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Abstract

In the field of multi-spectral object re-identification (RelD),
multi-modal knowledge and modal-specific knowledge ex-
hibit complementary advantages when handling hard sam-
ples, but existing methods rarely integrate this collaborative
information. Knowledge distillation is a direct approach for
transferring information, however, heterogeneity in model ar-
chitectures and variations in sample hardness can undermine
the stability and controllability of knowledge transfer. To al-
leviate these limitations, we propose the novel Progressive
Multi-modal Knowledge Distillation (PMKD) framework
that enables multi-stage knowledge transfer guided by hard
sample awareness. In the multi-modal knowledge transfer
stage, the source model (pre-trained on multi-modal data) dis-
seminates its learned multi-modal collaborative knowledge to
multiple independently modal-specific target models, guiding
their adaptation to hard samples within training batches. In
the modal-specific knowledge retention stage, the indepen-
dent models enriched with multi-modal knowledge guide the
training phase. The architectural consistency between source-
target models ensures more lossless knowledge transfer, ef-
fectively mitigating the risk of capability drift, and preserving
inherent competence. Moreover, the entire progressive multi-
modal knowledge distillation is regulated by the proposed
hardness-aware distillation loss, which automatically adapts
distillation intensity through hard sample mining, thereby en-
suring stable transfer of hard sample handling capabilities.
Extensive experiments on benchmark multi-spectral RelD
datasets validate the effectiveness and superior performance
of the proposed method.

Introduction

Object re-identification (RelD) aims to match objects across
non-overlapping camera views, yet single-modal (visible
light) methods perform poorly under poor illumination, oc-
clusion, and adverse weather (Zhang et al. 2023; Wang et al.
2024b; Liu et al. 2024; Li, Sun, and Li 2023; He et al. 2021;
Liu et al. 2023, 2021; Yu et al. 2024). Multi-spectral object
ReID has emerged as the promising solution (Zheng et al.
2021; Wang et al. 2022, 2024c,a; Zhang et al. 2024; Wang
et al. 2025b; Qiu et al. 2023), due to the fusion of comple-
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Figure 1: (a) Different models focus on distinct knowledge
of the input. (b) Traditional knowledge distillation leads to
ability drifting in the target model. (c) The proposed PMKD
framework integrates the complementary strengths of het-
erogeneous models, emphasizing collaborative information.
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mentary spectral data yields more comprehensive object rep-
resentations and improved recognition in challenging envi-
ronments.

Existing models designed for multi-spectral object RelD
primarily focus on extracting two types of information:
modal-specific and multi-modal knowledge. Specifically, (1)
Some methods (Wang et al. 2022; Li et al. 2020; Wang
et al. 2024a) typically adopt independent backbones to cap-
ture fine-grained but heterogeneous modal-specific knowl-
edge from each modality. (2) Some approaches (Wang et al.
2024c; Zhang et al. 2024; Li et al. 2025) leverage the shared
backbone to exploit collaborative multi-modal knowledge.
For hard samples, these two types of models offer com-



plementary advantages, as illustrated in the class activa-
tion maps (Selvaraju et al. 2017) in Fig. 1 (a). Multi-modal
knowledge models focus on the broader and semantically
aligned areas but overlook certain specific nuances, which
are the strength of modal-specific knowledge models. This
inherent trade-off limits the ability of either paradigm to ro-
bustly address hard samples. Knowledge Distillation (KD)
can transfer the rich collaborative representations of the
multi-modal model to the modal-specific model, thereby in-
tegrating the strengths of both paradigms. However, apply-
ing KD to multi-spectral RelD still faces two key limita-
tions: First, the architectural heterogeneity between multi-
modal and modal-specific models often leads to representa-
tion misalignment and information drift (Huang et al. 2025;
Hao et al. 2023). As shown in Fig. 1 (b), traditional KD may
cause catastrophic capability drift in the target model, result-
ing in class activation maps that are almost identical to the
source model. Secondly, hard samples in the dataset urgently
require the complementary abilities of different models. Tra-
ditional KD strategies treat training samples equally, and this
scheme may lead to overfitting of models, thereby hindering
the effective transfer of the capabilities required to robustly
handle hard samples.

To alleviate these limitations, we propose the novel
Progressive Multi-modal Knowledge Distillation (PMKD)
framework that enables multi-stage knowledge transfer
guided by hard sample awareness. First, the multi-modal
knowledge transfer aims to introduce multi-modal collabo-
rative understanding into the target models and enhance their
ability to tackle hard samples. We jointly train a multi-modal
source model on full-modality data and distill its collabo-
rative representations into independent modal-specific tar-
get models through the Hardness-aware Distillation Mecha-
nism (HDM). Next, the modal-specific knowledge retention
focuses on mitigating the potential capability drift caused
by architectural heterogeneity and preserving the modal-
specific representations. We employ distilled independent
models enriched with multi-modal knowledge as new source
models, and similarly employ HDM to guide the training
of the new target models with the same architecture. No-
tably, HDM is optimized by the RelID loss and the pro-
posed hardness-aware distillation loss (HDL) to prevent tar-
get models from overfitting and preserve inherent capabil-
ities. HDL performs hard sample mining based on the dis-
tance map within each batch to estimate sample hardness
and then assigns larger distillation weights to harder sam-
ples while applying weaker constraints to easier ones.

As a result, the final model, obtained through two rounds
of HDM, preserves modal-specific information while gain-
ing enhanced capabilities from the multi-modal model, pro-
ducing more accurate and collaborative attention when han-
dling hard samples, as shown in Fig. 1 (c). Sufficient experi-
mental results and in-depth analyses demonstrate the advan-
tages of the proposed method. Our main contributions can
be summarized as follows.

* We design the Progressive Multi-modal Knowledge Dis-
tillation framework for multi-spectral object ReID, which
integrates multi-modal knowledge and modal-specific
knowledge to enhance the capability of handling hard
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samples and break the performance bottleneck.

We propose Multi-modal Knowledge Transfer introduces
multi-modal collaborative understanding into modal-
specific models and Modal-specific Knowledge Reten-
tion leverages architecture-consistent distillation to miti-
gate capability drift.

* We introduce the Hardness-aware Distillation loss, which
guides the target model’s learning toward challenging in-
stances while preventing overfitting to the source model,
thereby preserving its inherent capabilities and ensuring
stable transfer of hard-sample handling ability.

Extensive experiments on three benchmark multi-
spectral ReID datasets demonstrate that our framework
consistently surpasses state-of-the-art approaches and
can be seamlessly integrated into existing methods to fur-
ther enhance their performance.

Related Work
Multi-spectral Re-identification

Multi-spectral object Re-identification (RelD) aims to ob-
tain comprehensive and discriminative representations by
fusing visual features from different spectral bands. Existing
approaches can be categorized into modal-specific knowl-
edge models and multi-modal knowledge models, each with
distinct advantages and limitations. Modal-specific mod-
els employ independent backbones for each modality to
preserve fine-grained, modal-specific details. For example,
IEEE (Wang et al. 2022) enhances modal-specific infor-
mation via cross-modal interaction and multi-modal mar-
gin loss, while TOP-ReID (Wang et al. 2024a) leverages
modality permutation and reconstruction to facilitate multi-
modal interaction, and FACENet (Zheng et al. 2025) restores
flare-corrupted features using thermal infrared guidance. Al-
though these methods retain modal-specific cues, they often
lack deep multi-modal synergy, which is crucial for identi-
fying hard samples. Multi-modal models, in contrast, adopt
shared backbones to promote deep multi-modal synergy. For
instance, ICPL-ReID (Li et al. 2025) leverages an iden-
tity prototype-based conditional prompt learning strategy to
steer semantic acquisition across different modalities, and
IDEA (Wang et al. 2025¢) guides model learning via project-
ing textual features into the visual domain and deformable
aggregation. DeMo (Wang et al. 2025b) further employs
a mixture-of-experts to adaptively handle modality infor-
mation confusion. While these approaches excel at multi-
modal fusion, they often suppress subtle modal-specific cues
that are critical for distinguishing fine-grained identities. De-
spite these advancements, modal-specific models lack multi-
modal reasoning for hard samples, while multi-modal mod-
els compromise fine-grained details. These limitations mo-
tivate our Progressive Multi-modal Knowledge Distillation
(PMKD), which integrates the strengths of both paradigms
to effectively handle challenging samples.

Knowledge Distillation

Knowledge distillation transfers knowledge from a power-
ful teacher to a student model, originally aimed at model



compression (Park et al. 2019; Wang and Yoon 2021; Tung
and Mori 2019; Jia et al. 2024), but increasingly adapted
for enhancing multi-modal learning. Some methods explore
sample hardness to guide more effective knowledge transfer.
For example, DKD (Zhao et al. 2022) disentangles target and
non-target class knowledge to separately model dark knowl-
edge and sample difficulty. BTKD (Zhang et al. 2025a)
treats hard samples as biased teacher outputs and employs
a progressive strategy that shifts focus from easy to hard
samples, enhancing learning efficiency and generalization.
In the ReID domain, particularly in cross-modal (Shi et al.
2024a, 2023, 2024b; Lu, Zou, and Zhang 2023; Chen et al.
2023) settings, KD has been adapted to facilitate knowl-
edge exchange between each modality branch. IDKL (Ren
and Zhang 2024) distills implicit discriminative knowledge
from modal-specific features into modal-shared represen-
tations, improving cross-modality alignment. TSKD (Shi
et al. 2025) enhances visible-infrared ReID by aligning
modal-specific features through self-mimic and mutual-
distillation learning. However, these methods still face lim-
itations in multi-spectral ReID. Most existing hard-sample-
aware distillation approaches are misaligned with the open-
set, embedding-driven nature of RelD. In contrast, feature-
based distillation methods avoid this mismatch but typically
fail to account for sample hardness, limiting their ability to
handle challenging instances effectively. Meanwhile, cross-
modal RelD approaches mainly align modalities and often
overlook the complementary cues across richer multi-modal
inputs. To address these challenges, we propose the Progres-
sive Multi-modal Knowledge Distillation framework, which
effectively integrates both multi-modal and modal-specific
knowledge to handle hard samples better.

Method

In this section, we present the proposed Progressive Multi-
modal Knowledge Distillation method in detail. As shown in
Fig. 2, PMKD comprises three key components: (1) Progres-
sive Multi-modal Knowledge Distillation, which transfers
multi-modal knowledge to the target model in a staged man-
ner. (2) Hardness-aware Distillation Mechanism, which pro-
vides the unified optimization and transfer pipeline across
both distillation stages. (3) Hardness-aware Distillation Loss
based on hard sample mining and distillation weight calcu-
lation, which identifies challenging samples and modulates
distillation strength accordingly.

Progressive Knowledge Distillation Strategy

Our progressive knowledge distillation strategy unfolds in
three distinct phases. We first detail the knowledge ex-
cavation approach, which focuses on excavating multi-
modal knowledge and modal-specific knowledge. Sub-
sequently, we elaborate on the two specialized distilla-
tion stages: Multi-modal Knowledge Transfer and Modal-
specific Knowledge Retention, which progressively opti-
mize multi-modal synergistic understanding and modal-
specific fine-grained details.

Knowledge Excavation To capture collaborative un-
derstanding across different modalities, our models em-
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ploy the shared backbone, denoted as ¢gp,. This al-
lows for learning multi-modal representations fmu!, furul,
fmul of each modality input, which are obtained from
Gsha(IR); Psha(IN), Psha(IT), Where Ig, Iy, Ir de-
note the input of RGB, Near-Infrared, and Thermal In-
frared modalities. This shared encoder is crucial for distill-
ing integrated multi-modal insights. Concurrently, to cap-
ture modal-specific knowledge that is often more unique
and fine-grained, we utilize distinct, modality-independent
backbones for each modality. We denote a set of such back-
bones as ¢ina = {Pr, én, ¢r}. Thus, modal-specific
knowledge features f7°, fa'°, fi¥° are acquired from
or(IRr), on(IN), ¢r(I7). Each f°P€ is designed to retain
specific characteristics inherent to its source modality, pro-
viding heterogeneous information.

Crucially, all models within our PMKD framework, in-
cluding the initial source and subsequent target models, con-
sistently employ this feature extraction approach. Then, we
elaborate on the specific stages of our progressive knowl-
edge distillation strategy.

Multi-modal Knowledge Transfer The progressive dis-
tillation strategy begins by establishing a robust initial
source multi-modal model with shared backbone ¢gpq,
which is trained using all modalities’ data with standard
RelD losses (Cross-Entropy loss (Szegedy et al. 2016) and
Triplet loss (Hermans, Beyer, and Leibe 2017)) to ensure
strong multi-modal collaborative understanding. In the first
stage, termed Multi-modal Knowledge Transfer, aims to
transfer the robust multi-modal collaborative knowledge
from ¢sp, to newly initialized set of independent target
models ¢;, 4. During this stage, the parameters of ¢gp, are
fixed, while ¢;,4 is optimized to learn from the integrated
representations of ¢4p,. The training objective combines the
standard RelD loss L..;4 and the distillation loss L 4;s. Upon
completion, the final checkpoint of ¢, is saved.

Modal-specific Knowledge Retention The second stage
of our progressive distillation strategy is Modal-specific
Knowledge Retention, which aims to mitigate the capability
drift introduced during the last distillation stage and further
preserve the modal-specific knowledge. In this phase, the in-
dependent models ¢;,4 enriched with multi-modal knowl-
edge now serve as the new source model. A fresh set of
independent backbones, denoted as qﬁ;nd, is initialized as
the target model, ensuring architectural consistency with the
source model. Similar to the earlier stage, the parameters of
Pina are fixed, while gb;nd is optimized using the total loss
comprising the standard RelD loss L,..;q and the distillation
loss Lg;s. This homogeneous setup facilitates a more precise
and stable knowledge transfer, allowing ¢;, ; to maintain
and refine more modal-specific information, ultimately mit-
igating capability drift. Notably, during inference, only the
final gf);n 4 18 required, with no additional distillation stages.

Hardness-aware Distillation Mechanism

This section details the Hardness-aware Distillation Mech-
anism, which encompasses the unified optimization and
knowledge transfer pipeline applied to the target model dur-
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Figure 2: (a) PMKD achieves multi-modal knowledge transfer and modal-specific knowledge retention progressively through
Hardness-aware Distillation Mechanism. (b) Hardness-aware Distillation Mechanism measures sample hardness using the HDL
£1q to adjust the distillation strength, while the ReID loss guides identity classification. (c) HDL is computed by performing hard
sample mining based on the distance map of each batch, and then calculating the distillation weight for adaptive modulation.

ing each distillation stage. This mechanism defines how ex-
tracted features are processed, aggregated, and how knowl-
edge is transferred from source model to target models,
leveraging the feature extraction methods outlined in the
section of Knowledge Excavation.

Feature Aggregation and Prediction After extracting
features using either the shared backbone (¢4, ) or indepen-
dent backbones (¢;,,4), each modality feature fy; is first pro-
cessed by Batch Normalization (BN) layer BN, and then
fed into classifier C'L.S) to produce the respective modality
identity prediction:

fir = BNu(fum),  pv = CLSm(fhy)- (1)

To derive unified global representation encompassing all
modalities, we construct the fused feature by concatenating
all modality features along the channel dimension:

fcat = COHC&t(fR, fNa fT)7 (2)

which is normalized via BN and subsequently fed into the
classifier:

féat = BNcat(fcat)a féat)' (3)

In contrast, for the test phase, which focuses on feature
retrieval, the identity prediction step is omitted; we directly
utilize the global feature f.,; to compute similarity scores
for final retrieval evaluation.

Pecat = CLScat (
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Loss Optimization During each distillation stage, the tar-
get model is trained with the combination of standard RelD
losses and hardness-aware knowledge distillation losses, ap-
plied to each respective modality representation or their
fused global representation.

The target models’ training aims to optimize both their re-
spective and fusion discriminative power using RelD losses.
The RelD loss is the combination of Cross-Entropy loss
(Yo g) for identity prediction and Triplet loss (¢7,;) for met-
ric learning as follows:

Lyciav = Lop(Pm,Yi) + Crri(fars Yi)s

4
Lreid,cat = ZC’E (pcat7 yz) + gTri(fcatv yi)7 ( )

where fy; and f..+ denote the modality features and the fu-
sion spectral global feature. Respectively, pas and pcq: rep-
resent the identity predictions for each modality or the final
fusion. The total RelD loss L,.;q is the sum of these losses.

Then, we independently apply hardness-aware knowledge
distillation losses on each modality. The loss of distillation
measures the discrepancy between the features extracted by
the target model and the source model, giving higher weights
to the harder samples. The per-modality distillation loss for
a batch of samples is defined as:

B

D

i=1

1

1
ghdZE

5 17t = £l > s,

S



where f! and f§ denote the target and source feature for
each modality M and sample ¢, and w; is the dynamically as-
signed weight, which is higher for harder samples and lower
for simpler ones, ensuring more effective knowledge trans-
fer for challenging instances. The details of this process will
be described in the next section. And the total distillation
loss Lg;s is the sum of per-modality distillation losses.

Finally, the overall training objective for the target model
in the distillation stage is the sum of the total RelD loss and
the total Hardness-aware KD loss:

L= Lreid + Ldis- (6)

Hardness-aware Distillation Loss

Although feature-based knowledge distillation is commonly
used to facilitate knowledge transfer, its uniform treatment
of all samples can cause the target model to overfit to the
source model, resulting in limited generalization. To over-
come this, we introduce the Hardness-Aware Distillation
Loss that adaptively focuses on more informative hard sam-
ples via a dynamic weighting mechanism.

We begin by defining the base distillation loss. For any
given sample ¢ and modality M, the feature-based mean
squared error is defined as:

1
g'rnse:BHf;_ffH;v (7)
where D is the feature dimension and ||.|| is the mean
squared error. To adaptively modulate the importance of
each sample during distillation, we introduce the hardness-
aware weight w;:

®)

where 7 is the base weight that ensures some level of distil-
lation for all samples, and p is the modulation factor control-
ling the influence of sample hardness. The relative hardness
hp of sample i is defined as its deviation from the batch av-
erage:

wi:thR+Ta

hr = h; —h, ©))

where h; is the hardness metric for sample ¢, calculated
based on in-batch triplet distances from the target model’s
feature f!, and h denotes the average of the hardness met-
rics across all samples in the batch:

hi = dap; — dan, h= (10)

1B
52l

i=1
where B denotes the batch size, d,p, and dg,, denote the
Euclidean distances from the anchor feature f! to its hardest
positive and hardest negative samples within the batch, re-
spectively. The hardest samples are selected based on pair-
wise distance maps:

dap, = max ||ff — 2|2,
Pi pGP(’Z)||fZ pr2 (11)
dgn, = min I
Uz nG/\/’(Z)Hfl f’n,H2
where P(i) and N (i) denote the in-batch sets of positive
and negative samples of anchor i. The final hardness-aware
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distillation loss is calculated as follows:

B
=53 57— Flexw. a2
B D B N

The overall distillation loss Lg;s is obtained by summing
£1,q across all modalities.

Experiments
Datasets and Evaluation Protocols

Datasets. We evaluate the proposed method on three
widely recognized multi-spectral object RelD benchmarks:
RGBNT201 (Zheng et al. 2021), a multi-spectral person
RelD dataset comprising 4,787 aligned RGB, NIR, and TIR
images from 201 identities; RGBNT100 (Li et al. 2020), a
large-scale multi-spectral vehicle RelD dataset with 17,250
image triples covering diverse challenging conditions; and
WMVelD863 (Zheng et al. 2025), another multi-spectral ve-
hicle RelD dataset comprising 4,709 image triples collected
in complex environments, featuring challenges such as dras-
tic background variations and intense glare.

Evaluation Protocols. To comprehensively assess perfor-
mance, we utilize standard ReID metrics: mean Average
Precision (mAP) and Cumulative Matching Characteristics
(CMC) at Rank-K (K =1,5,10).

Implementation Details

Our model is implemented using PyTorch (Paszke et al.
2019) and trained on an NVIDIA 5090 GPU. We uti-
lize Transformer architectures pre-trained with DINO-
v2 (Oquab et al. 2023) as backbones. All images within
triples are resized to 224x224 for RGBNT201, RGBNT100,
and WM VelD863 datasets. For data augmentation, we apply
standard techniques including random horizontal flipping,
cropping, and erasing (Zhong et al. 2020). For all datasets,
we use a mini-batch size of 32, where each mini-batch com-
prises 4 randomly sampled object identities, with 8 images
per identity. The proposed network is fine-tuned using the
Adam optimizer, with an initial learning rate of 4.5e~°.
Training is conducted for 50 epochs.

Comparison with State-of-the-art Methods

Experiments on person ReID datasets. We compare
our proposed method with several approaches on the
RGBNT201 dataset as presented in Table 1, which can
be broadly divided into two categories: (i) modal-specific
models, which adopt independent backbones for each
modality to preserve modal-specific cues, and (ii) multi-
modal models, which leverage shared backbone archi-
tectures to enhance multi-modal collaborative understand-
ing. Among those modal-specific models, such as HAM-
Net, IEEE, and TOP-RelD, perform well, with TOP-RelD
achieving an impressive 72.3% mAP, which represents the
best performance reported to date for methods initialized
with ViT-pretrained weights. However, their ability to in-
tegrate multi-modal understanding is limited by their inde-
pendent backbone designs. On the other hand, multi-modal
models (Crawford et al. 2023; Wang et al. 2024c; Zhang



Methods mAP R-1 R-5 R-10
HAMNet (AAAI20) 277 263 415 51.7
PENet (AAAI21) 38.5 389 520 584
IEEE (AAAI22) 475 444 571 63.6
LRMM (ESWA?25) 523 534 646 732
DENet (TNNLS23) 424 422 553 645
TIENet (TNNLS25) 544 544 662 710
UniCat* (NIPSW23) 570 557 - -
RSCNet* (TCSVT24) 682 725 - -
HTT* (AAAI24) 71.1 734 831 873
TOP-ReID* (AAAI24) 723 76.6 847 89.4
EDITOR* (CVPR24) 66.5 683 81.1 882
WTSF-ReIlD* (ESWA25) 679 722 834 89.7
ICPL-ReIDT (TMM25)  75.1 774 842 879
PromptMAT (TIP25) 784 809 87.0 889
MambaPro’ (AAAI25) 789 834 89.8 919
DeMo' (AAAI25) 79.0 823 888 920
DeMof (AAAI25) 81.8 844 897 92.1
IDEAT (CVPR25) 80.2 82.1 900 93.3
IDEAF (CVPR25) 820 850 910 93.0
PMKD# 847 889 91.0 922

Table 1: Performance comparison on RGBNT201 (in %).
The symbol ¥ denotes DINOv2-based methods, the symbol
t denotes CLIP-based methods, and the symbol * indicates
ViT-based methods, and others are CNN-based methods.

et al. 2024; Yu et al. 2025b,a; Li et al. 2025; Zhang et al.
2025b; Wang et al. 2025a,b,c) such as ICPL, DeMo, and
IDEA, benefit from deeper multi-modal collaboration, re-
sulting in significant performance gains. Among these, to
ensure fair comparison with our approach, we reproduced
the results of DeMo and IDEA using DINOv2 (Oquab et al.
2023) pre-trained weights (marked with #). Our PMKD sur-
passes all existing methods, establishing new state-of-the-art
results and outperforms IDEA by 2.7% mAP and 3.9% R-1.
This improvement underscores the multi-modal understand-
ing and modal-specific details preservation achieved by our
progressive multi-modal knowledge distillation framework,
establishing PMKD as the new state-of-the-art in multi-
spectral object RelD.

Experiments on vehicle ReID datasets. To further ver-
ify the robustness and generalizability of PMKD, we
also evaluate it on two challenging multi-spectral vehi-
cle RelD datasets: RGBNT100 and WMVEID863, with
the results summarized in Table 2. Following the same
categorization discussed in the person RelD experiments,
the listed methods include both modal-specific and multi-
modal models. A similar trend is observed: multi-modal
models demonstrate stronger robustness in complex ve-
hicle scenes by effectively exploiting multi-modal under-
standing, whereas modal-specific models, although capa-
ble of preserving modal-specific cues, perform poorly un-
der such challenging conditions. Building on this observa-
tion, PMKD delivers consistent and substantial improve-
ments across both datasets. Compared with the strongest
prior methods, PMKD narrows the failure cases observed
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M RGBNT100 WMVEIDS863
ethods
mAP R-1 mAP R-1
HAMNet (AAAI20) 745 933 456 485
PFNet (AAAI21) 68.1 941 501 559
IEEE (AAAI22) 613 878 459 486
CCNet (INFFUS23) 772 963 503 527
TOP-RelD* (AAAI24) 812 964 677 753
EDITOR* (CVPR24) 821 964 65.6 738
FACENet* (INFFUS25) 815 969 69.8 77.0
ICPL-ReIDf (TMM25) 87.0 98.6 672 740
PromptMAT (TIP25) 853 974 - -
MambaProf (AAAI25) 839 947 69.5 769
DeMo' (AAAI25) 862 976 688 772
IDEAT (CVPR25) 872 96.5 - -
PMKD# 91.6 98.0 719 795

Table 2: Experimental results of our method on multi-
spectral vehicle RelD datasets (in %).

in challenging samples and establishes the state-of-the-
art. These results further highlight that our design prin-
ciples—balancing collaborative multi-modal understanding
with fine-grained modality details, which generalize effec-
tively to the vehicle ReID domain.

Strategy Metrics
MM MS MKT MKR HDL mAP R-1 R-5 R-10
v X X X X 825 83.7 888 917
X v X X X 81.5 827 888 0913
v v v X X 843 864 903 92.1
v v v v X 84.6 877 904 92.1
v v v v v 84.7 889 91.0 922

Table 3: Ablation study of PMKD on RGBNT201 (in %).

Ablation Study

To validate the contribution of each component in our
Progressive Multi-modal Knowledge Distillation (PMKD)
framework, we conduct the detailed ablation study on
the RGBNT201 dataset. The results are presented in Ta-
ble 3. We begin by examining two fundamental baselines:
The Multi-Modal knowledge model (MM) and the Modal-
Specific knowledge model (MS), which represent the trade-
off between multi-modal collaborative understanding and
the preservation of modal-specific details.

(1) Effect of Multi-modal Knowledge Transfer (MKT).
Introducing the MKT module leads to a clear performance
gain over the baseline models. Compared to MS alone,
adding MKT improves mAP by +2.8% and R-1 by +3.7%.
This demonstrates the benefit of distilling rich multi-modal
knowledge into the target model. The enhanced multi-modal
understanding empowers the target model to resolve chal-
lenging samples that it previously failed to handle effec-
tively. (2) Effect of Modal-specific Knowledge Retention
(MKR). Adding the second-stage MKR further enhances
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Figure 3: Performance of applying PMKD to typical MM
(Multi-Modal knowledge model) and MS (Modal-Specific
knowledge model) on RGBNT201 (in %). All results are re-
produced for fair comparison.

performance, yielding an improvement of +0.3% in mAP
and +1.3% in R-1. These results highlight the importance
of modal-specific knowledge in preserving fine-grained dis-
criminative cues and mitigating the capability drift intro-
duced by the initial-stage heterogeneous distillation. (3) Ef-
fect of Hardness-aware Distillation Loss (HDL). Incorpo-
rating HDL results in the most significant R-1 improvement
with an additional +1.2% gain, highlighting the importance
of emphasizing hard samples during distillation. This helps
the model focus on challenging instances, leading to more
discriminative feature representations. Overall, these results
confirm that each component of PMKD contributes syner-
gistically to the more robust and discriminative representa-
tion, leading to superior accuracy.

Discussion on PMKD

To further validate the robustness and applicability of
our proposed Progressive Multi-modal Knowledge Distil-
lation (PMKD), we apply it to two representative multi-
spectral ReID methods that reflect different knowledge ex-
cavation paradigms: TOP-ReID (Wang et al. 2024a), a
Modal-Specific (MS) knowledge model that employs ViT-
based (Dosovitskiy et al. 2020) independent backbones
to preserve modal-specific cues, and DeMo (Wang et al.
2025b), a Multi-Modal (MM) knowledge model that lever-
ages shared CLIP (Radford et al. 2021) encoders to capture
multi-modal collaborative understanding. As shown in Fig-
ure 3, PMKD consistently improves performance, demon-
strating its superiority across different knowledge excava-
tion paradigms. Moreover, since TOP-ReID and DeMo are
respectively initialized with ViT and CLIP pretraining, the
results also highlight the robustness of PMKD across dif-
ferent pretraining paradigms. These results further demon-
strate the generalizability of our progressive distillation
strategy, which effectively integrates multi-modal synergy

13357

Methods mAP R-1 R-5 R-10
Decoupling-based distillation

Zhao et al. (2022) 82.6 872 90.7 93.2
Bias-mitigation distillation

Zhang et al. (2025a) 764 77.6 84.8 88.8
Hardness-aware distillation

HDM (Ours) 847 889 91.0 922

Table 4: Comparison of knowledge distillation strategies on
RGBNT201 (in %).

and modal-specific discriminative cues to address hard sam-
ples and break through performance bottlenecks.

Discussion on HDM

To further demonstrate the advantage of our Hardness-
aware Distillation Mechanism (HDM), we compare it
with representative knowledge distillation strategies that
consider hard samples: decoupling-based distillation (e.g.,
DKD (Zhao et al. 2022)) and bias-mitigation distillation
(e.g., BTKD (Zhang et al. 2025a)). The detailed results are
shown in Table 4. Compared to DKD, our HDM achieves
the 2.1% improvement in mAP and the 1.7% gain in R-1,
demonstrating its superior ability to discriminate hard sam-
ples under the open-set RelD setting. It also significantly
surpasses BTKD, further validating the effectiveness of our
hardness-aware distillation strategy. Notably, unlike prior
methods that rely on the source model’s logits to define sam-
ple hardness, HDM dynamically estimates hardness based
on the target model’s own learning status, enabling more
adaptive and context-aware supervision. This target-centric
formulation is particularly well-suited to RelD, where stable
and robust retrieval depends on the model’s ability to adapt
its learning strategy to its own state rather than rigidly fol-
lowing source-driven signals.

Conclusion

In this paper, we worked on the challenge of balancing
multi-modal synergy with preserving modal-specific details
in multi-spectral object RelD. We propose the Progres-
sive Multi-modal Knowledge Distillation (PMKD), a novel
approach that effectively integrates modal-specific knowl-
edge with multi-modal knowledge to better handle hard
samples and overcome performance bottlenecks. PMKD
transfers multi-modal collaborative understanding to modal-
specific models through Multi-modal Knowledge Transfer,
while the Modal-specific Knowledge Retention stage em-
ploys architecture-consistent distillation to mitigate capabil-
ity drift. Moreover, the Hardness-aware Distillation Loss fo-
cuses learning on challenging instances while avoiding over-
fitting, ensuring stable knowledge transfer. Experiments on
three benchmark datasets demonstrate PMKD’s state-of-the-
art performance and generalizability. In the future, we will
explore real-time capability evaluation to select the optimal
model to further improve the final model’s robustness and
adaptability to unseen data.
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