall, combining
modality-erased and -related features at the bottom signifi-
cantly improves the results, with more correct matches ap-
pearing in higher ranked positions compared to the base-
line. Modality-erased learning aims to find the closest
matches based solely on shared attributes between V and
I images. However, it may mistakenly select incorrect im-
ages. Modality-related features refine this by penalizing
incorrect matches based on attributes specific to the query
modality. For example, in the top second row, the model
retrieves images of a person in a T-shirt and shorts. In the
bottom row, it produces better matches by using modality-
erased and modality-related features.

5. Conclusion
In this paper, we propose Mix-Modal ReID, a new eval-
uation setting that better reflects real-world person re-
identification challenges in mixed visible-infrared galleries.
To enhance robustness across modalities, we introduce a
modality-erased and modality-related feature learning ap-
proach. Experiments on SYSU-MM01, RegDB, and LLCM
show that our method can outperform state-of-the-art VI-
ReID approaches in both mixed- and cross-modal settings,
revealing the limitations of existing methods. Our approach
provides a strong foundation for more effective and adapt-
able VI-ReID systems in real-world applications.
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