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Abstract
Infrared small target detection often faces significant domain
gaps across datasets due to varying sensors and scene distri-
butions. Currently, most existing methods are typically based
on single-domain learning (i.e., training and test are on the
same dataset), requiring training separate detectors when con-
sidering different datasets. However, they overlook the valu-
able public knowledge across domains and limit the applica-
bility in multiple infrared scenarios. To break through single-
domain learning, implementing only one universal detector
simultaneously on multiple datasets, as the first exploration,
we propose a cross-domain joint learning task framework
with prototype-guided Mixture-of-Experts (CoMoE). Specif-
ically, it designs a hyperspherical prototype learning to adap-
tively maintain both domain-specific prototypes and global
prototypes, enhancing cross-domain feature representation.
Meanwhile, a domain-aware Mixture-of-Experts with Top-K
routing strategy is proposed to assign the optimal domain ex-
perts. Moreover, to enhance cross-domain feature alignment,
we design an adaptive cross-domain feature modulation with
noise-guided contrastive learning. The extensive experiments
on a newly constructed benchmark comprising three datasets
verify the superiority of our CoMoE, even under limited data
settings. It could often surpass general joint learning methods,
and state-of-the-art (SOTA) single-domain ones.

Code — https://github.com/UESTC-nnLab/CoMoE

Introduction
Infrared targets are typically small and dim, with a low
signal-to-clutter ratio (Bai and Zhou 2010). Infrared small
target detection (ISTD) has the unique advantages of inde-
pendence from external lighting and all-weather visibility,
making it highly valuable in wide and critical applications,
e.g., military surveillance, autonomous driving, and mar-
itime rescue (Peng et al. 2025). The primary goal of ISTD is
to accurately detect and locate small targets within complex
backgrounds (Duan et al. 2025a). As a fundamental technol-
ogy in computer vision, it has garnered significant research
attention over the past decades (Zhu et al. 2025).

For effectively detecting small targets in infrared images,
researchers have proposed various methods specifically for
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Figure 1: The comparisons between typically single-domain
learning and our new cross-domain joint learning schemes.

ISTD. They can be divided into two categories: traditional
scheme and learning-based scheme. Early ISTD schemes
typically utilize traditional image processing technologies,
e.g., filters (Deshpande et al. 1999; Bai and Zhou 2010), hu-
man visual systems (Chen et al. 2013) and data structures
(Wang et al. 2021). These methods usually heavily rely on
the prior knowledge of infrared images and intricate hand-
crafted features, lacking sample learning capabilities. There-
fore, they often struggle to adapt to dynamically evolving
real-world scenarios, causing missed and false detections.

Recently, with the progress of machine learning, many
learning-based schemes have been proposed. Depending
on the frame number to be processed, they can be fur-
ther grouped into Single-frame and Multi-frame (Duan et al.
2025b). The former only utilizes the visual features of an
individual image, no more information is available between
adjacent frames, e.g., ACM (Dai et al. 2021), DNANet (Li
et al. 2022) and MSHNet (Liu et al. 2024). Recent studies
have begun to explore some multi-frame detection schemes,
such as infrared moving small target detection (IMSTD)
(Chen et al. 2025). They often capture small target features
from both visual and motion patterns, e.g., ST-Trans (Tong
et al. 2024) and DTUM (Li et al. 2025).
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Totally, almost all existing learning-based methods be-
long to a single-domain scheme, i.e., training and test are
conducted on the same dataset, as shown in Figure 1 (a).
This type of schemes could usually acquire good perfor-
mance only if training and test have an almost-same domain
distribution. However, in practical scenarios, the domain
shift between training and test is often inevitable. As such,
it could cause significant performance degradation when ap-
plied to different scenario domains. To address these prob-
lems above, several Domain Adaptation methods (Zhang
et al. 2023b; Chi et al. 2024) have been presented for single-
frame infrared small targets. However, they usually aim to
adapt the detector trained on a labeled source domain to an
unlabeled target domain via distribution alignment or self-
training, which limits their applicability in multiple complex
scenarios. Different from Domain Adaptation schemes, we
propose a new task framework, the cross-domain joint learn-
ing for IMSTD, as shown in Figure 1 (b). Rather than train-
ing multiple detectors, it aims to construct a general one to
detect multi-scenario infrared small targets effectively by the
cross-domain joint training on multiple datasets.

In our framework, to implement cross-domain joint de-
tection, requiring to address three critical issues. The first is
how to capture domain-specific private features and domain-
irrelevant public knowledge. The second is how to iden-
tify different detection domains, and the last is how to
treat domain gaps. For the first issue, we propose a hyper-
spherical prototype learning mechanism, maximizing inter-
domain distances and minimizing intra-domain distance. For
the second one, concerning the effectiveness of Mixture-
of-Experts (MoE) (Jacobs et al. 1991) in image classifi-
cation (Riquelme et al. 2021) and multi-task learning (Li
et al. 2024), we design a new domain-aware MoE to dif-
ferentiate detection domains. Besides, to address the prob-
lem of domain gaps, an adaptive cross-domain feature mod-
ulation by noise-guided contrastive learning is presented in
our cross-domain joint learning framework. The extensive
experiments on a new benchmark comprising three datasets
demonstrate the effectiveness and superiority of our scheme,
even under limited data settings.

In summary, our primary contributions include: (i) break-
ing through traditional single-domain learning, the first
cross-domain joint learning framework is proposed; (ii)
rather than general feature space, a hyperspherical prototype
learning mechanism is proposed to capture feature proto-
types in a hypersphere space, promoting cross-domain fea-
ture representation; (iii) a domain-aware MoE with Top-K
routing strategy is developed to assign optimal domain ex-
perts through prototypes and motion cues; (iv) an adaptive
cross-domain feature modulation with noise-guided con-
trastive learning is presented to tackle domain gaps, enhanc-
ing the cross-domain consistency of infrared small targets.

Related Work
Infrared Small Target Detection
According to the number of input frames, ISTD can be
classified into single-frame and multi-frame schemes (Duan
et al. 2024). Since single-frame methods (Li et al. 2022;

Zhang et al. 2023a; Liu et al. 2024; Wang et al. 2025) have
no available information between adjacent frames, render-
ing them ineffective in challenging video scenes. For multi-
frame ones (Tong et al. 2024; Zhu et al. 2024; Chen et al.
2024; Duan et al. 2024; Li et al. 2025), they often model the
spatial-temporal features to promote detection accuracy. For
example, ST-Trans (Tong et al. 2024) uses a spatial-temporal
transformer to extract motion dependencies between suc-
cessive frames. Recently, DTUM (Li et al. 2025) uses a
direction-coded temporal U-shape module and a direction-
coded convolution block to encode the motion direction of
targets. However, almost all current methods are conducted
within single-domain learning, requiring training multiple
detectors when concerning different datasets.

Cross-domain Joint Learning
Cross-domain joint learning has emerged as a promising ap-
proach, as demonstrated in general object detection (Chen
et al. 2023; Jain et al. 2023; Wang et al. 2024). It aims to
leverage multiple datasets from various domains in train-
ing, enabling the model to process multi-domain data dur-
ing the inference stage. For example, Plain-Det (Shi, Zhu,
and Yang 2024) enhances the emergent property by uti-
lizing few-iteration, dataset-specific training to address the
challenges of multi-dataset object detection. However, sub-
stantial differences inherently exist in infrared images them-
selves due to the non-uniformity of different infrared sen-
sors, making multi-domain joint learning more challenging.

Mixture-of-Experts
MoE (Jacobs et al. 1991) is an ensemble learning method
that utilizes multiple experts to collaboratively solve a task.
It contains a gate routing mechanism that selectively acti-
vates optimal experts based on inputs. Recently, MoE has
been widely applied to various fields, e.g., large language
models (Cai et al. 2025) and computer vision (Jain et al.
2023; Yang et al. 2025). Unlike prior methods, we design a
new domain-aware MoE with prototypes to assist the model
in identifying different detection domains for IMSTD.

Methodology
Overall Architecture
Problem Formulation. In our task, the cross-domain
(i.e., multi-dataset) data D = {Di = (Ii,yi)}mi=1 with het-
erogeneous domain distributions is used for training. Ii =
{Ii1, Ii2, · · · , Iit} is a collection of consecutive frames, ran-
domly sampled from an infrared video with a time window
of t. Our primary goal is to train a unified detector fθ(·)
across multiple domains to predict the bounding boxes of
targets yit in the keyframe Iit by using its adjacent frames. It
can effectively utilize cross-domain training samples to op-
timize the overall loss, that is

min
θ

m∑
i=1

E(Ii,yi
t)∼Di

[L(fθ(Ii), yit)], (1)

where L denotes a training loss, and E(Ii,yi
t)∼Di

is the ex-
pectation over all samples from Di.
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Figure 2: Our CoMoE framework with three parts. Hyperspherical Prototype Learning is proposed to capture domain-specific
feature prototypes and public features. Domain-aware Mixture-of-Experts is designed to identify domains and assign optimal
domain experts. Adaptive Cross-domain Feature Modulation is presented to address possible infrared target domain gaps,
thereby enhancing cross-domain consistency and mitigating domain discrepancies. Red lines are only for training.

Overview. Our core insight is that we could train a cross-
domain detector in the same way as training multiple single-
domain detectors separately, as long as we effectively miti-
gate the domain gaps. Therefore, we propose a cross-domain
joint learning task framework, i.e., CoMoE, in Figure 2.

In detail, it takes video clips {I1, I2, · · · , Im} from m

different domains as inputs. Each Ii contains t consecutive
frames. The pretrained CSPDarknet (Ge et al. 2021) is used
as the shared feature extractor. Following most video ob-
ject detection methods (Zhou et al. 2022), we extract multi-
frame features FD = {F i

1 , · · · ,F i
t }mi=1 ∈ Rm×t×C×H×W

by iteratively feeding each frame into the feature extractor,
where C, H and W are the channel, height and weight, re-
spectively. Then, domain-specific prototypes Pd and global
prototypes Pg are obtained by projecting FD into a hyper-
spherical subspace. We can extract mixed prototypes P by
integrating domain embedding Ed (i.e., the encoded domain
labels for each dataset) in HPL. Besides, mixed prototypes
P are further processed in DMoE to capture motion fea-
tures Ht by using the target motion consistency of different
domains. Moreover, we propose ACFM to mitigate domain
gaps. Finally, the aligned and enhanced features F are used
for detection to obtain final results.

Hyperspherical Prototype Learning
Unlike traditional feature spaces, we design a new prototype
learning mechanism to constrain features within a normal-
ized hypersphere, as shown in Figure 2.

First, multi-frame features FD are mapped to a hyper-
sphere space to initialize domain prototypes Pd and global

prototypes Pg , as follows:

Pd,Pg = fnor(FP ) = fnor(fmlp(
m∑
i=1

t∑
j=1

F i
j )), (2)

where fmlp(·) denotes two linear layers with GELU activa-
tion functions and fnor(·) is the normalization that ensures
features can be projected onto a unit hypersphere. m is the
total number of domains, and t is the time window size of
video clips. Then, in the next iteration, prototypes are up-
dated by calculating the similarity S between new proto-
types Pn and old prototypes Pd, that is

S = fcos(Pn,Pdi) =
m∑
i=1

Pn •Pdi

∥Pn∥2 ∥Pdi∥2
,

P ′
di

= µi ·Pdi + (1− µi) ·Pn + Ed,

i = argmax
k

S(Pn, k), µi = µ
1+0.01×Cdi
0 ,

(3)

where fcos(·) denotes calculating cosine similarity, “•”
means inner product, ∥ · ∥2 represents l2 norm, µi ∈ (0, 1) is
a momentum coefficient that decays with update count Cdi

to ensure stability, µ0 = 0.95, i is the domain index most
similar to Pn, and P ′

di
is the updated domain prototypes.

Second, the global prototypes are updated, that is

P ′
g = fnor(

1

m

m∑
i=1

(µ ·Pdi)) +Pg, (4)

where P ′
g is the updated global prototypes. Then, to bridge

domain-specific and domain-irrelevant representations, we
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integrate domain prototypes P ′
d with global prototypes P ′

g

to obtain mixed prototypes P , as follows:
Pm = α ·P ′

d + β ·P ′
g,

P = Pm +
m∑
i=1

WpiPmi ,

Wp = Softmax(fmlp(Pm)),

(5)

where Wp is the weights calculated by a softmax function
over the intermediate results Pm to aggregate prototypes.

Finally, we develop a prototype-level supervision loss
Lpro to constrain features to be close to the most relevant do-
main prototypes, thereby enhancing cross-domain semantic
consistency. It can be formulated as follows:

Lpro = − 1

N

N∑
i=1

P∑
p=1

ỹip log

(
exp(Sip)∑N
j=1 exp(Sij)

)
, (6)

where N is the total number of projected feature samples, P
is the total number of domain prototypes, Sip is the similar-
ity between the i-th features and the p-th prototypes, and ỹip
is the probability belonging to the p-th domain prototypes.

Domain-aware Mixture-of-Experts
Developing a feature processing strategy that is adaptable to
multiple domains is a key challenge in our task. To address
this, we present DMoE to dynamically assign the optimal
experts for different domains, enhancing the detection per-
formance of each domain, as shown in Figure 2.

First, a domain-aware router is designed to dynamically
identify different detection domains. For each mixed proto-
type, it can jointly consider the information of keyframe and
adjacent frames as well as domain embedding Ed, that is

Fg = fcat(favg(
m∑
i=1

t∑
j=1

Pi
j),Ed),

R = Softmax(fmlp(Fg)) ∈ Rn,

(7)

where fcat(·) denotes the concatenation operation, favg(·)
means the average pool, Fg is the global features with do-
main embeddings, n is the total number of experts, and R is
the probability that each expert is selected. Besides, a Top-K
routing strategy is present to prioritize the optimal experts
based on the computed probabilities R to obtain the motion
features Ht across domains, as follows:

I = TopK(R,K) ∈ RK,

r̃i =

{
ri/
∑

j∈I rj , if i ∈ I,
0, otherwise,

Ht =
∑
i∈I

r̃i · fexp(P ,Ed),

(8)

where I is the index of selected experts, r̃i is the weights by
normalizing probabilities, and fexp(·) is the expert network.

Second, for each expert, we perform feature transforma-
tion ftrans(·) to extract stable spatial semantics, and tempo-
ral fusion ftem(·) to capture motion cues hi, as follows:P̂i = Pi

t + σ(G(ftrans(Pi
a)))⊙ ftem(Pi

t ,P
i
a)

hi = CrossAtt(P̂i) +B, B = fmlp(Ed),
(9)

where Pi
t is the mixed prototypes of keyframe in i-th do-

main, Pa represents the ones of adjacent frames, σ is the
sigmoid function, G is a gate mechanism with an average
pool and 1 × 1 convolutions, ftrans(·) is a residual block
comprising two 3 × 3 convolutions, and ftem(·) denotes a
two-step temporal fusion method. It first computes attention-
guided weights based on the sum of keyframe and adjacent
prototypes, and then iteratively refines motion features. B is
the domain bias, and CrossAtt(·) is a cross attention.

Finally, to promote balanced utilization of different ex-
perts and obtain diversified features, the load balancing loss
Lban and diversity loss Ldiv are designed as follows:

Lban = ∥E(R)− 1

n
∥mse = ∥ 1

n

n∑
i=1

Ri −
1

n
∥mse,

Ldiv =
K

n(n− 1)

∑
1≤i≤j≤n

1

B

B∑
b=1

fcos(h
i
b,h

j
b),

(10)

where n and K is the total number of experts and selected
ones, respectively. B is the batch size, and ∥ · ∥mse denotes
the MSE loss. Therefore, the overall loss of DMoE could be
denoted by Lmoe = Lban + Ldiv .

Adaptive Cross-domain Feature Modulation
To achieve feature alignment and alleviate domain gaps, we
propose ACFM to adaptively adjust target responses and en-
hance cross-domain consistency, as shown in Figure 2.

Specifically, the aligned features Fa are obtained by inte-
grating the motion features Hi

t and domain embedding Ed,
performing domain-aware feature modulating, as follows:

Wf ,O = fmlp(fcat(favg(Hi
t),Ed)),

Fm = Wf ⊙Hi
t +O,

Fa = Fm +As(Fm ·Ac(Fm)),

(11)

where Wf denotes modulation weights, O is domain off-
sets, Fm represents the modulated features. As and Ac de-
notes the spatial and channel attention, respectively. Then,
we design the noise-guided contrastive learning to inject
domain-specific noise ϵi ∼ N (0, γ2

i ) into aligned features
Fa, keeping the consistency between clean and noisy repre-
sentations, i.e., Fni and Fci , as follows:

F̂ai = Fai + ϵi, ϵi ∼ N (0, γ2
i )

Fni = favg(fmlp(F̂ai)),Fci = favg(fmlp(Fai))

Lcon = − 1

B

B∑
i=1

log
fcos(Fni ,Fci)∑B
j=1 fcos(Fni ,Fcj )

,

(12)

where γi is a learnable parameter to control the noise distri-
bution of i-th domain. Lcon is a contrastive loss to facilitate
preserving the cross-domain consistency under disturbance.
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Method Pub DAUB-H ITSDT-15K IRDST-R
mAP50(%) Pr (%) Re (%) F1 (%) mAP50(%) Pr (%) Re (%) F1 (%) mAP50(%) Pr (%) Re (%) F1 (%)

Si
ng

le
-d

om
ai

n

ACM WACV’21 49.84 74.83 67.21 70.81 55.38 78.37 71.69 74.88 57.65 79.34 73.30 76.20
ISNet CVPR’22 44.73 56.35 80.99 66.46 62.29 83.46 75.32 79.18 59.27 73.75 81.98 77.65
UIUNet TIP’22 49.23 73.72 67.49 70.47 65.15 84.07 78.39 81.13 59.22 76.55 78.47 77.50
AGPCNet TAES’23 22.89 37.86 61.67 46.91 67.27 91.19 74.77 82.16 58.01 79.76 73.91 76.72
DNANet TIP’23 50.76 71.04 72.01 71.52 70.46 88.55 80.73 84.46 67.43 85.97 79.04 82.36
RPCANet WACV’24 52.57 70.74 75.16 72.88 62.28 81.46 77.10 79.22 65.63 81.62 81.16 81.39
SIRST5K TGRS’24 40.66 57.63 71.14 63.68 61.52 86.95 71.32 78.36 47.43 71.08 67.03 68.99
SCTrans TGRS’24 34.74 54.52 64.89 59.25 71.37 91.74 78.49 84.60 51.75 73.13 72.00 72.56
ST-Trans TGRS’24 44.93 87.21 52.54 65.57 76.02 89.96 85.18 87.50 64.50 86.84 75.16 80.58
SSTNet TGRS’24 52.25 83.49 63.25 71.98 76.96 91.05 85.29 88.07 68.21 75.70 91.34 82.79
MSHNet CVPR’24 26.47 48.56 55.39 51.75 60.82 89.69 68.44 77.64 60.86 78.54 78.52 75.53
DTUM TNNLS’25 50.32 81.53 63.00 71.08 67.97 77.95 88.28 82.79 64.72 83.32 78.81 81.00
MLPNet TGRS’25 49.17 68.00 73.13 70.47 53.76 74.06 73.19 73.63 50.20 75.10 67.34 71.01
LSKNet TGRS’25 46.34 56.97 82.76 67.48 66.07 90.75 73.72 81.35 65.84 82.66 80.88 81.76
PConv AAAI’25 48.48 70.74 69.14 69.93 59.85 87.11 69.43 77.27 58.45 79.50 74.74 77.04

M
ul

ti-
do

m
ai

n DAMEX NeurIPS’23 30.15 52.34 60.21 56.00 46.78 58.47 65.19 61.65 43.82 60.73 56.33 58.45
PlainDet ECCV’24 25.37 48.72 55.79 52.02 38.39 52.38 48.27 50.24 32.45 49.18 47.94 48.55
UniDet IJCV’24 33.69 54.68 64.26 59.08 42.15 60.34 54.26 57.14 40.56 58.79 53.17 55.84
SSTNet⋆ TGRS’24 48.39↓ 3.86 85.04↑ 1.55 56.01↓ 7.24 67.54↓ 4.44 67.44↓ 9.52 90.33↓ 0.72 75.33↓ 9.96 82.15↓ 5.92 56.38↓ 11.83 74.57↓ 1.13 76.41↓ 14.93 75.48↓ 7.31
DTUM⋆ TNNLS’25 39.94↓ 10.38 54.46↓ 27.07 74.33↑ 11.33 62.86↓ 8.22 47.50↓ 20.47 67.38↓ 10.57 71.10↓ 17.18 69.19↓ 13.60 61.77↓ 2.95 74.13↓ 9.19 84.42↑ 5.61 78.94↓ 2.06
CoMoE - 53.84 71.15 75.22 73.13 78.19 85.77 92.78 89.14 69.47 80.15 88.28 84.02

Table 1: Quantitative comparisons. The best one is marked in bold, and the second-best one is underlined. All multi-domain
methods utilize all samples from three datasets to train a universal model, and then evaluate it separately on each dataset. “⋆”
means single-domain methods for multi-domain training. “↓ ” means a decline on single-domain, while “↑ ” means a gain.

After that, final features F is obtained by integrating the
aligned features Fa and clean representations Fc, that is

F = fnon(As(Ac(Conv(fcat(Fa,Fc))))) (13)

where fnon(·) denotes the nonlocal attention (Zhang et al.
2023a), especially for small targets. Finally, F is fed into
the detection head to obtain final results. Therefore, the total
training loss of our CoMoE could be defined as follows:

L = Lpro + Lmoe + Lcon + Ldet, (14)

where Ldet is the detection loss based on the decoupled de-
tection head of YOLOX (Ge et al. 2021).

Experiments
Implement Details
We evaluate our CoMoE on a new benchmark compris-
ing three datasets: DAUB-H (Hui et al. 2019), ITSDT-15K
(Duan et al. 2024) and IRDST-R (Sun et al. 2023). Fol-
lowing previous works (Chen et al. 2024), we use standard
evaluation metrics, i.e., Precision (Pr), Recall (Re), F1 and
mAP50 (the mean Average Precision with an IoU threshold
0.5). Moreover, the input frames of all compared methods
are resized to 512 × 512. In detail, our CoMoE and com-
pared methods are trained for 100 epochs with a batch size
of 4. SGD is adopted as the optimizer with an initial learn-
ing rate of 0.01 and a weight decay of 5 × 10−4. Hyper-
parameters t, K, P , n, α, and β are set to 5, 2, 32, 6, 0.6, and
0.4, respectively.

Comparisons with SOTA Methods
Quantitative Comparisons Table 1 presents the quantita-
tive comparisons on recent single-domain learning methods
and multi-domain joint learning ones, revealing two obvious
findings. One is that our CoMoE consistently achieves the

Methods Frames mAP50 F1 Params ↓ GFlops ↓ FPS ↑
ACM 1 55.38 74.88 3.04M 24.73 29.11
ISNet 1 62.29 79.18 3.49M 265.73 11.20

UIUNet 1 65.15 81.13 53.06M 456.70 3.63
AGPCNet 1 67.27 82.16 14.88M 366.15 4.79
RDIAN 1 68.49 82.68 2.74M 50.44 20.52
DNANet 1 70.46 84.46 7.22M 135.24 4.82
SIRST5K 1 61.52 78.36 11.48M 182.61 7.37
MSHNet 1 60.82 77.64 6.59M 69.59 18.55
MLPNet 1 53.76 73.63 10.79M 34.72 5.93
LSKNet 1 66.07 81.35 3.42M 76.00 40.63
PConv 1 59.85 77.27 6.59M 69.29 10.01

ST-Trans 5 76.02 87.50 38.13M 145.16 3.90
SSTNet 5 76.96 88.07 11.95M 123.59 9.24
DTUM 5 67.97 82.79 9.64M 128.16 14.28

DAMEX 1 46.78 61.65 46.74M 368.73 5.54
UniDet 1 42.15 57.14 51.38M 417.82 3.32

CoMoE (Ours) 5 78.19 89.14 19.61M 322.39 12.73

Table 2: The inference cost comparisons on ITSDT-15K.

highest performance, establishing new SOTA across most
metrics. For example, on ITSDT-15K, CoMoE obtains the
highest mAP50 78.19%, Re 92.78% and F1 89.14%. Only
in terms of Pr, the 85.77% by CoMoE is slightly lower than
the SOTA 91.74% by SCTrans (Yuan et al. 2024). SCTrans
achieves a higher Pr at the expense of Re, while our method
achieves a more balanced performance and an higher F1.

The other is that general multi-domain joint learning is
ineffective in highly challenging scenarios. For instance, on
DAUB-H, the SOTA multi-domain one, i.e., UniDet (Lin
et al. 2024) only achieves mAP50 33.69% and F1 59.08%,
significantly lower than the mAP50 53.84% and F1 73.13%
by our CoMoE. Besides, using single-domain methods di-
rectly for multi-domain training is invalid. For example,
DTUM⋆ decreases 10.38% on mAP50 and 8.22% on F1.

Inference Cost Comparisons The inference cost compar-
isons are presented in Table 2. From it, two notable obser-
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Settings HPL DMoE ACFM DAUB-H ITSDT-15K IRDST-R
H1 H2 H3 D1 D2 D3 A1 A2 mAP50 Pr Re F1 mAP50 Pr Re F1 mAP50 Pr Re F1

w/o All - - - - - - - - 15.49 52.14 30.34 38.36 36.85 78.00 47.83 59.30 30.67 63.88 58.39 61.01

w H
✓ - - - - - - - 24.39 38.27 50.93 43.70 58.06 72.11 80.84 76.23 49.68 65.78 74.36 69.81
- ✓ - - - - - - 28.94 44.63 49.27 46.84 57.38 70.23 81.13 75.29 48.43 63.64 75.46 69.05
- - ✓ - - - - - 36.87 54.38 60.24 57.16 62.89 76.39 80.18 78.24 57.40 69.70 83.78 76.10

w H & D
- - ✓ ✓ - - - - 39.15 56.89 62.53 59.58 64.17 72.74 89.61 80.30 61.67 74.09 84.88 79.12
- - ✓ ✓ ✓ - - - 42.03 59.26 66.84 62.82 69.38 80.16 87.94 83.87 63.49 75.13 88.34 81.20
- - ✓ ✓ ✓ ✓ - - 45.86 63.57 70.92 67.05 74.29 81.51 92.00 86.44 66.85 75.39 90.27 82.16

w H & D & M - - ✓ ✓ ✓ ✓ ✓ - 50.72 67.83 74.65 71.08 77.30 84.78 92.70 88.56 68.27 78.36 88.49 83.12
- - ✓ ✓ ✓ ✓ - ✓ 50.35 67.31 74.88 70.90 76.44 83.85 92.33 87.88 67.64 77.14 89.47 82.85

w All - - ✓ ✓ ✓ ✓ ✓ ✓ 53.84 71.15 75.22 73.13 78.19 85.77 92.78 89.14 69.47 80.15 88.28 84.02

Table 3: Ablation study on CoMoE with different settings. HPL: three prototype learning schemes (H1 only uses domain-
specific prototypes, H2 only uses global prototypes, H3 uses mixed prototypes). DMoE: three components of domain-aware
MoE (D1 is temporal modeling, D2 denotes domain-aware gating, D3 is Top-K routing strategy). ACFM: two components of
adaptive cross-domain feature modulation (A1 is feature alignment, A2 is the noise-guided contrast learning with Lcon).

vations emerge. One is that our Params and GFlops are in-
creasing slightly due to domain-aware modeling. For exam-
ple, our CoMoE has 19.61M parameters, higher than the
SOTA method RDIAN (2.74M), but still lower than the
53.06M by UIUNet (Wu, Hong, and Chanussot 2022) and
the 46.74M by DAMEX. Besides, its GFlops is 322.39,
greatly lower than the 366.15 by AGPCNet (Zhang et al.
2023a). The other is that our CoMoE achieves an middle
inference speed, despite the increased parameters. For in-
stance, it has an FPS of 12.73, higher than those by many
single-domain ones, e.g., PConv and DTUM.

PR Curve Comparisons As usual, we employ precision-
recall (PR) curves on DAUB and ITSDT-15K to visually as-
sess the overall performance of various methods, as shown
in Figure 3. From it, it is obvious that our curves outperform
those of compared methods. Specifically, on DAUB-H, our
curve consistently reaches the top-right positions. This pat-
tern continues on ITSDT-15K. The closer a method is to the
top-right corner, the higher its validity. Therefore, these PR
curves highlight the superiority of our CoMoE in balancing
precision and recall compared to other methods.

Figure 3: PR curve comparisons on two datasets.

Ablation and Analysis
Effects of Different Assemblies To investigate the impact
of each component on CoMoE, we conduct a series of ab-
lation studies on three datasets, as shown in Table 3. By
comparison, we could have two apparent findings. One is
that each component in CoMoE contributes to the perfor-
mance improvement. For example, on IRDST-R, the base-

line setting without any specialized components (w/o All)
only achieves mAP50 30.67% and F1 61.01%. After as-
sembling HPL (w H3), these metrics rise to 57.40% for
mAP50 and 76.10% for F1. Similarly, incrementally apply-
ing domain-aware gating (w H3 & D1 & D2) increases the
mAP50 from 61.67% to 63.49%, and the F1 from 79.12%
to 81.20%. The other is that when all components are fully
combined (w All), performance improves remarkably, with
an mAP50 of 69.47% and an F1 of 84.02%, achieving the
highest level. It verifies that these components have collab-
orative effects, and each individual is effective.

Effects of Cross-domain Joint Learning To validate the
effectiveness of our cross-domain joint learning, a group of
experiments is conducted. As shown in Table 4, it is obvious
that our cross-domain joint learning framework could simul-
taneously enhance detection performance across multiple
training domains. For example, on IRDST-R, after integrat-
ing ITSDT-15K for joint training, mAP50 rises from 65.52%
to 67.09%, and F1 from 81.97% to 82.96%. When all three
datasets are combined, the performance peaks, with mAP50

69.47% and F1 84.02%. Besides, the model often exhibits
a noticeable decline on unseen domains, further verifying
the significant domain gaps in IMSTD. These results indi-
cate that our proposed cross-domain joint learning is a new
paradigm worth exploring. It could simultaneously achieve
superior performance across multiple domains.

Training DAUB-H (D) ITSDT-15K (T) IRDST-R (R)
mAP50 F1 mAP50 F1 mAP50 F1

D 50.39 67.01 0.77 6.53 0.13 2.08
D+T 51.45 64.44 74.93 85.34 3.45 20.56
D+T+R 53.84 73.13 78.19 89.14 69.47 84.02
T+R 1.15 3.29 76.08 86.58 67.89 82.96
R 0.02 0.41 3.84 11.92 65.52 81.97

Table 4: The performance of our CoMoE, as the number of
datasets gradually increases. “D” → “D+T+R” is the for-
ward order, and “R” → “D+T+R” is reverse.

Effects of Limited Data Setting To analyze the perfor-
mance of our CoMoE under limited data, we randomly se-
lect different shots from each domain to conduct a group of
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experiments, as shown in Figure 4. From this, it is obvious
that our scheme consistently achieves peak performance un-
der different settings. Besides, it requires only 1000 shots to
perform comparably to the full dataset setting. This demon-
strates the superiority of our CoMoE in alleviating the issue
of limited training data in real-world applications.

51.35 53.84 70.7073.13

Figure 4: The ablation study of different limited data settings
(100, 200, 500 and 1000 shots) on DAUB-H.

Effects of Hyperspherical Prototype Learning To visu-
ally verify the effectiveness of HPL, we compare the feature
distributions before and after HPL, as shown in Figure 5.
From this, it could be observed that our method efficiently
captures domain-specific prototypes and the public domain-
irrelevant knowledge (i.e., global prototypes) across multi-
ple domains. These comparisons further validate the quanti-
tative results in Table 3 (w/o All and w H3).

Global
PrototypesBefore After

Before After

Figure 5: Feature distributions before and after HPL.

Effects of Domain-aware MoE To thoroughly analyze
the impacts of DMoE, we select two samples from each
dataset to visualize the expert utilization probabilities (with
and without domain-aware routing), as shown in Figure 6.
From it, we can clearly see that the samples from different
domains are processed by different experts after integrating
domain-aware routing. It indicates that DMoE could identify
different detection domains and allocate the optimal experts
for each domain. These results also prove the numerical re-
sults in Table 3 (w H3 and w H3 & D1 & D2 & D3).

Figure 6: The visualizations of expert usage probabilities.

Effects of Cross-domain Feature Modulation To visu-
ally analyze the effects of ACFM, we present four groups
of feature heatmaps before and after ACFM, as shown in
Figure 7. From this, in all heatmap groups, it is evident that
the focus positions before ACFM are unclear, resulting in
targets being lost in complex backgrounds and domain dis-
turbances. Conversely, after integrating ACFM, the feature
response of small targets is notably enhanced, and the noisy
background is clearer. It indicates that feature modulation
and noise-guided contrastive learning could effectively mit-
igate domain gaps, thereby achieving feature alignment.

1/6.bmp 15/8.bmp67/16.bmp 87/5.bmp
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Figure 7: The feature heatmap comparisons before (w/o) and
after (w) ACFM. The first two columns are on ITSDT-15K,
and the last two are on IRDST-R.

Conclusions
To overcome the weakness of single-domain learning, this
paper proposes the first cross-domain joint learning task
framework with prototype-guided MoE for infrared small
target detection (i.e., CoMoE). Rather than traditional one
detector one domain, it constructs a universal detector with
domain-aware modeling by hyper-spherical domain proto-
type learning, MoE routing, and cross-domain feature mod-
ulating. The experiments on a new cross-domain benchmark
verify the effectiveness and superiority of our CoMoE, even
under limited data settings. On primary metrics, it could
often evidently surpass current SOTA methods. One of its
main drawbacks is the low generalization to the unseen de-
tection domains of infrared small targets. In the future, an
efficient cross-domain joint learning scheme with better do-
main generalization merits further exploration.
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