M2S-KD: A Multi-to-Single Modal Distillation
Framework for Visible-Infrared Object Detection

Abstract. While Visible-Infrared (RGB-IR) object detection achieves
remarkable performance by fusing complementary information, its de-
ployment is hindered by registration requirements and the high com-
putational cost of multi-stream architectures. To overcome these limita-
tions, we propose a novel Multi-to-Single Modal Knowledge Distillation
(M2S-KD) framework. This framework leverages a powerful multi-modal
teacher to guide a cost-effective single-modal student model, transfer-
ring rich cross-modal knowledge without incurring additional inference
overhead. We systematically investigate diverse distillation strategies,
integrating channel-wise saliency alignment and structural alignment at
the feature level with cross-head prediction alignment at the logit level.
Through extensive experiments across diverse distillation configurations
on two RGB-IR benchmark datasets, DroneVehicle and LLVIP, we re-
veal that the core of cross-modal distillation lies in providing attention
guidance, enabling the student to focus on discriminative regions. M2S-
KD consistently and significantly boosts the performance of single-modal
models across all settings, without introducing any extra inference cost.

Keywords: RGB-IR object detection- Knowledge distillation- Hierar-
chical knowledge transfer.

1 Introduction

Object detection in adverse conditions such as low illumination and complex
backgrounds is crucial for autonomous systems like drones and surveillance plat-
forms [9]. To achieve robustness, the field has increasingly turned to multi-modal
object detection (MMOD), particularly combining visible (RGB) and infrared
(IR) images [20129]. This pairing is natural due to their complementary charac-
teristics: the RGB modal provides rich textural and semantic detail in well-lit
conditions, while the IR modal mainly captures thermal radiation, offering reli-
able object outlines in darkness or through obscurants [27].

Existing methods exploit this complementarity through intricate feature fu-
sion within multi-stream architectures. Models such as OAFA [4], CAGTDET [32],
and C2Former [33] are designed to interactively combine cross-modal features,
extracting modal-specific information, which has led to superior performance
compared to single-modal detectors [36/4T]. However, this performance gain
from RGB-IR object detection comes with costs that hinder real-world deploy-
ment. First, multi-stream architectures substantially increase computational de-
mands, requiring approximately 2x more parameters (Params) and 1.5x floating-
point operations (FLOPs) than single-modal baselines [36/1I33]. Second, most



fusion paradigms critically depend on registered image pairs [30/33]. In practice,
inherent sensor differences create a persistent modal gap [13]. Imperfect regis-
tered multi-modal data leads to misaligned feature fusion, ultimately degrading
rather than enhancing detection accuracy [4121].

To address above bottlenecks, we investigate a question: Can a single-modal
network match the performance of a multi-modal network without requiring
multi input? In response, we introduce M2S-KD, a novel Multi-to-Single Modal
Knowledge Distillation framework. To the best of our knowledge, we are the
first to propose the method of transferring knowledge from multi-modal to single-
modal in the field of RGB-IR object detection. M2S-KD leverages a state-of-the-
art (SOTA) MMOD model as a teacher to distill its rich cross-modal knowledge
into a student network that operates on a single modal (IR-only). This enables
the student network to learn rich cross-modal knowledge from the teacher net-
work.

Our framework incorporates three key distillation strategies that across both
feature and logit levels. At the feature level, we employ Channel-Wise Knowl-
edge Distillation (CWD) [22] to guide channel-wise saliency, and Pear-
son Correlation Coefficient Knowledge Distillation (PKD) [2] to align
inter-feature structural correlations. At the logit level, we adopt Cross-Head
Knowledge Distillation (CrossKD) [24] to mimic teacher’s final prediction.
Extensive experiments on two challenging RGB-IR detection benchmarks show
that M2S-KD significantly boosts the performance of single-modal baselines. Re-
markably, the distilled student model achieves competitive accuracy with multi-
modal teacher, validating the feasibility of cross-modal knowledge distillation for
a single-modal detection. Our core contributions are summarized as follows:

e We propose M2S-KD, the first general knowledge distillation framework
tailored for RGB-IR object detection. It effectively bridges the performance gap
between single-modal and multi-modal detectors while maintaining inference
efficiency.

e We construct a hierarchical knowledge transfer mechanism that system-
atically integrates saliency, structural, and prediction alignment. Our extensive
experiments reveal that saliency alignment is particularly robust for cross-modal
distillation, offering key insights for future work.

e We conduct comprehensive experiments and ablations on two RGB-IR
benchmarks, DroneVehicle [23] and LLVIP [9]. The results demonstrates the ef-
ficacy of our framework, yielding significant performance gains of 3.7% mAP
and 2.2% mAP over the single-modal baseline, respectively. Moreover, the dis-
tilled student model outperforms most prior multi-modal methods.

2 Related Works

2.1 RGB-IR Object Detection

Multi-stream architectures, typically comprising two or more branches, have be-
come the dominant paradigm in RGB-IR object detection, with numerous studies
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demonstrating their effectiveness. Early works, such as Li et al. [12], incorpo-
rated an illumination-aware weighting mechanism within a two-stream network
to adaptively fuse and select multispectral features. Addressing the challenge of
spatial misalignment, Chen et al. [4] proposed OAFA, which maps RGB and IR
images into a shared feature space. It utilizes a bias-correction branch with de-
formable convolutions to adaptively predict feature offsets and rectify spatial de-
viations. Similarly, Shen et al. [2I] proposed ICAFusion, leveraging a two-stream
cross-attention network to capture cross-modal complementary information and
implicitly correct displacements. Wang et al. [26] introduced the MGMF mod-
ule, marking the first application of the Mamba architecture in RGB-IR object
detection to extract discriminative representations with linear complexity.

Despite these advancements, multi-stream architectures inevitably incur sig-
nificant computational overhead and rely heavily on registered data. In contrast,
our M2S-KD framework extracts cross-modal knowledge from a teacher model,
enabling a single-stream network to achieve detection performance comparable
to multi-stream models without the burden of registration or extra computation.

2.2 Knowledge Distillation

Knowledge Distillation (KD) [8] facilitates knowledge transfer from a high-
capacity teacher to a compact student, reducing model complexity while main-
taining performance. Existing distillation methods can be broadly categorized
into feature-based and logit-based distillation [I7]. Feature-based Distillation
focuses on aligning intermediate representations. FitNet [19] pioneered this ap-
proach using hint layers to match activations, though its strict element-wise
alignment often leads to overfitting. ReviewKD [5] utilizes cross-layer feature
aggregation to guide student learning. FGD [28] employs ground-truth masks
to balance knowledge transfer between foreground and background. MSCD [25]
enables scale-adaptive representations through multi-branch cross-scale feature
distillation. More relevant to our work are methods that relax strict numerical
constraints: CWD [22] focuses on channel-wise saliency by normalizing activa-
tion maps to minimize the divergence of soft probability distributions; PKD [2]
aligns features via Pearson Correlation Coefficients, relaxing constraints on fea-
ture magnitude to focus on spatial structural relationships.

Logit-based Distillation operates on the final prediction layers. MLKD [10]
proposes a multi-level framework to distill instance, batch, and class information.
CrossKD [24] extracts intermediate features from the student’s detection head
and feeds them into the teacher’s reused head. KD has also been explored in
cross-modal scenarios. For instance, Zhao et al. [36] proposed M2D-LIF, which
addresses feature degradation in RGB-IR fusion by using two single-modal teach-
ers to guide a multi-modal student. Inspired by these works, we explore the in-
verse paradigm: transferring knowledge from a multi-modal teacher to a single-
modal student.
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Fig. 1. Overall framework of the proposed M2S-KD. Given a teacher-student pair,
M2S-KD computes feature-level distillation losses at stage [ of the backbone. For logit-
level distillation, CrossKD calculates the distillation loss between cross-head predictions
and the original teacher outputs. Note that since distillation involves multiple backbone
and head stages, for simplicity we only illustrate the computation at stage [ in the
diagram. Dashed arrows indicate omitted backbone or head stages at other levels, and
the FPN process of the detection network is also simplified for clarity.

3 Method

In this section, we present our proposed M2S-KD framework. As depicted in
Fig. [I, the overall architecture consists of a multi-modal teacher and a single-
modal student. The teacher network accepts both RGB and IR images, whereas
the student network is designed to take only IR input. To effectively trans-
fer cross-modal knowledge, our framework supports distillation at both feature
level and logit level. During training, the student’s backbone features at mul-
tiple scales are aligned with the teacher’s corresponding fused features via two
strategies: CWD and PKD. At the logit level, intermediate features from the
student’s detection head are forwarded into the reused teacher detection head,
and the resulting outputs are supervised via a CrossKD loss. During inference,
the teacher model and the distillation loss are removed, leaving only the single-
modal student to perform detection using IR images as input.

We adopt the SOTA M2D-LIF [36] as our teacher model T, which consists of
two YOLOv8m [I1] networks with dedicated RGB and IR branches respectively,
integrated through the teacher model fusion block. For the student model S, we
employ a YOLOv8m [IT] network that only using IR as the input.
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Given the paired RGB image I,o, and IR image I;;, the input images are
processed by the teacher and student backbones. Both networks comprise a hi-
erarchical structure of convolutional stages. Specifically, the multi-modal teacher
backbone can be formally represented as {BZT"”gb}lL=1 for the RGB branch and
{B/""}£_| for the IR branch, while the student backbone is denoted as {BJ}~_,,
where [ indexes the stage depth (with larger [ indicating deeper semantic levels).
For simplicity, we assume there are L total stages in the backbone (in YOLOv8m,
L =5, though the feature pyramid network primarily utilizes stages 3-5 for de-
tection). Correspondingly, we denote the output features as flT’rgb, lT"r, and
f7 for the RGB branch, IR branch, and student backbone respectively. The
teacher’s fusion module at each stage [ is represented as F}', which integrates
the multi-modal features to produce the fused representation:

f FT( Trgb7 lT,ir) (1)

3.1 Feature-Level Alignment

Strict feature alignment often leads to overfitting [2/5122], resulting in suboptimal
performance. We adopt a soft alignment strategy to facilitate more robust cross-
modal knowledge transfer. This is achieved through two approaches: Saliency
Alignment and Structural Alignment.

Saliency Alignment. To guide the student to focus on semantically salient
foreground regions irrespective of textural differences, we employ CWD [22].
CWD relaxes strict numerical matching by converting activation maps into spa-
tial probability distributions. For the c-th channel at level [, we compute a spatial
probability map ¢(-) via a channel-wise Softmax normalization:

exp(fl c 2/7)
d)(fl,c,i) = H, W, = (2)
ity exp(fie/7)
where i € {1,..., H;W,} indexes the flattened spatial locations, and 7 is a tem-

perature hyperparameter. The distillation loss is defined as the Kullback-Leibler
(KL) divergence between the teacher’s and student’s channel-wise distributions,
summed over all levels and channels:
-2 O HW T
ECWD—Z Zz¢ful MSM) (3)
c=1 =1 d)(flacvi)
This compels the student to replicate the teacher’s spatial attention, effectively
filtering out modal-specific background noise.
Structural Alignment To enable the student to capture the relational
topology of objects, we employ PKD based on Pearson Correlation. PKD aligns
the relative relationships within features rather than their absolute values. For

each feature pyramid level [ and channel ¢, we compute the Pearson Correlation
Coefficient between student and teacher features as:

BHW
1 l(szk stc)(szck_sz:c)
BHW BHW
c= 1\/2 I ’flck /“Llc \/Z ’ lfz,c,k_:“Ec)z

(4)




where uls’c and UEC are the channel-wise means computed across the entire batch
and spatial dimensions for level [ and channel c. The distillation loss minimizes

the correlation distance: .

Lexp =Y (1-m) (5)
=1
This formulation focuses on preserving structural relationships between features
while being invariant to their absolute magnitudes, which is crucial for cross-
modal knowledge transfer.

3.2 Logit-Level Alignment

For the detection head, both the teacher and student networks consist of convo-
lutional blocks organized into different stages. The detection heads of the teacher
and student network are denoted as HY and H>, respectively, where m indexes
the corresponding stage of convolutional blocks. For simplicity, we suppose there
are totally M stages in the detection head (e.g., M= 3 in YOLOv8m). The out-
put feature of Hi is represented as f° . pT denotes the teacher network’s output
prediction. By feeding f° into the remaining layers of the teacher’s detection
head, we obtain the cross prediction result p%:

P° = Ho e (f2) (6)

The total CrossKD loss can be expressed as follows:

1 S T r ST an S T
LrosskD = ‘CCCiossKD (pcls ’ pcls) +‘CCergossKD (preg7 Dreg ) +H'Cér§ssKD (pang7 pang) (7>

where L85 _op and L5y represent the classification and regression distil-

lation losses. They measure the discrepancy between the class predictions ﬁfls,
pgs and the regulation predictions f)fcg, p;rcg, respectively. The additional angu-
lar loss term L5 ) captures the alignment of orientation predictions between
the student and teacher networks. I is an indicator function that equals 1 for
oriented object detection tasks and 0 for horizontal object detection tasks. This
mechanism forces the student’s features to produce outputs compatible with the
teacher’s refined prediction boundaries.

3.3 Overall Optimization Objective

The total training objective for the single-modal student integrates the original
detection loss with the distillation losses:

Lrotal = Lpet + AcwbdLowd + APKDLPKD + AcCrossLCross (8)

where Lpe; denotes the loss of the student predictions p° and the ground truth
pGT. The hyperparameters A\cwp, APkD, AcCross balance the contributions of the
respective distillation modules. Through extensive experiments in the ablation
study, we validated the effectiveness of different distillation combinations, with
all corresponding weights set to 1.0.
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4 Experiments

4.1 Datasets and Evaluation Metrics

M2S-KD is evaluated on two large-scale RGB-IR object detection benchmarks,
DroneVehicle [23] and LLVIP [9], using the mean Average Precision (mAP) and
mAP5q as the evaluation metrics.

DroneVehicle. We evaluate our method on the DroneVehicle dataset [23],
a large-scale multimodal benchmark for oriented vehicle detection in unmanned
aerial vehicle imagery. It contains 28,439 registered RGB-IR image pairs with
953,087 annotated vehicles across diverse altitudes, viewing angles, and illumina-
tion conditions. Oriented Bounding Boxes (OBB) are provided for five categories:
car, truck, bus, van, and freight car.

LLVIP. To validate the generalization of our framework, we also employ the
LLVIP dataset [9], designed for pedestrian detection in low-light conditions. It
consists of 15,488 strictly registered RGB-IR pairs, predominantly captured in
dark scenes, with Horizontal Bounding Box (HBB) annotations. The dataset is
split into 12,025 training and 3,463 testing pairs.

Evaluation Metrics. We adopt the standard mAPs; and mAP for evalu-

ation. Specifically, mAPs5y denotes the average precision at an Intersection over
Union (ToU) threshold of 0.50, while mAP represents the average across IoU
thresholds from 0.50 to 0.95 with a step of 0.05.
Table 1. Models results on the DroneVehicle using the mAP5o and mAP metrics for
detection accuracy. Params, FLOPs and FPS are reported to assess computational
efficiency. All models are configured for oriented object detection. The best results are
highlighted in red and the second-place are highlighted in blue.

test val
Method Modal Car Tru Tre Bus Van mAPs; mAP|mADm Params. Flops FPS
TarDAL [16] RGB+IR|89.5 68.3 56.1 89.4 59.3 72.6 43.3 - - - -
UA-CMDet [23] RGB+IR|[87.5 60.7 46.8 87.1 38.0 64.0 40.1 - - - -
TSFADet [30] RGB+IR|[89.2 72.0 54.2 88.1 48.8 70.4 - 73.1 | 104.7M 109.8G 18.6
CALNet [7] RGB+IR|[90.3 76.2 63.0 89.1 58.5 75.4 - 76.4 - - -
C2Former [33] RGB+IR|90.0 72.1 57.6 88.7 55.4 72.8 42.8| 74.2 | 100.8M 89.9G -
CAGTDet [32] RGB+IR| - - - - - - - 74.6 - - -
OAFA [] RGB-+IR|[90.3 76.8 73.3 90.3 66.0 79.4 - - - - 33.1
DDCINET [T} RGB+IR|[91.0 78.9 66.1 90.7 65.5 78.4 - - 121.7M 124.8G 17.2
M2D-LIF (teacher) [36] |RGB+IR|97.8 81.0 67.9 96.0 64.6 81.4 68.1| 84.5 | 37.0M 124.6G 73.5
RetinaNet [14] RGB |67.5 28.2 13.7 62.1 19.3 38.1 234| 46.1 | 36.4M - -
Faster RCNN [I8] RGB |67.9 38.6 26.3 67.0 23.2 44.6 28.4| 55.9 | 41.8M - -
S2A Net [6] RGB |88.6 58.7 37.3 85.2 414 622 36.9| 61.0 | 33.3M - -
YOLOv8m [IT] RGB |954 76.1 57.2 944 61.0 76.8 62.6| 79.2 | 26.4M 80.8G 105.2
RetinaNet [14] IR 79.9 32.8 28.1 67.3 16.4 449 27.8| 55.7 | 36.4M - -
Faster R-CNN [18] IR 88.6 42.5 35.2 77.9 28.5 54.6 31.1| 64.2 | 41.8M - -
S2A Net [6] IR 90.0 58.3 42.9 87.5 38.9 63.5 38.7| 67.5 | 33.3M - -
YOLOv8m (baseline) [1] IR 97.5 75.1 61.6 93.0 57.7 76.9 63.9| 80.1 | 26.4M 80.8G 106.4
M2S-KD (ours) IR 97.277.467.293.562.1 79.5 67.6| 82.3 | 26.4M 80.8G 105.2

4.2 Implementation Details

All experiments were conducted on a single NVIDIA GeForce RTX 4090 GPU.
Our implementation is based on PyTorch 2.1.0 and the Ultralytics framework [I1].



We use CSPDarknet53 as the backbone for both teacher and student models,
with the teacher’s data pipeline adapted for multi-stream input.

Training Strategy. To ensure a robust teacher, we first pretrain two uni-
modal YOLOv8m networks (RGB and IR) for 36 epochs. These are used to ini-
tialize the M2D-LIF [36] teacher network, which is then trained for 100 epochs.
Following the standard protocol in RGB-IR detection, only IR annotations are
used for final evaluation. For our M2S-KD framework, the pretrained M2D-LIF
serves as the frozen teacher to distill knowledge into a single-modal YOLOv8m
student (IR-only), which is trained for 100 epochs.

Optimization. We use Stochastic Gradient Descent (SGD) with a momen-
tum of 0.937 and weight decay of 5 x 10~%. The initial learning rate is set to
1x1072 and decayed linearly to 1x 10~!. During inference, we apply a confidence
threshold of 0.25 to filter predictions.

{__ False Negative False Positive Object detected || Car Freight car Truck Our M2S-KD

Low-light

Artificial Light

(a)Gi inRGB (b)Gi inIR (HCWD (g)CWD+PKD (h)CrossKD+CWD

Fig. 2. Illustrative detection results from the DroneVehicle test set. The confidence
threshold is set to 0.25. Red, yellow, and pink rectangles denote car, freight car, and
truck objects, respectively. Correctly detected objects are marked with green dashed
circles, while false negatives and false positives are indicated by red and yellow dashed
circles. our M2S-KD is outlined with an orange rectangle.

4.3 Comparison with SOTA Methods

Results on DroneVehicle Dataset We compare our method with the SOTA
RGB-IR detector M2D-LIF (Teacher), the baseline YOLOv8m with IR input,
and a wide range of existing detectors. Single-modal methods: including one-
stage detectors (RetinaNet [14], S2ANet]| [0]) and two-stage detectors (Faster R-
CNN [18]). Multi-modal fusion methods: UA-CMDet [23], Halfway Fusion [15],
TSFADet [30], C2Former [33], DDCINET [1], and OAFA []. For a fair com-
parison, we report results on both validation and test sets using each method’s
original settings.

Quantitative Analysis. As shown in Table. [} the YOLOv8m baseline
demonstrates strong performance, achieving 76.8% mAP59 on RGB and 76.9%
on IR, outperforming several early fusion methods. The dual-stream M2D-LIF [36]
teacher achieves the highest performance. Remarkably, our M2S-KD attains the
second-best overall performance. Without RGB input during inference, it out-
performs all comparison methods except the teacher, achieving 3.7% mAP and
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Table 2. Models results on the LLVIP dataset using the mAP metrics for detection
accuracy. Params, FLOPs and FPS are reported to assess computational efficiency. All
models are configured for OBB detection. The best results are highlighted in red and
the second-place are highlighted in blue.

Method Modal mAP | Params Flops FPS
Halfway Fus. [15] 55.1 - - -
GAFF [34] 558 | 31.4M - .
CSAA [3] 59.2 - - -
ICAFusion [21] 64.3 | 120.16M - -
RSDet [37] RGBHR | 613 | 386.0M ; -
UniRGB-IR [31] 632 | 147.0M ; .
M?D-LIF (teacher) 70.8 36.6M  122.4G  62.5
RetinaNet [14] 42.8 35.9M - -
Faster R-CNN [I8] RGE 451 | 41.3M - -
DDQ-DETR [35] 46.7 - - -
YOLOv8m [L1] 654 | 259M 787G 823
RetinaNet [14] 55.1 35.9M - -
Faster R-CNN [I§] R 54.5 41.3M - -
DDQ-DETR [35] 58.6 - - -
YOLOv8m (baseline) [11] 68.5 25.9M 78.7G  89.7
M?S-KD (Ours) 70.7 | 25.9M  78.7G  85.4

2.6% mAP5¢ improvement over the IR baseline. Class-wise analysis shows sig-
nificant gains in challenging categories (e.g., Van and Freight-car), while main-
taining high accuracy in easier ones (e.g., Car and Bus)

Efficiency Analysis. During inference, our M2S-KD student retains the
single stream to the baseline YOLOv8m. As shown in Table. [I] it maintains
significantly lower Parameters and FLOPs, and higher FPS than all multimodal
methods. Compared to the teacher, M2S-KD reduces parameters by 10M and
FLOPs by 43G, while increasing speed by 31 FPS. Crucially, our method relies
solely on IR input, eliminating the dependency on registered multimodal data.

Qualitative Analysis. Fig. [2 presents visual detection results from different
models and various distillation configurations of M2S-KD. In low-light scenes,
YOLOv8m (RGB) fails to detect two cars, while the IR-only baseline produces
false positives due to the lack of textural details. In the night scenes with ar-
tificial light, YOLOv8m (RGB) demonstrates a certain capability to recognize
challenging samples, whereas the baseline suffers from both false negative and
false positive. By effectively fusing complementary RGB and IR features, the
teacher model delivers superior performance across all scenarios. Notably, our
M2S-KD framework yields detection results consistent with those of the teacher,
demonstrating that the proposed distillation successfully enables the student to
acquire the teacher’s advanced cross-modal representations.

Results on LLVIP Dataset Table. [2] presents a comprehensive compari-
son on LLVIP against four single-modal and seven multi-modal methods. Our
M2S-KD framework achieves 70.7%mAP, merely 0.1% lower than the teacher
model. This negligible performance drop comes with substantial efficiency gains:
a reduction of 11M parameters and 43G FLOPs, and a 22 FPS speed increase.
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Table 3. Ablation study on DroneVehicle dataset. P3, P4, and P5 denote the appli-
cation of feature-level distillation losses on the output features from the /= 3, 4, and
5 levels of the backbone, respectively. Meanwhile, stagel and stage2 refer to the con-
figurations in CrossKD where the outputs from the student’s detection head at stages
m= 1 and m= 2 are fed into the reused teacher detection head. The best result in each
group is shown in bold, and the strategies selected for visualization are highlighted in
red.

PKD CWD CrossKD AP
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This result underscores the superior accuracy-efficiency trade-off and strong gen-
eralization capability of our framework across diverse datasets.

4.4 Ablation Studies

We conduct ablation studies to verify the contribution of each distillation com-
ponent within M2S-KD. As summarized in Table[3] we explore various combina-
tions. Even with all loss weights set to 1.0 (no intricate tuning), all distillation
combinations improve upon the baseline (minimum gain: +1.9% mAP5q). Most
combinations achieve mAP5y over 79.3%, validating the proposed strategies.
Combining all three losses did not yield further gains, likely due to gradient con-
flicts between different objectives and the information bottleneck of the single-
modal IR input. Therefore, we recommend dual-combinations or a single strong
module (like CWD) for a simplicity-performance balance.
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Our M2S-KD

Low-light

Artificial Light

~ @RGB (b)IR (©)baseline: (dm2 cher) (€)M2S-KD(RGB) (HCWD. (2)CWD+PKD. (h)CrossKD+CWD.

Fig. 3. Visual comparison of heatmaps across methods. The plus sign indicates combi-
nations of distillation strategies. (a)—(b) are original RGB and IR images. Visualizations
in (c) and (e)—(h) are based on backbone feature maps, with the teacher model show-
ing fused features at corresponding layers. (e) presents heatmaps from M2S-KD guided
single-modal RGB student, while (f)—(h) show those from M2S-KD guided single-modal
IR student.

4.5 Visualization: Unveiling Cross-Modal Knowledge Transfer

To elucidate what knowledge is transferred, we visualize gradient-weighted class
activation mapping for backbone of the baseline, teacher, and M2S-KD student,
as shown at Fig. [3|

Enhanced Foreground Focus. M2S-KD consistently concentrates atten-
tion on foreground objects with sharper contours, whereas the baseline exhibits
scattered and blurry activations. This pattern closely mirrors the teacher, con-
firming its role as a soft attention guide.

Learning Distribution over Intensity. While the student learns cor-
rect attention locations, its activation intensities are generally lower than the
teacher’s. This suggests the student distinguishes the foreground-background
distinction rather than overfitting to the teacher’s absolute feature values.

Modal Suitability Analysis. We also applied distillation to a single-modal
RGB student. In the low-light scene shown in Fig. (e), RGB inputs contain min-
imal valid information. Forcing the RGB student to mimic IR-derived features
results in attention dispersion and unstable learning. This confirms infrared as
the optimal target modal for our distillation framework, given its consistent
information content across lighting conditions.

5 Conclusion

In this work, we address two critical limitations of multimodal object detection:
depending on registered data and requiring high computational cost. To this
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end, we propose M2S-KD, a novel Multi-to-Single Modal Knowledge Distilla-
tion framework. M2S-KD transfers knowledge from a multi-modal teacher to a
single-modal student through a hierarchical knowledge distillation mechanism.
We systematically investigate distillation strategies at both feature and logit lev-
els. Extensive experiments on two RGB-IR benchmarks demonstrate that our
framework robustly boosts single-modal performance. M2S-KD uses only single
IR images as input, avoiding modal gap. Ablation and visualization studies re-
veal that the core of effective cross-modal transfer lies in providing attention
guidance, which helps the student refine foreground-background discrimination
and hard sample recognition.
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