The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Dual-Teacher Interactive Knowledge Distillation Network for Text-to-Visible &
Infrared Person Retrieval

Chenglong Li'?, Zhengyu Chen'?, Yifei Deng’, Aihua Zheng'>
ISchool of Artificial Intelligence, Anhui University, Hefei 230601, China
2 Anhui Provincial Key Laboratory of Multimodal Cognitive Computation, Anhui University

3School of Computer Science and Technology, Anhui University, Hefei 230601, China
lcl1314 @foxmail.com,wa24301145 @stu.ahu.edu.cn,yf-ah@foxmail.com,ahzheng2 14 @foxmail.com

Abstract

Text-to-visible & infrared person retrieval aims to retrieve the
corresponding visible (RGB) and thermal infrared (TIR) im-
ages given the text descriptions. Existing methods perform
semantic decoupling by aligning RGB and TIR features sepa-
rately to different attributes, thereby facilitating the alignment
between the fused multimodal representation and the text.
However, insufficient TIR representation ability and cross-
view representation capabilities of RGB and TIR modalities
limit the retrieval accuracy and robustness. To address these
issues, we propose a novel Dual-teacher Interactive Knowl-
edge Distillation Network called DIKDNet, which performs
the interactive knowledge distillation between two modality-
specific teachers with rich cross-view representation capa-
bilities to enhance TIR representations and the collabora-
tive knowledge distillation from both teachers to the cor-
responding students to enhance the cross-modal cross-view
representations, for robust text-to-visible & infrared person
retrieval. Specifically, to enhance the representation ability
of the TIR backbone network while preserving modality-
specific characteristics, we design an Interactive Knowledge
Distillation Module (IKDM), which introduces a boundary-
constrained distillation strategy between RGB and TIR back-
bones, to transfer the semantic features of RGB backbone to
TIR one. To enhance the cross-modal cross-view represen-
tation capability, we design a Collaborative Knowledge Dis-
tillation Module (CKDM) to transfer the cross-modal sim-
ilarity relations and the cross-view multimodal representa-
tions from teacher networks to student ones. Experimental
results demonstrate that our method consistently achieves sig-
nificant performance gains on both the RGBT-PEDES and
RGBNT201-PEDES datasets. The code will be released upon
the acceptance.

Introduction

Person Re-identification (Wang et al. 2024; Deng et al.
2024) is a key computer vision task, but it heavily relies
on the prior acquisition of target pedestrians’ images for re-
trieval. The subsequently emerged text-to-image person re-
trieval (Chen, Xu, and Luo 2018), as a cross-modal retrieval
task (Lei et al. 2022; Miech et al. 2021), can retrieve tar-
get pedestrians from image databases using natural language
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Figure 1: (a) The modal gap between RGB and TIR means
pre-trained encoders cannot fully adapt to TIR characteris-
tics, leading to insufficient TIR representation. (b) Under
varying lighting and angles, cross-modal and cross-view dif-
ferences exist for the same person. Failing to model these
impairs retrieval accuracy.

descriptions as queries. This traditional text-to-image person
retrieval method (Chen et al. 2021; Chen, Xu, and Luo 2018)
mainly focuses on mapping visible-light images and texts
into a unified embedding space, and then improves retrieval
performance through a combination of global feature match-
ing and fine-grained alignment (Deng et al. 2025a; Zuo et al.
2024b; Deng et al. 2025b). However, these methods suf-
fer from a sharp drop in performance under complex light-
ing conditions such as low light and nighttime, due to the
loss of information in visible-light images. In contrast, TIR
images capture long-wave infrared radiation (8-14 pm) (Ha
etal. 2017; Ring and Ammer 2012) emitted by objects them-
selves, which can stably preserve pedestrian contours and
structural features in low-light environments, providing a
new solution for all-weather retrieval.

Building on the above advantages, (Deng et al. 2026) are
the first to propose the Text-to-visible & Infrared Person Re-
trieval task. This task uses textual descriptions as queries
to retrieve paired RGB and TIR person images. By fus-
ing the complementary information of the two modalities,
it achieves robust retrieval under complex lighting condi-
tions. Through a modality-specific text masking mechanism,
they categorize textual attributes into color-related, color-
unrelated, and other categories, which are aligned with RGB
and TIR features respectively. Then, the retrieval is com-
pleted through global-local matching between fused features



and text. However, it still has significant limitations. Cur-
rently, encoders are mainly pre-trained on visible-light data,
facing an inherent modal gap between RGB and TIR (Fig. 1
(a)) that makes them incompatible with TIR characteristics.
Meanwhile, cross-modal and cross-view differences (Fig. 1
(b)) affect the task’s ability to model feature associations of
the same identity. These two challenges jointly impair re-
trieval performance and robustness.

To address the above issues, this paper proposes a
Dual-Teacher Interactive Knowledge Distillation Network
(DIKDNet). It improves the quality of TIR features and
the capability of cross-modal and cross-view representation
through interactive distillation between teacher networks
and collaborative distillation between teachers and students.
Specifically, in the dual-teacher network architecture, we de-
sign an Interactive Knowledge Distillation Module (IKDM)
to enhance the representation ability of the TIR modality.
Considering the advantages of the RGB modality in seman-
tic information such as texture and color, as well as the
structural preservation characteristics of the TIR modality in
low-light scenarios, this module realizes knowledge interac-
tion between the RGB and TIR teacher networks through a
boundary-constrained distillation strategy. On the one hand,
it transfers the ability of semantic feature extraction from
the RGB teacher to the TIR teacher, making up for the
deficiency of TIR in detailed representation. On the other
hand, by constraining the distance boundary between RGB
and TIR features, it prevents the TIR modality from losing
its unique core attributes such as contours and structures.
This controllable knowledge transfer mechanism not only
improves the semantic richness of TIR features but also pre-
serves their modality specificity.

To further enhance the model’s cross-modal and cross-
view representation capabilities, we design a Collaborative
Knowledge Distillation Module (CKDM) to enable knowl-
edge transfer from the dual-teacher network to the student
network. Notably, during training, the teacher network can
build associative knowledge using multi-view RGBT im-
ages and corresponding texts of the same identity (Yan et al.
2023). However, in inference, only single-view query texts
and retrieval images are available. Thus, it is necessary to
distill the teacher’s associative modeling ability into the stu-
dent, ensuring robust performance under single-view input.
Specifically, the dual-teacher network learns cross-modal
similarity relationships. By constraining the student network
to have a similarity distribution consistent with that of the
teacher, the accuracy of its cross-modal semantic alignment
is improved. Meanwhile, the cross-view multi-modal repre-
sentations constructed by the dual-teacher guide the student
network to learn robust feature associations across views,
enabling it to maintain retrieval consistency when facing
view changes. Through the collaborative transfer of these
two aspects, the student network inherits the cross-modal
modeling ability and cross-view robustness of the teacher.

The contributions of this work are summarized as follows:

* We propose DIKDNet, which adopts an online distilla-
tion paradigm without requiring pre-trained teacher mod-
els, enabling knowledge interaction between modality-
specific teachers and collaborative transfer to students.
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* We design IKDM to enhance TIR feature representation
while preserving its modality-specific attributes through
a boundary-constrained distillation strategy.

* We construct CKDM to enhance the student model’s
cross-modal and cross-view collaborative representation
capabilities via cross-view multimodal representation
transfer and cross-modal similarity relationship transfer.

* We verify the superiority of the proposed method through
experiments on the RGBT-PEDES and RGBNT201-
PEDES datasets, with performance significantly outper-
forming existing state-of-the-art technologies.

Related Work
Text-Image Person Retrieval

The text-to-image person retrieval task, proposed in (Li
et al. 2017b), aims to retrieve the target person’s image
from a dataset using textual descriptions by aligning fea-
tures between text and images. Its core lies in mapping im-
age and text features into a unified space and strengthen-
ing the associations between corresponding pairs. In feature
extraction, the backbone has evolved from early indepen-
dent encoders (VGG (Li et al. 2017a; Simonyan and Zis-
serman 2014), LSTM (Hochreiter and Schmidhuber 1997))
to ResNet (He et al. 2016) and BERT (Devlin et al. 2019),
and now commonly uses CLIP’s dual-stream encoder (Liu
et al. 2024; Radford et al. 2021). CLIP excels at pre-trained
cross-modal matching but lacks TIR adaptation, leading to
suboptimal TIR feature extraction. Meanwhile, in cross-
modal alignment, early methods focused on global feature
matching (Chen et al. 2021; Chen, Xu, and Luo 2018) but
missed fine-grained details, followed by explicit local align-
ments (Chen et al. 2022; Zhu et al. 2021) targeting region
correspondences. Most recently, implicit alignment meth-
ods (Farooq et al. 2022; Jiang and Ye 2023) have emerged
to capture cross-modal relationships without explicit region-
level supervision. Despite these advancements in accuracy
and efficiency, nearly all existing methods rely heavily on
visible-light images. This dependence leads to a sharp per-
formance drop in low-light conditions, where visible-light
image information is severely degraded or lost. To address
the limitation in low-light conditions, (Deng et al. 2026)
are the first to propose the text-to-visible & infrared person
retrieval task. They improve robustness by decoupling the
alignment between text and RGBT, yet overlook the mod-
eling of cross-modal and cross-view associations. For this
reason, we propose DIKDNet, which optimizes CLIP’s TIR
feature extraction and strengthens cross-modal and cross-
view collaborative representation capabilities to meet re-
trieval needs in complex scenarios.

Knowledge Distillation

Knowledge distillation (Hinton, Vinyals, and Dean 2015) is
a model compression and cross-network knowledge trans-
fer technology that aims to transfer knowledge from large
or complex teacher models to small, simple student models.
It has been widely applied in tasks such as visual recog-
nition (Huang et al. 2024; Yang et al. 2022) and multi-
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Figure 2: The dual-teacher interactive distillation network framework is an online distillation architecture. IKDM aims to force
the TIR branch output to mimic the features of the visible-light branch output, and enhance its infrared extraction capability
while preserving discriminative features by controlling the minimum distance between features. CKDM collaboratively trans-
fers cross-view multimodal representations and cross-modal similarity relationships, which enhances the network’s ability for
multimodal and multi-view collaborative representation and further improves retrieval performance.

modal representation learning (Li et al. 2024). In early stud-
ies, (Hinton, Vinyals, and Dean 2015) achieve knowledge
transfer using KL divergence, while (Romero et al. 2014)
do so using mean squared error. With the development of
multimodal tasks, researchers have begun to explore mul-
timodal knowledge distillation. Some works (Yang et al.
2024) transfer knowledge from CLIP to downstream tasks
through methods such as feature distillation and relation
distillation. In cross-modal distillation, works like (Gupta,
Hoffman, and Malik 2016; Tian, Krishnan, and Isola 2019)
have achieved distillation from RGB to depth images by us-
ing RGB texture knowledge to guide depth feature extrac-
tion, while (Zha et al. 2022) treat RGB as a teacher for
TIR target tracking tasks, improving TIR’s target represen-
tation ability. These efforts collectively verify the value of
RGB knowledge in enhancing the feature representation of
other modalities. In contrast, this paper realizes cross-modal
distillation through interactive distillation with a boundary
constraint strategy, enabling the TIR branch to retain its
unique structural attributes while receiving semantic knowl-
edge from RGB. Then, through the collaborative knowledge
distillation module, the cross-modal similarity relations and
cross-view multimodal representations learned by the dual
teachers are transferred to the student network, allowing it to
maintain robust cross-modal and cross-view alignment even
during single-view inference.
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Dual-Teacher Interactive Knowledge
Distillation Network

Overview

As illustrated in Fig. 2, DIKDNet is an online distillation
framework designed to enhance the one-to-one retrieval per-
formance of text-to-visible & infrared person by transfer-
ring knowledge from a teacher network to a lightweight stu-
dent network. Both the teacher and student networks use
CLIP’s pre-trained models for image and text feature extrac-
tion, leveraging its mature encoding capabilities for visible
images and text. The teacher network is further equipped
with dedicated RGB and TIR image encoders, a text en-
coder, and a view fusion module, focusing on learning cross-
modal and cross-view collaborative representations. Specifi-
cally, it leverages multi-view RGBT images and correspond-
ing text to model associations between modalities and across
views. In contrast, the student network adopts a shared im-
age encoder and inherits the core capabilities of the teacher
through collaborative distillation, maintaining performance
while ensuring inference efficiency.

Dual-Teacher

To enhance cross-modal and cross-view collaborative repre-
sentation, the teacher network takes multi-view RGBT im-
ages and text (including original text and color-erased text)



as input. After feature extraction by encoders, features from
different views of the same modality are integrated to ob-

tain Fr";b, anr, Fét, and E{m. Specifically, for image fea-
ture fusion, the image feature is first added to the image
feature from a different view of the same ID, and then pro-
cessed through a 4-layer Transformer encoder to generate
the fused image feature Fi[fng. For text feature fusion, simply
sum multi-view text features to obtain the fused text feature
th;. To enhance the dual teachers’ ability to model associa-
tions between modalities and across views, we design bidi-
rectional alignment and global alignment. For cross-modal
alignment, we adopt the SDM loss (Jiang and Ye 2023),
which enforces bidirectional consistency between image and
text features. Using the SDM loss, we perform bidirectional
alignment between fused and unfused features to constrain
the view fusion effect. The bidirectional alignment loss is
defined as:

ey
where Lpx¢ 1S computed as the sum of two contrastive
losses using the SDM loss: one between the fused RGB
feature Fr{;b and the unfused text feature Fiy, and the other

between the unfused RGB feature Fig, and the fused text

feature th:t. Similarly, Lirixine i constructed following the
same mechanism to enforce alignment between the TIR and
color-erased text modalities.

On this basis, global alignment is designed to reduce the
distance between multi-view fused RGBT comprehensive
features and text features, which is realized by strengthening
associations at a higher level. The multimodal fused feature

(the sum of FrJ;b and anr, denoted as Fr{;bt) is aligned with
Ft{t via the SDM loss:

Lo = Loam (Floo F) - @

The overall optimization function of the Dual-Teacher Net-
work integrates the IKDM, bidirectional alignment, and
global alignment losses to comprehensively learn cross-
modal semantic associations, cross-view feature invariance,
and multimodal global consistency:

EBiA = £rgb—txt + ctir—lxtnm

3

Lpual-Teacher = Likpm + Laia + Laga.

Collaborative Knowledge Distillation Module

While teacher networks can build associative knowledge us-
ing multi-view RGBT images and texts of the same identity
during training, only single-view query texts and retrieval
images are available in inference. Thus, we transfer cross-
modal and cross-view collaborative representation capabili-
ties from teachers to students via the Collaborative Knowl-
edge Distillation Module. CKDM transfers core knowledge
from the teachers to the student through two pathways:
cross-view multimodal representation transfer and cross-
modal similarity relationship transfer.

Cross-View multimodal Representation Transfer
(CVRT). This approach focuses on transmitting the dis-
criminative feature patterns learned by the teachers. The
teacher network has already mastered RGB texture features,
TIR structural features, and their fused representations
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during multi-view training. By forcing the student to mimic
the teachers’ output features, this transfer ensures the stu-
dent inherits the teachers’ feature representation capability.
Specifically, it minimizes the mean squared error (MSE)
between the student’s and teachers’ features:

£CVRT = Lmse ( erta F, rébt) + ﬁmse (Eitmaskﬂ Fm{t) ) (4)

where Ff;bt denotes the fused RGBT feature of the teacher

network, and th; denotes the teacher’s text feature.
Cross-Modal Similarity relationship Transfer (CMST).
This mechanism is dedicated to transmitting the seman-
tic association logic modeled by the teachers. The teacher
network has formed stable cross-modal alignment patterns
through multi-view training. By aligning the student’s and
teachers’ cross-modal similarity distributions, this transfer
ensures the student inherits the teachers’ cross-modal as-
sociation logic. Specifically, we compute similarity distri-
butions for two critical cross-modal pairs from both the
teacher and student networks, where the similarity met-
ric sim(+,-) is defined as cosine similarity. For RGB-text
pairs, the teacher network’s similarity is defined as S;

sim(F?, | FJ)) and the student network’s counterpart is S5

rgh? -
sim(F;';;b7 E)). For TIR-cololr—era.sed text pairs, the teacher’s
similarity is S3 = sim(F[f;,Ftﬁmc) while the student’s is

Sy = sim(F, Fi3). The cross-modal similarity relation-
ship transfer loss is defined by minimizing the MSE between

these distributions:

Lewst = [|S1 = Sal3 + [|155 — Sall3- &)

This loss ensures the student learns bidirectional asso-
ciations between RGB-text and TIR-textnc, strengthening
cross-modal and cross-view semantic consistency. The total
distillation loss of CKDM integrates the two transfer path-
ways:
(6)
Moreover, to ensure the student network’s basic cross-
modal alignment capability, we design a basic alignment as
follows: RGB and TIR images are fed into the shared en-
coder to obtain features, Fi5,, and [, which are then fused
into a unified image representation . For text processing,
random masking is adopted as an augmentation method, and
the processed text is encoded into a text representation Fi3,
via the text encoder. The fused image representation and text
representation achieve basic cross-modal alignment through
the SDM loss. Thus, the basic alignment loss of the student
network is defined as:

[’BA = Csdm ( erlv

Lcxom = Levrr + Leowmst-

Fium)

Interactive Knowledge Distillation Module

)

To further enhance the representation capability of the visual
encoder for the TIR modality while preserving its modality-
specific attributes, we design an Interactive Knowledge Dis-
tillation Module (IKDM), which introduces a boundary-
constrained distillation strategy between two modality-



specific teacher networks, effectively improving the repre-
sentation of TIR modality information. Considering the sig-
nificant cross-modal domain gap between RGB and TIR,
directly forcing the TIR modality to fully mimic the out-
put of the RGB teacher network may lead to overfitting and
the loss of modality-specific information. Thus, we intro-
duce a boundary constraint parameter m in the distillation
process, which allows TIR features to moderately inherit
RGB semantic representations while retaining their inherent
modality-specific characteristics. Specifically, given the fea-
ture outputs of the RGB teacher F'rgb and the TIR teacher
F'tir, the proposed Interactive Knowledge Distillation loss is
defined as: The IKDM loss is defined as:

Lixpm = {m — || Figb — FnrH;J L (3)
where |-]; represents non-negative truncation, and m is a
hyperparameter controlling the upper bound of feature simi-
larity. This balances semantic consistency with RGB and the
uniqueness of the TIR modality.

Experiments

In the following section, we first present the datasets, eval-
uation metrics, and implementation details employed in the
experiments. For comparative experiments, we extend a sub-
set of traditional text-to-image person retrieval methods by
incorporating a TIR branch, and conduct experiments on
both the RGBT-PEDES dataset and the RGBNT201-PEDES
dataset. Finally, we perform ablation studies to assess the ef-
fectiveness of each component in our proposed method.

Datasets and Metrics

RGBT-PEDES is the first benchmark dataset incorporating
thermal modality into text-image person retrieval, including
1,822 persons and 7,987 manually annotated descriptions.
Each identity has multiple paired RGBT images from differ-
ent viewpoints, with 1-2 text descriptions attached to each
image pair. The training set contains 1,266 identities, 3,250
pairs of RGBT person images, and 5,497 text descriptions,
while the test set includes 553 identities, 1,473 image pairs,
and 2,490 descriptions.

RGBNT201-PEDES is an extended dataset derived from
the original RGBNT201 dataset (Zheng et al. 2021). The
base RGBNT201 dataset contains 201 identities, where each
identity includes at least 20 non-consecutive image triplets
covering three modalities (RGB, NIR, TIR), totaling 4,787
images. Subsequently, Wang et al. (Wang et al. 2025) gen-
erated modality-specific text descriptions for each image
in RGBNT201, resulting in separate descriptions for RGB,
NIR, and TIR images. To adapt these descriptions to our
task, where RGB and TIR images of the same identity must
share a unified text. We used a Qwen7b model (distilled by
DeepSeek-R1) to merge the RGB and TIR descriptions into
a single unified text. Through this process, the RGBNT201-
PEDES dataset was constructed. Its training set contains 171
identities, 3,951 pairs of RGBT person images and text de-
scriptions, and the test set includes 30 identities, 836 image
pairs, and descriptions.
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Metrics. We use Rank-k (k=1, 5, 10) as the primary eval-
uation metric, which measures the probability of finding at
least one matching person image within the top-k candidate
list when given a text description as a query. Meanwhile,
Mean Average Precision (mAP) is used for comprehensive
evaluation.

Implementation Details

Experiments are conducted on PyTorch using a single RTX
A6000 48GB GPU. The image encoder referenced through-
out is CLIP-ViT-B/16, and the text encoder is a 12-layer
Transformer. Notably, instead of training the model from
scratch or using the original CLIP weights, we initialize both
encoders with pre-trained weights from (Tan et al. 2024) on
the LUPerson-MLLM dataset. All input images are resized
to 384 x 128 pixels, with each textual description limited to
a maximum length of 77 tokens. Image augmentation is ap-
plied via random horizontal flipping, random cropping, and
random erasing. Following IRRA (Jiang and Ye 2023), our
model is trained for 60 epochs using the Adam optimizer,
with an initial learning rate of 1 x 10~° and cosine learning
rate decay. The temperature parameter 7 in the SDM loss for
both teacher and student models is set to 0.02.

Comparison with State-of-the-Art Methods

In this section, we present comparison results of DIKDNet
against state-of-the-art methods on two benchmark datasets.

RGBT-PEDES
Methods RT R5 R-10 mAP

NAFS (Ding ctal. 2021) [ 25.83 5031 6099 -
TIPCB (Chen et al. 2022) | 16.11 36.94 49.07 15.03
LGUR (Shao et al. 2022) |27.63 52.97 64.62 24.49
APTM (Yang et al. 2023) | 53.15 78.54 85.94 49.62
IRRA (Jiang and Ye 2023) |55.62 80.14 87.91 52.43
PLIP (Zuo et al. 2024a) | 26.41 4874 59.44 23.04
TBPS-CLIP (Cao et al. 2024) | 51.81 71.81 79.75 48.61
CFAM (Zuo et al. 2024b) | 55.64 80.60 88.15 52.76
RDE (Qin etal. 2024) | 61.57 8426 89.88 57.81
NAM (Tan et al. 2024) | 65.51 86.26 92.04 61.33
DM-Adapter (Liu et al. 2025) | 51.41 77.03 87.07 49.15
VFE-TPS (Shen et al. 2025) |55.62 80.28 87.91 53.07
DCAlign (Deng et al. 2026) | 5847 82.01 89.52 54.59
DIKDNet 69.92 88.80 9321 64.86

Table 1: Comparison results on the RGBT-PEDES dataset.
The best results are bolded, and the second-best are under-
lined.

Performance Comparisons on RGBT-PEDES. As shown
in Table 1, DIKDNet outperforms all comparative meth-
ods on the RGBT-PEDES dataset. Traditional methods (e.g.,
NAM, VEE-TPS, DM-Adapter) achieve only 55%—65.5%
Rank-1, as they lack TIR adaptation. Our IKDM ad-
dresses this issue by enhancing TIR feature representa-
tion while preserving its modality-specific attributes through
a boundary-constrained distillation strategy. DCAlign, the
sole existing method tailored to this task, lags significantly



behind DIKDNet. This performance gap arises from its in-
ability to model cross-modal and cross-view associations ef-
fectively, whereas our CKDM module effectively addresses
these challenges.

Performance Comparisons on RGBNT201-PEDES. As
shown in Table 2, DIKDNet achieves more modest gains
over traditional methods. This limited improvement relates
to the dataset’s intrinsic characteristics: images are captured
from consecutive video frames, resulting in small intra-
identity variations in viewpoint. Our framework, which ex-
cels at leveraging cross-view diversity, struggles to demon-
strate full potential here. The narrow view variance reduces
opportunities to utilize its cross-modal and cross-view en-
hancement mechanisms. Despite this, DIKDNet still outper-
forms baselines, validating its generalizability.

RGBNT201-PEDES

Methods R1 R5 R-10 mAP

NAFS (Ding ctal. 2021) | 2344 3827 4952 -
TIPCB (Chen et al. 2022) | 21.77 37.67 48.80 17.24
LGUR (Shao et al. 2022) | 1591 3337 43.18 13.43
APTM (Yang et al. 2023) | 37.56 52.63 61.84 27.85
IRRA (Jiang and Ye 2023) |37.92 52.75 61.84 29.10
PLIP (Zuo et al. 2024a) | 8.01 1459 19.13 6.62
TBPS-CLIP (Cao et al. 2024) | 26.19 41.02 5239 24.21
CFAM (Zuo et al. 2024b) | 39.11 5454 62.56 29.56
RDE (Qin etal. 2024) | 38.52 56.22 65.55 27.27
NAM (Tan et al. 2024) | 43.30 58.85 66.86 32.53
DM-Adapter (Liu et al. 2025) | 37.08 51.67 60.41 28.15
VFE-TPS (Shen et al. 2025) | 38.87 53.46 62.08 30.14
DIKDNet 4450 5933 67.58 35.26

Table 2: Comparison results on the RGBNT201-PEDES
datasets. The best results are bolded, respectively.

Ablation Analysis

To evaluate the effectiveness of each component in DIKD-
Net, we conducted a comprehensive set of ablation exper-
iments under the same experimental settings. The baseline
refers to a student network that uses a shared encoder to ex-
tract RGB and TIR features. These features are fused into
a unified representation, which is then constrained with text
features via the SDM loss to achieve cross-modal alignment.

Effectiveness of CKDM. The baseline method (No.0 in
Table 3), without any knowledge distillation components,
provides a reference point for evaluating CKDM'’s contribu-
tions. Incorporating CVRT alone (No.1) boosts results, con-
firming its value in transferring cross-view robustness, en-
suring retrieval consistency across varying viewpoints. Us-
ing CMST alone (No.2) validates its role in distilling cross-
modal and cross-view similarity knowledge from teachers to
the student, enhancing cross-view text-image alignment as
designed. Combining both components (No.3) yields gains
exceeding individual contributions, reflecting their synergy:
CVRT strengthens cross-view consistency, CMST enhances
cross-modal alignment, and together they enable the stu-
dent to inherit the teachers’ dual capabilities, underscoring
CKDM’s collaborative design.
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Figure 3: Impact of Hyperparameter m in IKDM on the
RGBT-PEDES Dataset

Effectiveness of IKDM. Adding IKDM to CKDM (No.4)
further improves all metrics, highlighting its role in enhanc-
ing TIR features. Through boundary-constrained distillation
between dual-teachers, IKDM enriches TIR with RGB’s se-
mantic details while preserving TIR’s structural integrity.
This confirms IKDM complements CKDM by first strength-
ening teacher features to lay a better foundation for CKDM’s
knowledge transfer, forming a cohesive framework.

CKDM
No. CVRT [ CMST IKDM| R-1 R-5 R-10 mAP
0 65.66 86.51 92.77 61.45
1 v 67.51 87.87 93.01 62.75
2 v 66.75 86.83 92.89 63.23
3 v v 69.32 88.19 93.17 64.64
4 v v v 69.92 88.80 93.21 64.86
Table 3: The ablation experiments on RGBT-PEDES

demonstrate the necessity of boundary constraint.

Impact of Hyperparameter m in IKDM. The hyperpa-
rameter m, whose range is determined by observing that the
distillation loss drops from 0.32 to 0.2 and then plateaus,
controls the target similarity degree between RGB and TIR
features in the teacher network. As shown in Fig. 3, if m is
too large, the constraint will be too loose, resulting in weak
supervision. if m is too small, it may cause TIR features to
be excessively similar to RGB features, thereby losing their
unique characteristics.

Necessity of Boundary Constraint in IKDM. Table 4
presents ablation experiments on the impact of IKDM’s
boundary constraint on model performance in RGBT-
PEDES. As shown in the table, when the boundary con-
straint (a key component of IKDM) is removed, the model
performance even drops below that of No. 3 in Table 3.
This indicates that without IKDM’s boundary control, TIR
features tend to overfit to RGB features, resulting in per-
formance degradation, thus confirming the necessity of this
constraint within IKDM.

Ablation Studies on Distillation Design. Table 5 presents
ablation studies on key distillation design, validating their
impact on model performance. Unified Teacher (shared



Query Baseline Retrieval Results
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down the road,she 1
was wearing white 1
short  sleeves on |
top,her pants were a !
short black skirt and g
her shoes were a!
pair of  white
sneakers.
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Our Retrieval Results

Figure 4: The results show that our method outperforms the baseline in retrieval accuracy, not only retrieving correct results
under various lighting conditions but also capturing more viewpoints.

RGBT-PEDES
Methods RT KR35 RI0 mAP
Baseline 65.66 86.51 92777 61.45
W/O boundary constraint | 68.79 88.23 93.01 64.29
W boundary constraint | 69.92 88.80 93.21 64.86

Table 4: Ablation studies on the boundary constraint for
RGBT-PEDES, where W/O boundary constraint denotes the
model without boundary constraint and W boundary con-
straint denotes the model with boundary constraint.

RGB-TIR teacher weights) impairs the teacher’s modality-
specific discriminative capabilities, while Unified View
(same-image multi-view input) weakens cross-view robust-
ness. These results thus underscore our design choices
of separate modality-specific teacher branches and multi-
view input processing, which collectively enhance modality
specificity and cross-view invariance.

Qualitative Results

Fig. 4 presents the top-10 retrieval results for two dis-
tinct identities, contrasting the baseline method with our ap-
proach. In the first identity of the upper group of results, un-
der general lighting conditions where RGB is clear and TIR
features are distinguishable, our method retrieves more cor-
rect results, demonstrating superior precision. In the second
identity of the lower group of results, even under poor light-
ing conditions where RGB visual details are less obvious,
our method still improves retrieval performance by relying
on TIR features.

Meanwhile, the baseline method struggles to filter out ir-
relevant candidates, but our method not only retrieves cor-
rect matches but also accommodates different viewing an-
gles. This improvement stems from two key components.
Our IKDM bolsters TIR representation for robustness in
complex lighting. The CKDM inherits cross-modal and
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cross-view modeling strengths from teacher networks to
adapt to viewpoint variations. In essence, our method excels
across lighting conditions and effectively leverages multi-
view information for more reliable person retrieval.

RGBT-PEDES
Methods RT RS5 R-I0 mAP
Bascline | 65.66 8651 92.77 6145
Unified Teacher | 68.88 87.95 93.05 64.59
Unified View | 68.43 8839 93.01 63.67
DIKDNet | 69.92 88.80 9321 64.86

Table 5: The ablation experiments demonstrate the necessity
of critical distillation design choices on RGBT-PEDES.

Conclusion

In this paper, we propose the DIKDNet for text-to-visible
& infrared person retrieval, aiming to address the issues
of insufficient TIR representation and weak cross-modal
and cross-view collaborative representation capabilities in
existing methods. To enhance TIR feature representation
while preserving its modality-specific attributes, we design
the IKDM that enables controlled knowledge transfer be-
tween RGB and TIR teacher networks through a boundary-
constrained strategy. For strengthening cross-modal and
cross-view collaborative representation, we introduce the
CKDM, which transfers cross-modal similarity relations and
cross-view multimodal representations from dual teachers
to the student network. These modules jointly align multi-
modal images and text into a unified embedding space. Ex-
periments on RGBT-PEDES and RGBNT201-PEDES show
DIKDNet outperforms state-of-the-art methods, with abla-
tion studies validating each module’s effectiveness.
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