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Abstract

Real-world object re-identification (ReID) systems often face modality inconsis-
tencies, where query and gallery images come from different sensors (e.g., RGB,
NIR, TIR). However, most existing methods assume modality-matched conditions,
which limits their robustness and scalability in practical applications. To address
this challenge, we propose MDReID, a flexible any-to-any image-level ReID frame-
work designed to operate under both modality-matched and modality-mismatched
scenarios. MDReID builds on the insight that modality information can be de-
composed into two components: modality-shared features that are predictable
and transferable, and modality-specific features that capture unique, modality-
dependent characteristics. To effectively leverage this, MDReID introduces two
key components: the Modality Decoupling Learning (MDL) and Modality-aware
Metric Learning (MML). Specifically, MDL explicitly decomposes modality fea-
tures into modality-shared and modality-specific representations, enabling effective
retrieval in both modality-aligned and mismatched scenarios. MML, a tailored met-
ric learning strategy, further enforces orthogonality and complementarity between
the two components to enhance discriminative power across modalities. Extensive
experiments conducted on three challenging multi-modality ReID benchmarks
(RGBNT201, RGBNT100, MSVR310) consistently demonstrate the superiority
of MDReID. Notably, MDReID achieves significant mAP improvements of 9.8%,
3.0%, and 11.5% in general modality-matched scenarios, and average gains of
3.4%, 11.8%, and 10.9% in modality-mismatched scenarios, respectively. The
code is available at: https://github.com/stone96123/MDReID.

1 Introduction

Object Re-Identification (ReID) focuses on identifying and retrieving specific objects across non-
overlapping camera views. Conventional object re-identification (ReID) methods [1, 2, 3, 4, 5, 6, 7]
primarily rely on RGB images. However, RGB-based approaches often face significant limitations
under challenging environmental conditions, such as poor illumination, shadows, and low image
resolution. These adverse conditions frequently lead to the extraction of misleading features, thereby
diminishing discriminative capability. To overcome these limitations, multi-modal ReID [8, 9, 10,
11, 12, 13], which integrates complementary information from multiple spectrums, has emerged as a
promising approach. By leveraging the inherent strengths and complementary features of different
modalities, multi-modal ReID significantly enhances feature representations, enabling more robust
and accurate identification in complex real-world scenarios.
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Figure 1: Illustration of the motivation of MDReID. (a) Though the availability of spectral
modalities (e.g., RGB, NIR, TIR) varies across queries and galleries, recent methods only focus on
the modality-matched scenarios, which limits their practical applicability. (b) MDReID overcomes
the rigidity of modality constraints by disentangling modality-shared and modality-specific features,
enabling effective matching between queries and galleries from arbitrary modalities.

The introduction of multi-modal data has significantly enhanced the performance of ReID in chal-
lenging scenarios, thereby stimulating extensive research efforts in this field [8, 9, 10, 11, 12].
EDITOR [11] selects diverse tokens from Vision Transformer (ViT) to mitigate the impact of irrele-
vant backgrounds and narrow the gap between modalities, achieving strong detection performance.
TOP-ReID [12] incorporates a cyclic token permutation module to aggregate multi-spectral fea-
tures and a complementary reconstruction module to minimize the distribution gap across different
image spectra. These innovations enable TOP-ReID to achieve robust performance under both
modality-complete and modality-missing scenarios. Although these methods effectively leverage the
characteristics of multi-modal data, they are developed based on a fundamental assumption that all
modalities within the dataset are strictly aligned (as illustrated in Figure 1 (a) Modality-matched).
Ideally, every camera would simultaneously provide RGB, NIR, and TIR modalities. However,
due to practical constraints such as device differences and deployment diversity, achieving fully
matched retrieval conditions is challenging in real-world scenarios. Therefore, it is crucial to de-
velop a flexible image-level any-to-any ReID framework capable of effectively operating under both
modality-matched and modality-mismatched scenarios (as illustrated in Figure 1 (a)).

To address this limitation, we propose MDReID, a flexible any-to-any ReID framework designed to
support retrieval tasks involving arbitrary combinations of query and gallery modalities. The core
challenge of this problem lies in learning effective representations that remain robust under both
modality-matched and modality-mismatched conditions. A straightforward solution, as adopted
by TOP-ReID [12], attempts to predict the missing modality representation from the available one,
thereby enabling modality-aligned retrieval. However, as highlighted by RLE [14], predicting cross-
spectrum features solely from visual inputs constitutes an ill-posed problem. The modality-specific
characteristics that are inherently unpredictable often lead to suboptimal learning. To this end,
MDReID introduces a Modality-Decoupled Learning (MDL), which introduces a modality-shared
and modality-specific token into the ViT architecture, leveraging multi-layer attention within the
transformer to extract shared and specific features from multi-modal inputs. MDL explicitly disentan-
gles the modality representations into two complementary components: a modality-shared component
that captures the predictable cross-modal representation and a modality-specific component that
preserves the unpredictable modality characteristics. This decoupling enables the model to better
generalize across diverse modality combinations while maintaining the modality-specific cues.

Furthermore, to enhance the disentanglement between the two components, we propose a Modality-
aware Metric Learning (MML) strategy. MML comprises two complementary objectives: a repre-
sentation orthogonality loss (ROL) and a knowledge discrepancy loss (KDL). ROL is applied at the
channel level to both promote the aggregation of modality-shared features across modalities and
enforce orthogonality between shared and specific components, ensuring they capture distinct and
non-overlapping information. KDL, on the other hand, encourages representational complementarity
between shared and specific components by ensuring that the combined representation is more
discriminative than either component alone.

To sum up, the main contributions of this paper are as follows:
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• We propose MDReID, a flexible any-to-any object re-identification framework that supports
retrieval across arbitrary query-gallery modality combinations, addressing the practical
limitations of strictly aligned multi-modal datasets.

• We introduce a Modality-Decoupled Learning (MDL) strategy, coupled with a Modality-
aware Metric Learning (MML) strategy. MDL explicitly disentangles modality-shared
and modality-specific representations, while MML further strengthens this disentangle-
ment by introducing a representation orthogonality loss and a knowledge discrepancy loss,
encouraging the two components to encode distinct and complementary information.

• Extensive experiments on multi-spectral object ReID datasets (RGBNT201, RGBNT100,
MSVR310) demonstrate the superior adaptability and performance of the MDReID across
diverse scenarios. MDReID achieves significant mAP improvements of 9.8%, 3.0%, and
11.5% in general modality-matched scenarios, and average gains of 3.4%, 11.8%, and 10.9%
in modality-mismatched scenarios, respectively.

2 Related Work

Compared to the general RGB-to-RGB object re-identification [15, 16, 17, 18, 19, 20, 21], multi-
modal object re-identification (ReID) has demonstrated significant practical value, achieving
widespread applications in cross-scenario systems [22, 23] (e.g., security surveillance, intelligent
transportation, etc.). Current methods [24, 9, 25] primarily enhance re-identification accuracy by
effectively leveraging the complementarity and integration of multi-modal features. For example,
Zheng et al. [26] proposed the cross-directional consistency network (CCNet), which overcomes
discrepancies in both modality and sample aspects, thereby achieving more effective multi-modal
data collaboration. To address the modal-missing problem, Zheng et al. [27] proposed the DENet
model, which incorporates a feature transformation module to recover information from missing
modalities and a dynamic enhancement module to improve multi-modality representation. Li et
al. [8] proposed HAMNet, which automatically fuses different spectral features using a specially
designed heterogeneous score coherence loss. He et al. [28] proposed the GPFNet model, which
utilizes graph learning to fuse multi-modal features.

Notably, models based on Vision Transformer (ViT) [29, 30, 10, 31, 32, 33] for object re-identification
have achieved excellent results in recent years and gained widespread attention. Pan et al. [34]
proposed the H-ViT model, which alleviates challenges caused by heterogeneous multi-modalities and
reduces feature deviations arising from modal variations. Additionally, they introduced a progressively
hybrid transformer (PHT [35]) that effectively fuses multi-modal complementary information through
random hybrid augmentation and a feature hybrid mechanism. Crawford et al. [36] addressed the
issue of modality laziness in multi-modal fusion by proposing the UniCat model based on a ViT
architecture. By selecting diverse tokens from ViT to mitigate the impact of irrelevant backgrounds
and narrow the gap between modalities, Zhang et al. [11] developed the EDITOR model. Wang et al.
[12] designed the Top-ReID model, which achieves state-of-the-art accuracy by incorporating a cyclic
token permutation module to aggregate multi-spectral features and a complementary reconstruction
module to minimize the distribution gap across different image spectra.

Despite advancements in multi-modal object ReID, existing methods rely on modality-aligned
conditions, limiting their adaptability to real-world scenarios. To address this, we introduce MDReID,
which disentangles modality-shared and modality-specific features for effective retrieval across
both matched and mismatched conditions. It incorporates Modality-Decoupled Learning (MDL) to
refine feature separation and Modality-aware Metric Learning (MML) to enhance discrimination
through orthogonality and knowledge discrepancy losses. As a result, MDReID enables robust object
re-identification across diverse modality configurations.

3 Methodology

3.1 MDReID: Any-to-any Object ReID

In ideal multispectral person re-identification (ReID) settings, complete RGB, NIR, and TIR modal-
ities are available for both query and gallery (RNT-to-RNT). However, real-world deployments
often suffer from different modalities due to heterogeneous sensor availability and deployment
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Figure 2: Overall framework of MDReID. MDReID is designed to support retrieval across arbitrary
modality combinations. It disentangles features into shared and specific components to boost
performance in both matched and mismatched scenarios. Additionally, by leveraging representation
orthogonality loss (ROL) and knowledge discrepancy loss (KDL), MDReID refines feature separation
and enhances retrieval robustness.

constraints. To address this fundamental challenge, we propose MDReID, a flexible, any-to-any
ReID framework that supports arbitrary combinations of input and output modalities. As illustrated
in Fig. 2, MDReID adopts a Vision Transformer (ViT) backbone and integrates two core compo-
nents: Modality-Decoupled Learning (MDL) and Modality-Aware Metric Learning (MML). MDL
explicitly disentangles each modality’s representation into modality-shared features (crucial for
cross-modality retrieval) and modality-specific features (essential for preserving discriminative cues
in matched scenarios). MML further enhances this decoupling by enforcing metric-level consistency
across modalities. This design enables robust and flexible object re-identification in diverse and
modality-incomplete environments, significantly advancing the applicability of ReID in practical
settings.

3.2 Modality Decoupled Learning

Generally, with a ViT as the backbone, we process input images from different modalities (M ∈
{R,N, T}, corresponding to RGB, NIR, and TIR). Standard ViT procedure involves segmenting the
image into non-overlapping patches, which are then linearly projected into patch embeddings as:

IM = {[IMcls ], I
M
1 , IM2 , . . . , IMn }, where M ∈ {R,N, T}. (1)

To explicitly model and decouple modality characteristics crucial for cross-modal ReID, we deviate
from the standard use of a single [CLS] token. Instead, we prepend two distinct learnable tokens to
the patch embedding sequence for each modality: a modality-specific token and a modality-shared
token. This augmented sequence is then processed by the ViT encoder to get:

IMe = {[IMsp , IMsh ], IM1 , IM2 , . . . , IMn }, where M ∈ {R,N, T}. (2)

where IMsp denotes the modality-specific features, IMsh denotes the modality-shared features, and IMe
represents the encoded features.

Leveraging these decoupled features from different modalities (IRsp,INsp,ITsp,IRsh,INsh,ITsh), we construct
a unified representation for each sample using a fixed-dimensional structure and an associated
availability mask. This allows consistent handling across different modality presence scenarios.
Specifically, we define a potential full feature vector, vfull, by concatenating all possible specific and
shared components, assuming all three modalities (RGB, NIR, TIR) are present:

vfull =
[
IRsp , I

N
sp , I

T
sp , I

R
sh , I

N
sh , I

T
sh

]
. (3)
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Correspondingly, a binary availability mask, maskfull, indicates the presence of each component:
maskfull = [1, 1, 1, 1, 1, 1], (4)

where ‘1’ signifies that the feature component at that position is present and valid, and ‘0’ (as
introduced below) signifies absence or invalidity.

The actual feature vector v and mask mask used for any given input sample are derived from this full
structure based on the modalities available for that specific sample. If a modality M ∈ {R,N, T}
is missing for a sample, the corresponding modality-specific feature IMsp and the modality-shared
feature IMsh in the vector v are replaced with a zero vector 0. Also, the entries in the mask mask
corresponding to these zeroed-out features (IMsp and IMsh ) are set to 0.

For example, if the TIR modality (T) is missing for a sample, its feature vector v and mask mask
would be:

v =
[
IRsp , I

N
sp ,0, I

R
sh , I

N
sh ,0

]
,mask = [1, 1, 0, 1, 1, 0]. (5)

This structured representation (v and mask) is used consistently across all scenarios, including
both modality-matched and modality-mismatched retrieval. In modality-matched scenarios (e.g.,
RN-to-RN), both the query and gallery samples will have the same modalities present (or absent),
resulting in identical structures for their masks (e.g., [1, 1, 0, 1, 1, 0] for both if T is missing). In
modality-mismatched scenarios (e.g., R-to-N), the query and gallery samples will inherently have
different available modalities. Their respective v and mask representations are generated according
to the rules above based on their own available data. For instance, the RGB query sample would have
vq = [IRsp ,0,0, I

R
sh ,0,0] and maskq = [1, 0, 0, 1, 0, 0]. And the NIR gallery sample would have

vg = [0, INsp ,0,0, I
N
sh ,0] and maskg = [0, 1, 0, 0, 1, 0].

The subsequent retrieval process utilizes both the feature vectors (vq, vg) and their corresponding
availability masks (maskq , maskg) to compute a similarity score that respects the decoupled nature
of the features and handles missing modalities robustly. We define the total similarity, Sim(vq, vg),
as the combine of two components, i.e., the modality-specific similarity Simsp and the modality-
shared similarity Simsh. The modality-specific similarity compares modality-specific features
between identical modalities only. The similarity is calculated as the sum of dot products between
corresponding specific features, masked for joint availability:

Simsp =
1

sum(masksp,q) ∗ sum(masksp,g)

∑
M∈{R,N,T}

(
(IMsp,q)

T (IMsp,g)
)
·maskMsp,q ·maskMsp,g.

(6)
The modality-shared similarity computes the similarity between all pairs of available shared features
across modalities. Define Vsh,q be a matrix with shared features IRsh,q, INsh,q, ITsh,q (or zero vectors
if unavailable) as columns, and similarly for Vsh,g, masksh,q and masksh,g. We first compute the
matrix of all pairwise shared feature similarities:

Ssh = V T
sh,qVsh,g. (7)

This results in a 3× 3 matrix where (Ssh)ij is the dot product (Iish,q)
T (Ijsh,g) for i, j ∈ {R,N, T}.

To account for missing modalities, we define a pairwise availability mask matrix with the outer
product of the shared masks:

Msh_pair = maskTsh,q ·masksh,g, (8)

where (Msh_pair)ij is 1 if and only if both the i-th shared feature of the query and the j-th shared
feature of the gallery are present. The total shared similarity is the sum of all valid pairwise similarities,
obtained by Hadamard product of Ssh and Msh_pair:

Simsh =
1

sum(Msh_pair)

∑
i,j

(Ssh ⊙Msh_pair)ij. (9)

Finally, the total similarity score is:
Simtotal(vq, vg) = (Simsp + Simsh)/2. (10)

This approach, based on a fixed-size zero-padded feature vector and an explicit availability mask,
provides a flexible and robust mechanism for handling arbitrary combinations of modality presence
and absence, effectively adapting to all modality-matched and mismatched object ReID scenarios
addressed by our method.
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3.3 Modality-aware Metric Learning

After MDL, the features are separated into modality-specific and modality-shared components.
To achieve more complete and thorough feature decoupling, we propose a modality-aware metric
learning approach. Note that, during the training phase, we assume all the modalities for the
samples are available. The core objective of this metric learning is twofold: 1) Enhance Shared
Feature Consistency: Promote high similarity between modality-shared features irrespective of their
originating modality, which is crucial to bridge the modality gap in mismatched retrieval scenarios.
2) Reinforce Specific Feature Purity: Ensure modality-specific features are distinct from each other
and also orthogonal to all modality-shared features. This preserves unique modality characteristics
and prevents leakage between specific and shared representations.

To achieve these goals simultaneously, we define a representation orthogonality loss, LROL , that
minimizes the discrepancy between the computed pairwise similarities of the decoupled features and
a predefined target similarity structure. Within our framework, we operate on the feature vector v and
its availability mask mask generated for each sample, as defined previously. We compute the 6× 6
pairwise similarity matrix V sim based on the L2-normalized vector v:

Vsim(i, j) = vTi vj , for i, j ∈ {1, . . . , 6}. (11)
We then define the ideal target similarity matrix as:

A =


1 0 0
0 1 0
0 0 1

0 0 0
0 0 0
0 0 0

0 0 0
0 0 0
0 0 0

1 1 1
1 1 1
1 1 1

 . (12)

Finally, the loss LROL is then formulated as the sum of squared errors between the computed
similarities Vsim and the target similarities A, masked by Mpair:

LROL =

6∑
i=1

6∑
j=1

(
(Vsim(i, j)−A(i, j))2

)
. (13)

Additionally, the concept of triplet loss is incorporated to further enhance the model’s feature
decoupling capability. In other words, the goal of feature decoupling is to achieve a synergistic
effect and prevent information from collapsing into modality-specific representations. To this end, as
shown in Fig. 2, we introduce a knowledge discrepancy loss (KDL) to enforce the complementarity
between shared and modality-specific features, ensuring that their combination yields better retrieval
performance than using either alone. Specifically, within a batch of samples, given an anchor a, the
positive samples Pa denotes the samples with the same label as a while the negative samples Na

denotes the opposite samples. The distances using specific feature from the anchor a to the batch of
positive or negative samples are computed as follows:

dS (a, T ) = {∥IS(a)− IS(t)∥2 | t ∈ T},
where T ∈ {Pa, Na}, S ∈ {sp+ sh, sp, sh}, (14)

where S indicates the features used (modality-specific one, modality-shared one, or the combined
one). Note that we omit the superscript representing the modality for simplicity, considering the
modalities are completed, and the features of RGB, NIR, TIR modalities are concatenated to calculate
the distance. Then, for the combination of shared and modality-specific features, the maximum
positive sample distance should be as small as possible compared to using a single type of feature,
and the minimum negative sample distance should be as large as possible compared to using a single
type of feature. As shown in Fig. 2, this formulation can be described as: max(dsp+sh(a, p)) >
max(dsp(a, p)),max(dsh(a, p)) and min(dsp+sh(a, n)) < min(dsp(a, n)),min(dsh(a, n)). There-
fore, we define the knowledge discrepancy loss LKDL as:

LKDL = ∥Dp − 0∥1 + ∥Dn − 1∥1,

where Dp =
max(dsp+sh(a, p))

max (dsp+sh(a, p)) + max (dsp (a, p)) + max(dsh(a, p))
,

Dn =
min(dsp+sh(a, n))

min (dsp+sh(a, n)) + min (dsp(a, n)) + min(dsh(a, n))
.

(15)
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It is worth noting that detach operations are applied to dsp(a, n) and dRNT
sh (a, n) to avoid gradient

computation. Thus, minimizing Dp reduces the farthest positive sample distance for the combined
shared and modality-specific features, while minimizing ∥Dn − 1∥1 increases the nearest negative
sample distance. Consequently, improving the retrieval capability of the combined features enhances
the performance of model. In summary, the loss function for modality-aware metric learning is
defined as follows:

LMML = w1 × LROL + w2 × LKDL. (16)

3.4 Objective Function

As illustrated in Fig. 2, our model incorporates two primary loss functions: one for the ViT backbone
and another for modality-aware metric learning. For the ViT backbone, we adopt label smoothing
cross-entropy loss Lce and triplet loss Ltri following previous research to optimize the representation.
In summary, the total loss function is as follows:

L = Lce + Ltri + LMML. (17)

4 Experiments

4.1 Datasets and Evaluation Protocols

We evaluate the proposed MDReID framework on three publicly available datasets spanning both
person (RGBNT201 [24]) and vehicle re-identification (RGBNT100 [8] and MSVR310 [26]) tasks.
For evaluating modality mismatch scenarios, we focus on representative cross-modal configurations,
including RT-to-NT, RT-to-N, R-to-N, and R-to-NT. Here, NIR is the second most widely used
modality in surveillance systems after RGB, and RGB-to-NIR research continues to attract significant
interest. Therefore, we evaluate our method in four R-to-N-based application scenarios. Performance
is measured using mean Average Precision (mAP) and Cumulative Matching Characteristics (CMC)
at ranks 1, 5, and 10 (R-1, R-5, R-10). We also report key complexity indicators, including the
number of trainable parameters and floating point operations (FLOPs), to quantify the efficiency of
the model.

RGBNT201 [24] is a multi-modality person re-identification dataset designed to overcome the
limitations of single-modal imaging in challenging surveillance scenarios. It was captured on a
university campus using four non-overlapping camera views with a synchronized triple-camera
system that simultaneously records RGB, near-infrared (NIR), and thermal-infrared (TIR) images.
The dataset contains 201 identities, each represented by at least 20 non-adjacent image triplets,
resulting in 4,787 images per modality. The collection covers a range of real-world conditions,
including severe illumination changes, occlusion, viewpoint variations, and background clutter. The
dataset is split into 141 identities for training, 30 for validation, and 30 for testing, with the entire test
set serving as the gallery and 10 records per identity sampled as probes. RGBNT201 thus provides
a robust benchmark for evaluating multi-modal fusion strategies and addressing missing-modality
issues in person re-identification.

RGBNT100 [8] contains 17,250 spatially aligned image triples from 100 vehicles captured under
uniform conditions. Each triple includes RGB, NIR, and TIR images. Fifty vehicles (8,675 triples)
are used for training, and the remaining 50 vehicles (8,575 triples) form the testing/gallery set, with
1,715 triples randomly selected as queries. The RGB and NIR images are recorded at a resolution of
1920×1080, while the TIR images are captured at 640×480, all at a consistent frame rate of 25 fps.
TIR images provide thermal information that is robust to illumination changes, further enhancing the
multi-spectral data for challenging vehicle re-identification scenarios.

MSVR310 [26] is a high-quality multi-spectral vehicle re-identification benchmark captured under
diverse, challenging conditions. It contains 2,087 triplet samples (6,261 images in total) from 310
vehicles. Each sample includes spatially aligned images from three modalities: RGB, NIR, and TIR.
RGB images are captured by a 360 D866 camera during the day and by a Mi8 mobile phone at night,
NIR images are obtained with the 360 D866 in near-infrared mode, and TIR images are recorded with
a FLIR SC620 camera at 640×480 resolution. The number of samples per vehicle ranges from 2 to 20,
and time labels are provided for cross-time matching. The dataset is divided into 1,032 samples from
155 vehicles for training and 1,055 samples from 155 vehicles for testing/gallery, with 591 samples
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Table 1: Performance comparison on RGBNT201, RGBNT100, and MSVR310. The best and
second results are in bold and underlined, respectively.

RGBNT201 RGBNT100 MSVR310
Method mAP R-1 R-5 R-10 Method mAP R-1 mAP R-1

Single
MUDeep [39] 23.8 19.7 33.1 44.3 DMML [40] 58.5 82.0 19.1 31.1
HACNN [41] 21.3 19.0 34.1 42.8 BoT [42] 78.0 95.1 23.5 38.4
MLFN [43] 26.1 24.2 35.9 44.1 Circle Loss [44] 59.4 81.7 22.7 34.2
PCB [45] 32.8 28.1 37.4 46.9 HRCN [46] 67.1 91.8 23.4 44.2

OSNet [47] 25.4 22.3 35.1 44.7 TransReID [1] 75.6 92.9 18.4 29.6
CAL [48] 27.6 24.3 36.5 45.7 AGW [16] 73.1 92.7 28.9 46.9

Multi
HAMNet [8] 27.7 26.3 41.5 51.7 GAFNet [25] 74.4 93.4 - -
PFNet [24] 38.5 38.9 52.0 58.4 GraFT [49] 76.6 94.3 - -
IEEE [9] 47.5 44.4 57.1 63.6 GPFNet [28] 75.0 94.5 - -

DENet [27] 42.4 42.2 55.3 64.5 PHT [35] 79.9 92.7 - -
UniCat [36] 57.0 55.7 - - UniCat [36] 79.4 96.2 - -
HTT [10] 71.1 73.4 83.1 87.3 CCNet [26] 77.2 96.3 36.4 55.2

EDITOR [11] 66.5 68.3 81.1 88.2 EDITOR [11] 82.1 96.4 39.0 49.3
RSCNet [31] 68.2 72.5 - - RSCNet [31] 82.3 96.6 39.5 49.6

TOP-ReID [12] 72.3 76.6 84.7 89.4 TOP-ReID [12] 81.2 96.4 35.9 44.6
MDReID (Ours) 82.1 85.2 90.3 92.6 MDReID (Ours) 85.3 95.6 51.0 68.9

(from 52 vehicles) used as queries. MSVR310 provides a comprehensive platform for addressing
intra-class appearance variations and modality differences to support robust vehicle re-identification.

4.2 Implementation Details

All experiments are implemented in PyTorch and conducted on a single NVIDIA RTX 4090 GPU
with CUDA 12.5 and Python 3.8. We adopt the CLIP-Base [37] visual encoder as the backbone.
Input images are resized to 256× 128 for RGBNT201 and 128× 256 for RGBNT100 and MSVR310.
We employ random horizontal flipping, cropping, and erasing [38] for data augmentation. The model
is optimized using Adam with a batch size of 64. The base learning rate is initialized at 3.5× 10−4,
while the visual encoder is fine-tuned with a reduced rate of 5× 10−6. Training is performed for 50
epochs.

4.3 Comparison with State-of-the-Art Methods

Multi-spectral Object ReID (RNT-to-RNT) We compare our MDReID against a range of state-of-
the-art single-spectral and multi-spectral approaches on RGBNT201, RGBNT100, and MSVR310.
For person ReID on RGBNT201, as shown in Table 1, the TOP-ReID [12] achieves 72.3% mAP,
76.6% R-1, 84.7% R-5, and 89.4% R-10. In comparison, our MDReID outperforms these results by
9.8%, 8.6%, 5.6%, and 3.2%, respectively, highlighting the effectiveness of our proposed MDReID.
For vehicle re-ID, MDReID achieves the highest mAP on RGBNT100 (85.3%) and surpasses the next-
best approach on MSVR310 by a significant margin of 11.5% in mAP and 13.7% in R-1. These results
clearly demonstrate the superior discriminative power and robustness of our modality-decoupled
design in multi-spectral re-ID scenarios where all modalities are available.

Evaluation on Missing-spectral Scenarios. In practical applications, sensor limitations or environ-
mental factors often lead to incomplete modality inputs. Following the setting of TOP-ReID [12], we
evaluate the robustness of our method under all six possible missing-modality configurations across
the RGB, NIR, and TIR channels using the RGBNT201 dataset. As shown in Table 2, our MDReID
consistently outperforms the TOP-ReID, achieving an average improvement of 10.0% in mAP and
9.4% in Rank-1 accuracy across all missing-modality scenarios. These results demonstrate that our
modality-decoupled framework remains highly effective even when partial modality information is
absent, highlighting its strong generalization ability in incomplete multispectral settings.

Evaluation on Modality-mismatched Scenarios. To evaluate the generalizability of our approach
under realistic deployment conditions, we benchmark MDReID across four representative modality-
mismatched scenarios on three public datasets. We compare against two strong baselines, TOP-
ReID [12] and EDITOR [11], by reproducing their results using official open-source implementations.
As shown in Table 3, EDITOR is designed exclusively for modality-matched settings, which exhibits
limited effectiveness when modalities differ across query and gallery. Although TOP-ReID attempts
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Table 2: Performance of missing-modality settings on RGBNT201. “M (X)" means missing the X
image modality. The best and second results are in bold and underlined, respectively.

Methods M (RGB) M (NIR) M (TIR) M (RGB+NIR) M (RGB+TIR) M (NIR+TIR) Average
mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1

Si
ng

le
MUDeep [39] 19.2 16.4 20.0 17.2 18.4 14.2 13.7 11.8 11.5 6.5 12.7 8.5 15.9 12.9
HACNN [41] 12.5 11.1 20.5 19.4 16.7 13.3 9.2 6.2 6.3 2.2 14.8 12.0 13.3 10.7
MLFN [43] 20.2 18.9 21.1 19.7 17.6 11.1 13.2 12.1 8.3 3.5 13.1 9.1 15.6 12.4
PCB [45] 23.6 24.2 24.4 25.1 19.9 14.7 20.6 23.6 11.0 6.8 18.6 14.4 19.7 18.1

OSNet [47] 19.8 17.3 21.0 19.0 18.7 14.6 12.3 10.9 9.4 5.4 13.0 10.2 15.7 12.9

M
ul

ti

PFNet [24] - - 31.9 29.8 25.5 25.8 - - - - 26.4 23.4 - -
DENet [27] - - 35.4 36.8 33.0 35.4 - - - - 32.4 29.2 - -

TOP-ReID [12] 54.4 57.5 64.3 67.6 51.9 54.5 35.3 35.4 26.2 26.0 34.1 31.7 44.4 45.4
MDReID (Ours) 67.0 67.9 75.8 80.9 61.7 59.8 48.6 51.1 31.4 29.2 42.1 40.0 54.4 54.8

Table 3: Performance of modality-mismatched Scenarios. We show the best average score in bold.

Methods RT-to-NT RT-to-N R-to-N R-to-NT Average

mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1

RGBNT201 EDITOR [11] 27.3 27.9 2.80 0.0 4.0 2.3 4.3 4.1 8.5 7.5
TOP-ReID [12] 43.0 44.6 14.4 13.3 15.4 14.0 11.9 8.7 18.2 18.0

MDReID (Ours) 53.1 51.7 16.7 13.8 16.6 11.1 15.1 10.9 21.6 19.1

RGBNT100 EDITOR [11] 42.1 59.9 2.6 0.8 2.8 1.5 2.7 1.5 11.9 15.5
TOP-ReID [12] 59.0 81.8 21.9 28.5 26.2 34.0 21.7 25.4 26.8 36.1

MDReID (Ours) 69.4 85.5 39.6 47.9 45.4 56.4 37.6 41.8 38.6 47.4

MSVR310 EDITOR [11] 6.4 11.0 2.2 2.5 1.6 0.2 1.7 1.5 2.5 3.4
TOP-ReID [12] 18.4 30.5 12.9 19.5 13.7 21.3 12.6 18.8 11.2 17.8

MDReID (Ours) 35.1 52.5 24.7 34.5 28.6 39.8 27.0 36.0 22.1 31.7

to address missing modalities via reconstruction, its performance remains constrained due to the
ill-posed nature of the reconstruction problem. In contrast, our MDReID framework consistently
improves the average mAP by 3.4%, 11.8%, and 10.9% on the RGBNT201, RGBNT100, and
MSVR310 datasets, respectively. In addition, we train four expert models on the RGBNT201 dataset
for four specific scenarios. Results show that our method outperforms these experts by 9.2% on
average in mAP and by 8.9% in R-1. Importantly, our single-model approach adapts to all four
scenarios and offers greater flexibility. In summary, these results highlight the robustness and
adaptability of MDReID in handling modality-mismatched ReID, affirming its effectiveness capable
of supporting arbitrary modality combinations in both query and gallery inputs.

4.4 Ablation Study

To evaluate the effectiveness of each component in our proposed MDReID framework, we conduct
comprehensive ablation studies on the RGBNT201 dataset. To ensure a thorough evaluation across
both modality-matched and modality-mismatched scenarios, we report the average performance over
8 evaluation settings, including RNT-to-RNT, RT-to-RT, RT-to-NT, RT-to-N, R-to-N, and R-to-NT.
The detailed results are presented in Table 4 (a). Note that configuration “1” corresponds to using
a single classifier for all modalities, while configuration “3” corresponds to assigning a separate
classifier to each modality. Ablation results show that, compared with one classifier, modality-specific
classifiers effectively improve performance, increasing mean mAP by 13.4% and mean R-1 by 13.7%.

Modality Decoupled Learning Our base framework integrates a shared vision transformer, uti-
lizing label smoothing cross-entropy along with triplet loss for optimization. To better address
modality-mismatched object re-identification, we design a modality decoupling learning (MDL) that
separates features into shared and specific representations. Experimental results demonstrate that this
module boosts performance, with an average increase of 11.5% in mAP and 11.1% in Rank-1. This
demonstrates that modality decoupling not only benefits re-identification in mismatched settings but
also enhances retrieval performance in matched scenarios.

Modality-aware Metric Learning To further decouple shared and specific features, we design a
modality-aware metric learning (MML) loss function. This loss consists of two components: the
first aligns shared features across multiple modalities, while the second enhances the decoupling
of features based on the aligned representation. Experimental results show that introducing ROL
improves average mAP and Rank-1 by 1.8% and 2.7%, respectively. Similarly, introducing KDL
increases mAP by 0.5% and Rank-1 by 1.7%. When both components are combined, the average mAP
and Rank-1 improve by 3.8% and 4.1%, respectively. These results indicate that ROL significantly
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Table 4: Ablation study and hyper-parameter settings of MDReID. We show the best average
score in bold.

(a) Ablation study. MDL, LROL, and LKDL indi-
cate the Modality Decoupled Learning, Represen-
tation Orthogonality Loss (ROL), and Knowledge
Discrepancy Loss (KDL), respectively.

Index MDL LROL LKDL mAP R-1
1 ✕ ✕ ✕ 27.8 27.1
2 ✓ ✕ ✕ 39.4 38.2
3 ✓ ✓ ✕ 41.2 40.8
4 ✓ ✕ ✓ 39.9 40.9
5 ✓ ✓ ✓ 43.2 42.3

(b) Performance under
different w1. The opti-
mal performance achieves
when w1 is set to 1.5.

w1 mAP R-1
0.5 39.6 38.1
1.0 40.3 40.0
1.5 41.2 40.8
2.0 38.9 38.1
3.0 38.2 37.0

(c) Performance under
different w2. The opti-
mal performance achieves
when w2 is set to 5.25.

w2 mAP R-1
4.5 41.7 41.1
5.0 40.2 39.6
5.25 43.2 42.3
5.5 41.6 41.3
6.0 41.9 40.4

enhances re-identification accuracy in mismatch scenarios. Moreover, while KDL alone provides
limited improvement, its combination with ROL effectively boosts overall model performance.

Modality Decoupled Learning We design the KDL objective to enforce a knowledge gap between
specific and shared features. Without KDL, the model may degrade into relying only on shared
features. Therefore, we ensure that combining specific and shared features yields higher retrieval
performance than using either feature alone. To achieve this, we apply formulation 15 to impose
distance constraints in the feature space based on the described relations. As shown in Table 4 (a),
index 3 and 5, adding KDL improves mAP by 2.0% and Rank-1 by 1.5% across multiple scenarios. In
summary, the MDReID framework, comprising the modality decoupled learning and modality-aware
metric learning, achieves an average performance of 43.2% mAP, 42.3% Rank-1, 50.2% Rank-5, and
54.9% Rank-10 across various scenarios, including both modality-matched and modality-mismatched
cases. Its modular design effectively decouples shared and specific features, enhancing object re-
identification accuracy under multi-spectral conditions while maintaining robust adaptability across
diverse modalities.

4.5 Discussions4

Hyper-parameter settings of MDReID In Eq. (16), we introduce two hyperparameters w1 and w2

to balance the importance of ROL and KDL. Therefore, this part evaluates the performance under
different hyperparameter settings and shows the results in Table 4. We first vary w1 without KDL,
observing that the model achieves optimal performance at w1 = 1.5, highlighting the importance of
enforcing orthogonality between shared and specific components. Subsequently, with w1 = 1.5, we
tune w2 and find that the best results are obtained at w2 = 5.25, confirming the benefit of encouraging
representational synergy and complementarity. These observations validate that a contribution from
both ROL and KDL is crucial for maximizing retrieval accuracy.

5 Conclusion

In this paper, we propose MDReID, an image-level any-to-any object re-identification framework
that supports retrieval across arbitrary query-gallery modality combinations. Our approach leverages
Modality-Decoupled Learning (MDL) to explicitly disentangle modality-shared and modality-specific
features, while Modality-aware Metric Learning (MML) refines the feature space to enhance discrim-
ination. Extensive evaluations on the RGBNT201, RGBNT100, and MSVR310 datasets validate
MDReID’s superior performance in both modality-matched and modality-mismatched scenarios,
demonstrating its practical potential for any-to-any ReID tasks.

Acknowledgements. This research was supported in part by the China Postdoctoral Science Foun-
dation under Grant Number 2025M771584 and 2025T180439, and the National Natural Science
Foundation of China under Grant 6250071985

4A comprehensive analysis of the model’s computational complexity (Sec. A.1), along with additional
visualization results (Sec. A.4), is provided in the supplementary material.
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A Supplemental Material

A.1 Analysis of model computational complexity

Table 5 compares the computational cost of our method with recent state-of-the-art approaches.
MDReID achieves the most efficient design, requiring only 57.2M parameters and 22.3G FLOPs,
which is significantly lower than HTT (85.6M / 33.1G), EDITOR (117.5M / 38.6G), and TOP-ReID
(278.2M / 34.5G). Despite its efficient architecture, MDReID consistently outperforms these heavier
models in accuracy, demonstrating a superior trade-off between performance and efficiency. This
highlights the effectiveness of our MDL and MML designs, which provide robust alignment in all
kinds of query-gallery combinations without incurring large computational overhead. Furthermore,
we evaluate the total feature generation and retrieval times of different models on the RGBNT201
test set under the RNT-to-RNT, RT-to-NT, and R-to-N scenarios. Theoretically, our method reduces
retrieval cost compared to Top-ReID. For example, in the RT-to-NT scenario, we only perform
T-to-T (specific features) and R-to-T (shared features) matching, whereas Top-ReID first generates
missing-modality features before conducting a full RNT-to-RNT matching. Experimental results
confirm this, showing that our method incurs no additional time and generates features faster.

Table 5: Comparison of computational cost with recent methods. We show the best result in bold.
Methods Params(M) Flops(G) RNT-to-RNT(s) RT-to-NT(s) R-to-N(s)

Extract Retrieval Extract Retrieval Extract Retrieval
HTT [10] 85.6 33.1 8.32 0.12 - - - -

EDITOR [11] 117.5 38.6 31.12 0.12 30.99 0.12 30.98 0.12
TOP-ReID [12] 278.2 34.5 71.78 0.12 73.32 0.11 73.71 0.12
MDReID (Ours) 57.2 22.3 3.27 0.14 2.90 0.11 3.14 0.12

A.2 Analysis of specific and shared features

In MDReID, both shared and modality-specific features are essential. For the RT-to-NT task, using
only shared features overlooks the unique characteristics of the T modality, while using only modality-
specific features prevents valid R-to-N matching. To quantify this, we evaluate RT-to-NT performance
under three settings: shared features only, modality-specific features only, and both combined. As
shown in Table 6, combining shared and modality-specific features yields the best performance.

Table 6: Performance analysis under different features. We show the best result in bold.
Feature mAP R-1

Specific feature 52.0 50.5
Shared feature 52.7 51.2

Specific and shared feature 53.1 51.7

A.3 Comparison with cross-modality method

We compare our method with the cross-modality object re-identification model DEEN [50] on the
RGBNT201 dataset under the R-to-N scenario. Table 7 shows that even when DEEN is specially
trained for R-to-N, its mean precision is 3.5% lower than ours. Notably, our model demonstrates
stronger generalization across diverse application scenarios.

Table 7: Comparison with cross-modality method. We show the best result in bold.
Feature mAP R-1 Average

DEEN [50] 11.5 9.2 10.35
Ours 16.6 11.1 13.85

A.4 Visualization

To better illustrate the impact of different components on feature disentanglement, we visualize the
learned modality-specific and modality-shared features across RGB, NIR, and TIR using t-SNE,
as shown in Figure 3. Notably, the baseline method does not use MDL, so it does not separate
specific and shared features and only outputs fused features, hence no corresponding visualization.
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(a) MDReID (MDL) (b) MDReID (MDL + ROL) (c) MDReID (MDL + KDL) (d) MDReID (MDL + ROL + KDL)

Figure 3: The visualization of the ablation study. Triangles, circles, and X symbols correspond to
the RGB, NIR, and TIR modalities, respectively. Black borders highlight shared features for clarity.
Without ROL, distinguishing between shared and modality-specific features is challenging, but its
introduction effectively clusters the shared features.

Specifically, in (a), with only MDL applied, the features exhibit noticeable overlap, and the separation
between modality-specific and shared components remains unclear. In (c), the addition of KDL
slightly improves the clustering and separation of shared and specific features. In contrast, (b)
shows that introducing ROL significantly enhances feature orthogonality, forming clearer boundaries
between shared and modality-specific clusters. Finally, (d) demonstrates that the combination of both
ROL and KDL yields the most structured and disentangled feature space, with shared features tightly
clustered and well-separated from their modality-specific counterparts. These results confirm the
complementary roles of ROL and KDL in refining the representation space.

A.5 Limitations and Broader Impact

Although our work is the first to explore object re-identification under the uncertain query-gallery
modality setting and achieves significant performance improvements, the current accuracy is still
insufficient for deployment in real-world applications. Furthermore, existing datasets are limited in
both scale and modality diversity, making it unclear how well MDReID would generalize to larger
and more complex datasets involving a broader range of modality types. Nevertheless, MDReID
represents the first effort to address the any-to-any object re-identification task, marking a significant
step toward this emerging direction. We believe our work will inspire new perspectives and challenges
in the re-identification community.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction of this paper accurately reflect the paper’s
contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed the limitations of this work in Section A.5.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: We have introduced all the details in our theoretical result.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: This paper has provided detailed information for reproducing the experimental
results.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: The code is available at: https://github.com/stone96123/MDReID.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: This paper has specified all the training and test details, such as dataset and
hyperparameters.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: This paper does not provide error bars due to the limited resources. Also,
previous methods do not provide error bars either.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: This paper has provided sufficient information on the computer resources.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: This paper meets the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This paper has no societal impact to the best of our knowledge.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: This paper poses no such risks since it does not release data or models that
have risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: This paper has properly cited the original paper that produced the code package
or dataset.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: This paper only uses LLMs for writing and editing.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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