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Abstract

Unlike traditional object detection, moving infrared small
target detection is highly challenging due to tiny target
size and limited labeled samples. Currently, most existing
methods mainly focus on the pure-vision features usually
by fully-supervised learning, heavily relying on extensive
high-cost manual annotations. Moreover, they almost have
not concerned the potentials of multi-modal (e.g., vision
and text) learning yet. To address these issues, inspired by
prevalent vision-language models, we propose the first semi-
supervised vision-language (SeViL) framework with adaptive
text prompt guiding. Breaking through traditional pure-vision
modality, it takes text prompts as prior knowledge to adap-
tively enhance target regions and then filter the low-quality
pseudo-labels generated on unlabeled data. In the mean-
while, we employ an adaptive cross-modal masking strat-
egy to align text and vision features, promoting cross-modal
deep interactions. Remarkably, our extensive experiments on
three public datasets (DAUB, ITSDT-15K and IRDST) verify
that our new scheme could outperform other semi-supervised
ones, and even achieve comparable performance to fully-
supervised state-of-the-art (SOTA) methods, with only 10%
labeled training samples.

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

Introduction
Infrared small target detection (ISTD) has become a critical
task, due to its independence from external lighting and all-
weather working capability (Duan et al. 2025a). It has been
widely applied in various areas, including remote sensing,
monitor system and rescue missions (Dai et al. 2021). As an
important research branch of object detection, it is currently
attracting more and more attention (Zhu et al. 2024).

Compared with conventional vision objects, due to long
imaging distance, infrared small targets usually show two
special vision characteristics: small (image size) and dim
(background contrast), often lacking distinct shapes and tex-
ture features. Besides, infrared small targets are usually with
low signal-to-noise ratios in complex backgrounds. In view
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Figure 1: The comparisons of typical fully-supervised, semi-
supervised, and our new vision-language learning schemes.

of this, it is often extremely challenging to accurately lo-
cate, detect and recognize moving infrared small targets in
infrared background images and videos (Zhu et al. 2025).

In early stages, to address ISTD, many model-driven
methods were firstly proposed, e.g., MaxMean (Deshpande
et al. 1999) and TopHat (Bai and Zhou 2010). This cate-
gory of methods heavily depends on handcrafted features,
no adaptive learning ability. To overcome the obvious short-
comings of model-driven ones, in the past decade, many ef-
fective data-driven detection schemes have been proposed.
This type of schemes could intelligently learn target fea-
tures, achieving significant performance promotion.

According to the number of input frames, data-driven
methods could be grouped into two categories: Single-frame
and Multi-frame (Peng et al. 2025). Single-frame schemes
often rely on the vision features of only an individual im-
age, ignoring the relations between two neighboring frames,
e.g., DNANet (Li et al. 2022a), MSHNet (Liu et al. 2024)
and PConv (Yang et al. 2025). They are often unsuitable
for video scenes. For detecting dim-small targets, it is es-
sential to mine more available information from multiple
consecutive frames. To implement this purpose, in the past
years, some multi-frame methods have been proposed, e.g.,
DTUM (Li et al. 2025), MoPKL (Chen et al. 2025). In con-
trast, this type of schemes often uses the spatio-temporal fea-
tures (including motion information) of infrared targets, out-
performing the pure vision features of single-frame ones.

Totally observing, almost all currently-existing data-
driven methods depend on fully-supervised learning, requir-
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ing a large number of high-cost annotated samples, as shown
in Figure 1 (a). Once there are not enough annotations, this
category of methods will be with serious performance degra-
dation. Therefore, exploring new detection schemes (e.g.,
semi-supervised), not requiring too many sample annota-
tions, seems very meaningful in ISTD research field.

Currently, in traditional object detection, semi-supervised
schemes have been widely explored, e.g., (Liu et al. 2023b).
They mainly utilize the strong vision features of objects.
However, for infrared small targets, no strong vision fea-
tures could be reliably captured. As a result, these methods
are often unsuitable for infrared moving small target detec-
tion. To address a special semi-supervised scheme for in-
frared small targets, the S2MVP (Duan et al. 2025b), a pio-
neer work breaking through fully-supervised framework, as
shown in Figure 1 (b), is firstly proposed, obtaining the com-
parable performance to fully-supervised ones. Nevertheless,
like traditional semi-supervised ones, this one also only fo-
cuses on classic vision modality. For further improvement,
utilizing more modalities could be a potential choice.

For humans, in visual perception tasks, they could of-
ten high-effectively recognize and understand objects, un-
der the help of text prompts (Jackendoff 1987). It implies
that the text prompts could be used to guide visual learning.
This phenomena could exactly explain the main reason that
many Vision-Language Models (VLMs), e.g., CLIP (Rad-
ford et al. 2021), are flourishing and developing.

Aiming to break through pure vision modality, and mo-
tivated by VLMs, we propose a new semi-supervised ISTD
scheme with target prior knowledge (i.e., text prompts), as
shown in Figure 1 (c). It adopts both classic vision modal-
ity and text modality to construct detectors, and utilizes the
text prompts designed for targets to guide the generation
and filtering of high-quality pseudo-labels, as well as the
feature learning of infrared targets. Unlike fully-supervised
schemes, it doesn’t need many sample annotations, by adap-
tively generating high-quality pseudo-labels. The experi-
ments on three public infrared datasets show that our scheme
could even achieve comparable results to fully-supervised
SOTA ones, with only about 10% labeled samples.

In summary, the primary contributions of our work in-
clude: (i) breaking through traditional pure-vision modality,
the first semi-supervised vision-language learning frame-
work with adaptive text prompt guiding is proposed for in-
frared small targets; (ii) a text-guided adaptive enhancing
scheme to strengthen target regions is designed, with the
cross-modal masking for further optimizing the interaction
and alignment of vision-text modalities; (iii) a new filter-
ing strategy with VLMs is developed to obtain high-quality
pseudo-labels by adaptive dynamic thresholds.

Related Work
Moving Infrared Small Target Detection
Moving ISTD (MISTD) could often obtain extra motion
features, enhancing their potential. For instance, motion
estimation-based method (Zhao et al. 2020) uses optical flow
to estimate the motion vector of each pixel. Moreover, some
tensor-optimized methods (Wu et al. 2023; Luo, Li, and

Chen 2024) construct spatio-temporal tensors by low-rank
and sparse theories, achieving promising performance.

With the development of deep neural networks, multi-
frame data-driven methods have advanced significantly
(Duan et al. 2024). For example, ST-Trans (Tong et al. 2024)
designs a spatio-temporal transformer to employ the motion
information of consecutive frames. Recently, DTUM (Li
et al. 2025) uses a direction-coded temporal U-shape module
to encode the motion patterns. MoPKL (Chen et al. 2025)
proposes a motion prior learning method with language de-
scriptions. Unlike existing schemes, we break through the
traditional fully-supervised learning and construct a multi-
modal semi-supervised learning framework with the text de-
scription prompts of small targets.

Semi-supervised Object Detection
Semi-supervised object detection (SSOD) aims to train de-
tectors using limited labeled data and numerous unlabeled
data. In early stages, STAC (Sohn et al. 2020) introduces
weak and strong augmentations and generates pseudo-labels
via a pre-trained teacher. After that, inspired by the Expo-
nential Moving Average (EMA) from MeanTeacher (Tar-
vainen and Valpola 2017), many end-to-end schemes (Wang
et al. 2023; Liu et al. 2023a,b) are proposed to stream-
line the complicated multi-stage training process. Recently,
SSVOD (Mahmud et al. 2024) introduces a semi-supervised
video object detection framework to exploit the temporal
motion of videos with sparse annotations. However, existing
SSOD methods often concern general objects in still images,
rendering them ineffective in challenging MISTD cases.

Vision-Language Models
With advancements in multi-modal learning, coupled with
the support of web-scale image-text pairs, since the incep-
tion of CLIP (Radford et al. 2021), VLMs have achieved
great success and are applied to a wide range of fields (Yi
et al. 2024). For example, S-CLIP (Mo et al. 2023) proposes
to train CLIP using additional unpaired images in the remote
sensing field. Moreover, Flair (Xiao et al. 2025) proposes a
fine-grained language-informed image learning with VLMs
to capture detailed visual features. Given the good founda-
tion and strong potential of VLMs, it is strongly anticipated
that VLMs will be applied to MISTD.

Proposed Method
Overall Architecture
Our primary objective is to address the challenge of lim-
ited labeled data in MISTD, using text description prompts
as target prior knowledge. Therefore, we propose a new
semi-supervised vision-language framework, i.e., SeViL, as
shown in Figure 2. It follows a general paradigm of SSOD,
i.e., student-teacher network (Tarvainen and Valpola 2017),
almost with the same architecture. Due to no labels for unla-
beled data, in training the teacher has to generate the pseudo-
labels, used as the supervision for the student. Besides, the
text prompts are generated by the GPT4o and then adjusted
to have the same pattern. Details are in Appendix.
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Figure 2: Our SeViL framework. It first obtains the text embedding E by a CLIP text encoder. New features ME
U is obtained

by Adaptive Target Enhancing to strengthen the target regions in MU . Then, E and cropped pseudo-label regions R are fed
into Adaptive Pseudo-labels Filtering to depress the noisy pseudo-labels generated by Teacher. After that, Student is trained
on both the unlabeled set with high-quality pseudo-labels and labeled set. Finally, Teacher is updated by Student through EMA.

In vision branch, the t frames respectively from labeled
set IL and unlabeled set IU are used as training sam-
ples, with the ResNet50 (Lin et al. 2017) as visual feature
extractors. Following typical video object detection meth-
ods (Zhou et al. 2022), we extract multi-frame features
FL,FU ∈ RT×C×H×W by iteratively feeding each frame
into extractors, where C, H and W are the channel, height
and weight of features, respectively. Then, motion features
ML and MU are obtained by a motion perceptor with bi-
temporal modeling. Moreover, we transform designed text
prompts into text embedding E ∈ RN×D by a pretrained
CLIP text encoder (Radford et al. 2021), where N is text
prompt number and D denotes embedding dimension. Be-
sides, ML, MU and E are processed in Adaptive Target
Enhancing to strengthen potential target regions by using
text prompts as guidance signals to obtain an attention map
G. This process produces the enhanced feature sets: ME

L

and ME
U . Furthermore, Adaptive Pseudo-labels Filtering is

designed to improve pseudo-label quality by calculating the
similarity between the cropped pseudo-label regions R and
text embedding E. These pseudo-labels are predicted by the
Teacher on unlabeled data. Moreover, we present Adaptive
Cross-modal Masking to align text and vision modalities, fa-
cilitating the deep interaction of cross-modal features. After
semi-supervised vision-language training with text-guiding,
only the trained Student Network is used for inferring.

Text-guided Adaptive Target Enhancing
To guide the detector to focus on potential target regions by
text prompts, we propose a Text-guided Adaptive Target

Enhancing (TATE) to optimize target features, as shown in
Figure 2. First, the text embedding E is projected into the
same semantic subspace as motion features M (including
ML and MU ) via simple linear layers. Then, global text
prior is generated by averaging all text embedding and ex-
panded to obtain the final text embedding Ep. This calcula-
tion process can be formulated as follows:

Ep = fexp(
1

N

N∑
i=1

fmlp(Ei)), (1)

where fmlp(·) denotes two linear layers and fexp(·) is an ex-
pansion operation to make features have same dimensions.
Here, N indicates the total number of text prompts.

Second, in this way, we could calculate the attention map
G between text embedding Ep and motion features M
pixel-by-pixel across all frames, as follows:

G = Softmax(fc(M ⊙Ep)), (2)

where “⊙” is an element-wise product and fc(·) denotes a
convolution operation. “Softmax(·)” is used to transform
original attention scores into normalized weights to adap-
tively adjust the importance to different regions.

Finally, the attention map G is used for the pixel-by-pixel
weighting on motion features M . Then, it is further fused
by a residual mechanism, as follows:

ME = fc(G ⊙M +M), (3)
where ME exactly represents the enhanced features guided
through the semantic target prior knowledge E.
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Text-guided Adaptive Pseudo-label Filtering
In SSOD, the quality of pseudo-labels would often critically
impact the feature learning on unlabeled data. Therefore,
we present a Text-guided Adaptive Pseudo-label Filter-
ing (TAPF) to depress possible noisy pseudo-labels by us-
ing text prompts as the prior knowledge, adapting to target
properties, as shown in Figure 2.

First, for each pseudo-label pi = (xl, yl, xr, yr), we crop
the corresponding region Ri from the unlabeled keyframe
Ut. Then, we feed cropped regions into the CLIP image en-
coder fie(·), described by following equations:

H =
m∑
i=1

fie(Crop(pi, Ut)) =
m∑
i=1

fie(Ri), (4)

where H is the visual feature set of all cropped regions and
m is the number of pseudo-labels.

Second, to enhance semantic understanding by text
prompts, the similarity K between vision features H and
text embedding E is calculated, as follows:

K = fcos(H,E) =
m∑
i=1

N∑
j=1

Hi • Ej

∥Hi∥2 ∥Ej∥2
, (5)

where fcos(·) denotes calculating cosine similarity, “•”
means inner product and ∥ · ∥2 represents l2 norm. Due to
that confidence scores S provides local credibility and text
embedding E contains global semantic constraints, combin-
ing them could obtain more reliable and semantically con-
sistent pseudo-labels. As such, we propose a new filtering
metric, Credibility Index (CI), as follows:

CI =
2× S ×K
S +K , (6)

Considering that the distribution of CI is multi-modal and
a static threshold is difficult to accurately separate noise, we
expect finding a way to automatically distinguish the posi-
tive ones from all pseudo-labels. In detail, we adopt a Gaus-
sian Mixture Model (GMM) to model positive and negative
pseudo-labels. It could be formulated as follows:

D(CI) = πnN (CI | µn, σ
2
n) + πpN (CI | µp, σ

2
p), (7)

where N (µ, σ2) represents a Gaussian distribution. Besides,
πp, µp, σ

2
p and πn, µn, σ

2
n denote the weight, mean and vari-

ance of positive and negative pseudo-labels, respectively.
After that, we employ an Expectation Maximization (EM)
algorithm to infer the posterior D(pos | CI, µp, σ

2) and up-
date GMM parameters. The final adaptive dynamic thresh-
old τ is obtained by maximizing the posterior, as follows:

τ = argmax
CI

D(pos | CI, µp, σ
2
p), (8)

Adaptive Cross-modal Masking
To enhance the interaction between vision and text modali-
ties, we design an Adaptive Cross-modal Masking (ACM)
strategy. It reconstructs the inherent signals of one modality

by a randomly masked input, while keeping the other modal-
ity unmasked. In detail, it contains Cross-modal Masked Im-
age Reconstructing (CMIR) and Cross-modal Masked Text
Reconstructing (CMTR) to facilitate vision-text interaction.

Taking CMIR as an example, inspired by MAE (He et al.
2022), we randomly mask the key-frame features Ft and
text embedding E to obtain masked visual features Fm and
masked text embedding Em, as follows:

Θ(x, y) =

{
1, if p < η,

0, otherwise,
p ∼ U(0, 1),

Fm = Ft ⊙ (1−Θ),

(9)

where Θ is mask matrix, p denotes a random variable
sampled from a uniform distribution U(0, 1) to determine
whether the position (x, y) is masked, and η is used to
control the masking ratio. Then, a cross-modal image de-
coder fid(·), consisting of two-layer convolution blocks, is
designed to reconstruct the original image features Fr on
masked image Fm and original text embedding E. Finally,
we boost the complementary learning of cross-modal fea-
tures by computing the discrepancy between Fr and original
visual features Ft, as follows:

Lcmi =
1

Ψ(Ft)
∥Ft − fid(Fm,E)∥mse , (10)

where Ψ(·) represents the number of feature points and the
loss function Lcmi is based on the mean squared loss.

Similar to CMIR, given the representation of masked text
embedding Em and original visual features Ft, we employ
the l2 loss to measure the distance between reconstructed
and original text embedding, i.e., Er and E. Therefore, the
objective of CMTR could be denoted by

Lcmt =
1

Ψ(E)
∥E − ftd(Em,Ft)∥mse , (11)

where ftd(·) is a cross-modal text embedding decoder, in-
cluding a self-attention layer and residual connections. The
total loss of ACM could be denoted by Lcmm = Lcmi +
Lcmt. By minimizing Lcmm, the model is guided to recon-
struct the original features through cross-modal interaction.
This process effectively facilitates the exploration of deeper
relations that exist between vision and text modalities.

Loss Function
The total training loss of our proposed SeViL could be de-
scribed as follows:

L = Lsup + αLuns + βLcmm, (12)

where α and β are two weight coefficients to balance loss
terms, Lsup and Luns are the detection loss based on labeled
and unlabeled data. Specifically, we use the task aligned de-
tection head of TOOD (Feng et al. 2021). As such, Lsup and
Luns could be denoted as follows:

Lsup = Luns = λ1Lcls + λ2Lreg, (13)

where λ1 and λ2 are two hyper-parameters. Following the
default settings of TOOD, we employ Focal loss as the clas-
sification loss Lcls, GIoU as the localization loss Lreg .
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Scheme Methods Publication DAUB ITSDT-15K IRDST
mAP50 Pr Re F1 mAP50 Pr Re F1 mAP50 Pr Re F1

Model-driven

RLCM TGRS 2013 0.02 0.27 5.21 0.51 4.62 15.38 30.76 20.50 1.58 16.28 9.70 12.16
HBMLCM GRSL 2019 3.90 23.96 16.52 19.56 0.72 7.97 9.37 8.61 1.16 29.14 4.66 8.03

PSTNN RS 2019 17.31 25.56 68.86 37.28 7.99 22.98 35.21 27.81 1.45 16.28 9.70 12.16
WSLCM SP 2020 1.37 11.88 11.57 11.73 2.36 16.78 14.53 15.58 1.69 20.87 8.70 12.28

Fully-supervised

ACM WACV 2021 64.02 70.96 91.30 79.86 55.38 78.37 71.69 74.88 52.40 76.33 69.32 72.66
ISNet CVPR 2022 83.43 89.36 94.99 92.09 62.29 83.46 75.32 79.18 59.78 80.24 75.08 77.58

UIUNet TIP 2022 86.41 94.46 92.03 93.23 65.15 84.07 78.39 81.13 56.38 80.95 70.29 75.25
DNANet TIP 2023 89.93 92.49 98.27 95.29 70.46 88.55 80.73 84.46 63.61 82.92 77.48 80.11
SIRST5K TGRS 2024 93.31 97.78 96.93 97.35 61.52 86.95 71.32 78.36 52.28 76.12 69.07 72.42
MSHNet CVPR 2024 85.97 93.13 93.12 93.13 60.82 89.69 68.44 77.64 63.21 82.31 77.64 79.91
RPCANet WACV 2024 85.98 89.38 97.56 93.29 62.28 81.46 77.10 79.22 56.50 77.77 73.80 75.73
ST-Trans TGRS 2024 92.73 97.75 95.52 96.62 76.02 89.96 85.18 87.50 70.04 88.21 80.01 83.91
MLPNet TGRS 2025 93.58 97.08 97.89 97.49 53.76 74.06 73.19 73.63 57.48 80.36 72.14 76.03
LSKNet TGRS 2025 84.66 88.84 96.04 92.30 66.07 90.75 73.72 81.35 61.19 77.85 79.98 78.90
PConv AAAI 2025 90.84 95.32 96.54 95.93 76.02 89.96 85.18 87.50 66.43 88.93 75.54 81.69
DTUM TNNLS 2025 85.86 87.54 99.79 93.26 67.97 77.95 88.28 82.79 71.48 82.87 87.79 85.26
MoPKL AAAI 2025 94.85 97.83 98.79 98.31 79.78 93.29 86.80 89.92 74.54 89.04 84.74 86.84

Semi-supervised

SoftTeacher ICCV 2021 73.17 98.76 74.79 85.12 60.95 69.26 84.94 76.30 59.14 77.45 81.71 75.66
PseCo ECCV 2022 83.97 89.44 94.83 92.06 66.76 86.95 77.79 82.12 Training Without Convergence

LabelMatch CVPR 2022 66.78 70.12 96.1 81.08 38.61 62.74 62.23 62.48 Training Without Convergence
MixTeacher CVPR 2023 79.54 81.90 98.79 89.55 62.67 68.69 92.41 78.80 61.92 71.60 84.15 76.19

ConsistentTeacher CVPR 2023 85.71 93.57 92.95 93.26 66.02 85.79 77.23 81.29 63.77 74.95 85.04 79.67
Semi-DETR CVPR 2023 87.39 92.53 95.50 93.99 70.01 82.13 85.35 83.71 64.79 80.66 81.13 80.89

SSVOD WACV 2024 89.31 93.79 95.37 94.57 72.46 83.09 86.12 84.58 65.55 80.50 82.80 81.63
S2MVP TGRS 2025 93.84 97.08 98.42 97.75 78.17 88.49 88.88 88.69 72.15 85.36 86.87 86.11

SeViL (Ours) - 95.13 98.14 99.19 98.66 80.18 88.96 91.46 90.20 74.62 86.53 87.82 87.17

Table 1: Quantitative comparisons. The best and second-best results are highlighted in bold and underlined, respectively. All
semi-supervised methods only use 10% labeled training samples, while fully-supervised ones use 100%.

Experiments
Implementation Details
Our SeViL is evaluated on three datasets, DAUB (Hui et al.
2019), ITSDT-15K (Fu et al. 2022) and IRDST (Sun et al.
2023). For a fair comparison, we use the standard evaluation
metrics (Chen et al. 2024), i.e., Precision (Pr), Recall (Re),
F1 and mAP50 (the mean Average Precision with an IoU
threshold 0.5). For all compared methods, their input frames
are resized to 512 × 512. In detail, our SeViL is trained for
50K iterations with a batch size 4 (3 unlabeled frames and 1
labeled one). The SGD optimizer with a momentum of 0.9
is adopted, and initial learning rate is 0.001, with a weight
decay of 1×10−4. The Teacher is updated through the EMA
with a momentum of 0.9995. Hyper-parameters t, η, α, β, λ1

and λ2 are set to 5, 0.25, 2, 1, 2 and 1, respectively.

Comparisons with SOTA Methods
Quantitative Comparisons Table 1 shows the quantita-
tive comparisons on 27 representative methods, covering
fully-supervised and semi-supervised ones. In table, we
could observe that our SeViL significantly outperforms all
other semi-supervised ones, and achieves nearly the equiva-
lent performance to fully-supervised ones, on most metrics.

For example, on DAUB, our SeViL achieves the high-
est mAP50 95.13% and F1 98.66%. In terms of Pr and
Re, the 98.14% and 99.19% by SeViL is slightly lower
than the SOTA 98.76% by SoftTeacher (Xu et al. 2021)
and 99.79% by DTUM. However, SoftTeacher only obtains
the Re 74.79% and DTUM only acquires the Pr 87.54%.
They achieve higher Pr or Re by sacrificing the other one,
while our method is more balanced with a higher F1. More-
over, on ITSDT-15K, our SeViL reaches the peak mAP50

80.18% and F1 90.20%. Besides, on IRDST, due to some
semi-supervised schemes primarily focusing on static ob-
jects, they cannot often converge in training, such as PseCo
(Li et al. 2022b) and LabelMatch (Chen et al. 2022).

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
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
RPCANet 1 62.28 79.22 3.21M 382.69 15.89
MLPNet 1 53.76 73.63 10.79M 34.72 5.93
ST-Trans 5 76.02 87.50 38.13M 145.16 3.90
DTUM 5 67.97 82.79 9.64M 128.16 14.28
MoPKL 5 79.78 89.92 9.46M 119.64 10.03

MixTeacher 1 62.67 78.80 41.10M 202.57 33.10
ConsistentTeacher 1 66.02 81.29 32.04M 52.35 35.79

SSVOD 5 72.46 84.58 47.65M 127.38 30.25
S2MVP 5 78.17 88.69 52.74M 140.29 28.76

SeViL (Ours) 5 80.18 90.20 40.48M 140.54 21.70

Table 2: Complexity comparisons on ITSDT-15K.

Model Complexity Comparisons The complexity com-
parisons on 16 methods are presented in Table 2, reveal-
ing two notable findings. One is that although our SeViL
uses a sequence of five frames, the Params and GFlops
only increase slightly. For example, it has 40.48M parame-
ters, higher than that of most single-frame methods, but still
lower than the 47.65M by SSVOD. Besides, its GFlops is
140.54, greatly lower than the 202.57 by MixTeacher. The
other is that semi-supervised ones depend less on labeled
data, and infer only by Student, leading to a high FPS. For
example, SeViL has an FPS of 21.70, higher than those of
many fully-supervised ones, e.g., DTUM and MoPKL.
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Settings Text Mask Filtering DAUB ITSDT-15K
T1 T2 M1 M2 M3 F1 F2 F3 mAP50 Pr Re F1 mAP50 Pr Re F1

w/o All - - - - - - - - 85.35 91.50 93.66 92.57 66.96 83.32 81.14 82.22

w T ✓ - - - - - - - 88.43 93.89 95.26 94.57 70.34 82.54 86.03 84.25
- ✓ - - - - - - 90.45 94.61 96.53 95.56 72.48 84.22 86.41 85.30

w T & M
- ✓ ✓ - - - - - 91.21 94.52 97.33 95.91 73.32 85.56 86.72 86.14
- ✓ - ✓ - - - - 91.36 95.34 96.87 96.10 73.97 84.77 88.97 86.82
- ✓ - - ✓ - - - 92.41 94.95 98.16 96.53 75.56 86.93 88.75 87.83

w T & M & F - ✓ - - ✓ ✓ - - 92.90 96.55 97.02 96.78 76.79 87.02 89.14 88.07
- ✓ - - ✓ - ✓ - 93.46 96.50 97.63 97.06 77.32 87.49 88.87 88.17

w All - ✓ - - ✓ - - ✓ 95.13 98.14 99.19 98.66 80.18 88.96 91.46 90.20

Table 3: The ablation study of our SeViL with different settings on DAUB and ITSDT-15K. Text: two text prompt aligning
schemes (T1 aligns vision into text space, T2 aligns text into vision space). Mask: three cross-modal masking schemes (M1
only masks vision features, M2 only masks text embedding, M3 masks the both). Filtering: three pseudo-label filtering schemes
(F1 adopts text-vision similarity, F2 uses ours Credibility Index, and F3 uses our text-guided adaptive pseudo-label filtering).

Visual Comparisons For intuitiveness, we select 2 repre-
sentative methods to visually compare our SeViL on three
datasets, as depicted in Figure 3. It is evident that our method
could usually precisely detect targets, while other two could
often produce missed detections and false detections. For ex-
ample, on ITSDT-15K, our SeViL could accurately detect all
six targets, while MSHNet (Liu et al. 2024) only correctly
detect three targets. On challenging IRDST, other two could
not even detect the targets occluded by a building.

MSHNet 2024 S2MVP 2025 SeViL (ours) Ground Truth

D
A

U
B

IT
SD

T-
15

K
IR

D
ST

Figure 3: Visual comparisons to two representative methods.
Blue boxes and yellow circles are the missed and false de-
tections. More comparisons and PR curves are in Appendix.

Ablation Study
Effects of Different Components We perform a series of
ablation studies to investigate the impact of each compo-
nent on our SeViL, as shown in Table 3. Through compar-
isons, we could have two obvious observations. First, each
individual component is consistently effective. For instance,
on DAUB, the baseline without any specialized components
(w/o All), obtains the mAP50 85.35% and F1 92.57%. Af-
ter integrating text prompt guiding (w T2), these metrics in-
crease to 90.45% for mAP50 and 95.56% for F1. The set-
ting (w T2 & M3) further raises mAP50 to 92.41% and F1
to 96.53%. Besides, credibility index (w T2 & M3 & F2)

18/10.bmp 15/10.bmp 68/10.bmp 69/15.bmpG
ro

un
d 

Tr
ut

h
w

/o
 T

AT
E

w
 T

AT
E

Figure 4: Feature heatmap comparisons. The first two
columns are on DAUB, and the last two are on ITSDT-15K.

could also have an obvious gain with mAP50 93.46% and F1
97.06%. The other is that these components have synergis-
tic effects. For example, on DAUB, when all components are
fully assembled (w All), detection performance can reach a
peak, with an mAP50 95.13% and an F1 98.66%.

Impacts of Adaptive Target Enhancing To demonstrate
the effectiveness of Text-guided Adaptive Target Enhancing
(i.e., TATE), we visualize the feature heatmaps with and
without TATE, as illustrated in Figure 4. In this figure, it
is obvious that the focus positions of feature heatmaps by
“w/o TATE” are obscure and targets are even lost in com-
plex backgrounds. In contrast, after employing TATE, the
feature response of infrared small targets is significantly en-
hanced, in the meanwhile, the noisy background becomes
clearer. This indicates that the text prompts could effectively
match target regions, enhancing moving small targets.

Impacts of Text Applying Methods To effectively utilize
target prior knowledge, we investigate different text apply-
ing methods, as shown in Table 4. From results, we could ob-
serve that the performance with “Learnable weights” is the
lowest, the mAP50 only 87.79% and F1 94.34% on DAUB.
One possible reason is that “Learnable weights” does not
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use any prior knowledge to focus on target features. In con-
trast, our text prompts play an important role in enhancing
targets, achieving the optimal detection performance. This
reveals that our text prompts could provide useful semantic
guidance to help networks focus on target regions.

Settings DAUB ITSDT-15K Params
mAP50 F1 mAP50 F1

Concat (Fuse) 92.49 96.65 76.02 87.77 40.61M
Self-attention 92.86 96.93 76.74 87.99 42.75M
Learnable map G 87.79 94.34 74.75 87.29 40.54M
Text-guiding 95.13 98.66 80.18 90.20 40.48M

Table 4: Ablation study on different text applying schemes.
Concat: concatenating text and vision features. Self-
attention: getting target enhancing weights by self-attention
on vision features. Learnable map G: generating the atten-
tion map G without text guiding.

Impacts of Cross-modal Masking To visualize the ef-
fect of Adaptive Cross-modal Masking, we perform a group
of feature distribution comparisons before and after ACM,
as shown in Figure 5. From this, it could be observed that
ACM could effectively align text and vision features on both
datasets. These comparisons further confirm those quantita-
tive results in Table 3 (i.e., w T2 and w T2 & M3).
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× ×
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Before After
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Figure 5: Feature distributions before and after ACM.

Impacts of Pseudo-label Filtering Figure 6 (a) shows the
number of pseudo-labels per image in unlabeled set under
different τ . Notably, it reveals a crucial issue that the number
of pseudo-labels keeps increasing in training for traditional
static thresholds, e.g., τ = 0.4 and 0.6. In contrast, our pro-
posed TAPF could adaptively adjust the optimal threshold
according to the detector capability. Figure 6 (b) plots the
threshold curves obtained by our TAPF on three datasets.
We see these values will steadily increase with training iter-
ations. Besides, on relatively simple DAUB, TAPF inclines
to use a higher τ to avoid overfitting. It indicates that TAPF
could provide a proper solution to filter low-quality pseudo-
labels, while typical static thresholds could not.

Figure 6: (a) Number of pseudo-labels/ image with different
thresholds on DAUB, (b) Average thresholds by our TAPF.

Impacts of Each Text Prompt We explore the contri-
bution of each text prompt (totally 13) based on a gener-
alized model interpretation framework, i.e., Shapley value
(Shapley 1953) (its theory supports are given in Appendix).
As shown in Figure 7, we can find that the contribution of
each text prompt to the detection performance varies widely
across datasets. For example, on DAUB, the text prompts of
brightness (T1) and occlusion (T9) are the most influential,
while on ITSDT-15K, trajectory (T4) is the most powerful.
This highlights the scene dependence of text prompts, under-
scoring the importance of generating suitable text prompts.
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Figure 7: The contribution of each text prompt to detection.

Conclusions
In this paper, we propose the first semi-supervised vision-
language learning framework with adaptive text prompt
guiding for MISTD, i.e., SeViL. It could explore the poten-
tial of extensive unlabeled data by adaptively enhancing tar-
get regions and filtering low-quality pseudo-labels. Besides,
cross-modal masking could further enhance the alignment
learning of image-text, and focus on cross-modal relations.
The experiments on three benchmarks verify the effective-
ness and superiority of our SeViL. It surpasses other semi-
supervised SOTA ones, even reaching fully-supervised ones.
Its weakness is the large parameter number, leading to high
model complexity. In the future, an optimized lightweight
semi-supervised scheme with more efficient vision-language
learning is worthy of further exploration.
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