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Abstract

Scene text segmentation is a critical preprocessing step in
various text-based applications. Specialist text segmentation
methods, often relying on a detect-then-segment paradigm,
tend to exhibit reduced robustness and can lead to cascad-
ing errors. The introduction of the Segment Anything Model
(SAM) has revolutionized general segmentation by leverag-
ing vision foundation models. However, SAM still falls short
when applied to domain-specific tasks such as scene text seg-
mentation. To bridge this gap between SAM and special-
ized scene text segmentation approaches, we propose ST-
SAM (Scene Text SAM), a parameter-efficient fine-tuning
framework tailored to adapt SAM for high-quality scene text
segmentation without relying on explicit text detection. ST-
SAM incorporates a multimodal prompting mechanism: a
lightweight visual encoder generates multi-scale spatial fea-
tures to provide precise visual context; and textual prompts
generated by a large language model offer high-level seman-
tic guidance. We demonstrate the advantages of the proposed
ST-SAM as follows: (1) ST-SAM achieves new state-of-the-
art performance on multiple scene text segmentation bench-
marks, including 85.30% fgloU on Total-Text and 91.03%
fgloU on TextSeg, outperforming both specialist and general-
ist models. (2) ST-SAM enables effective domain adaptation
by flexibly adapting the general SAM architecture to the do-
main of scene text. (3) By discarding the detect-then-segment
pipeline, ST-SAM simplifies the inference process while still
achieving robust performance on complex text cases.

Introduction

Scene text segmentation aims to segment text from complex
scene images, by categorizing each pixel as either text fore-
ground or no-text background, which plays a crucial role in
various text-based applications (Azadi et al. 2018; Ulyanov,
Vedaldi, and Lempitsky 2018; Wang et al. 2023b; Qu et al.
2023; Zhu et al. 2023; Zhang et al. 2025), thereby enhanc-
ing the versatility and utility of image processing in vari-
ous tasks. Deep learning techniques have demonstrated con-
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Figure 1: Conceptual comparison between our approach ST-
SAM and prior text segmentation methods.

siderable potential in text segmentation within scene im-
ages. Conventional approaches often follow a “detect-then-
segment” paradigm, which relies heavily on accurately lo-
cated text regions. As illustrated in Fig. 1, methods like
TexRNet (Xu et al. 2021), PGTSNet (Xu et al. 2022), TFT
(Yu et al. 2023a) and EAFormer (Yu et al. 2024) employ
specialized text detection modules to enhance segmentation
accuracy by specifically targeting text areas.

Despite recent progress, existing methods face two key
limitations. First, these approaches heavily rely on the accu-
racy of the first-stage text detection. Since detection serves
as the prerequisite for subsequent segmentation, any mis-
alignment or error in locating text regions, particularly under
complex conditions such as curved, dense, or stylized text,
can lead to significant degradation in segmentation quality.
This strong dependence limits the robustness and generaliza-
tion capability of existing frameworks. Second, most frame-
works struggle to adapt to diverse text layouts and appear-
ance, limiting their practical applicability.



In contrast, generalist models such as the Segment Any-
thing Model (SAM) (Kirillov et al. 2023) have demonstrated
remarkable generalization capabilities, offering a promising
new direction for overcoming the limitations of detection-
dependent methods. SAM represents a paradigm shift in seg-
mentation by leveraging prompt-based inference and vision
foundation models, enabling flexible segmentation across a
wide range of domains. However, despite its strong general-
ization ability, SAM underperforms in domain-specific tasks
that require fine-grained perception, such as scene text seg-
mentation where subtle structural cues and character-level
details are crucial (Chen et al. 2023; Xie et al. 2024). Hi-
SAM (Ye et al. 2024) addresses this gap by adapting SAM
for text segmentation. They use embedded image features
as sparse prompts, thereby improving the model’s capability
to segment text within images. Yet, its reliance on image-
derived prompts alone limits its ability to resolve intricate
text details, which are critical for handling irregular, dis-
jointed text strokes and structures. This highlights a key
challenge: designing an optimal architecture with a gener-
alist model for high-quality text segmentation remains unre-
solved in this field.

In this paper, we propose ST-SAM to unleash the power
of SAM for Scene Text segmentation by /) preserving the
spatial integrity of text objects through multi-scale visual
features and 2) enhancing the semantic understanding of
textual content. To preserve the spatial integrity of text
objects, ST-SAM employs a lightweight semantic segmen-
tation model, such as SegFormer (Xie et al. 2021), to gener-
ate multi-scale fused visual features. These features serve as
dense visual prompts, supplying SAM with rich spatial con-
text. By incorporating these dense visual prompts, ST-SAM
significantly improves its capacity to segment text within
scene images and resolves complex text details that are dif-
ficult to capture with traditional methods. To enhance the
semantic understanding of textual content, we leverage
the advanced language generation capabilities of Large Lan-
guage Models (LLMs) first to generate general text-related
prompts, and then complement them with scenario-specific
prompts. This approach differs from relying on generic lan-
guage prompts such as “ZText” (Yu et al. 2023b) or predefined
labels like “Scene text” (Zeng et al. 2024). The sparse textual
prompt, in conjunction with the dense visual input, guides
the segmentation process.

Additionally, we introduce a cross-modal alignment mod-
ule to capture fine-grained, locality-sensitive image features
that align with the semantic content of the textual prompts.
This further enhances SAM’s ability to accurately identify
and segment text within scene images. As a result, ST-SAM
demonstrates robustness in handling challenging cases with-
out relying on a dedicated text detection module, achieving
significant performance improvements over previous spe-
cialized models. Notably, ST-SAM improves the foreground
Intersection over Union (fgloU) by 2.57% on the Total-Text
dataset and increases the F-score by 11.88% on a subset of
particularly difficult cases. Furthermore, by eliminating the
need for a separate text detection module, ST-SAM achieves
an inference speed that is approximately 8.8 times faster
than TexRNet (Xu et al. 2021).
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In summary, the contributions of ST-SAM are as follows.

* We pioneer the integration of multi-scale fused dense
visual prompts from a lightweight, specialized model.
This design provides ST-SAM with comprehensive spa-
tial information about text regions and edges, signifi-
cantly enhancing its capacity to understand and segment
text within scene images.

To improve the semantic understanding of textual con-
text, we propose sparse textual prompts that leverage
LLM’s language-generative capabilities to create seman-
tically rich inputs. To align visual and textual features,
we design a cross-modal alignment module that cap-
tures fine-grained image features with text prompts. This
synergy sharpens ST-SAM’s attention on textual content
and improving segmentation accuracy.

We conduct comprehensive experiments on five different
datasets, demonstrating that ST-SAM achieves state-of-
the-art results across all benchmarks.

Related Work

Scene Text Segmentation. Unlike general semantic and in-
stance segmentation (Liu et al. 2024, 2018; Yu et al. 2018;
Long, Shelhamer, and Darrell 2015; Strudel et al. 2021),
scene text segmentation is typically formulated as a binary
task. Since the ICDAR challenge (Karatzas et al. 2011),
several datasets and methods have emerged (Ch’ng and
Chan 2017; Bonechi et al. 2019, 2020). To address lim-
ited pixel-level labels, semi-supervised learning (Wang et al.
2021) and prior-guided models (Xu et al. 2021, 2022) lever-
age character or region priors to improve accuracy. Joint
detection—segmentation frameworks (Yu et al. 2023a) and
edge-aware transformers (Yu et al. 2024) further enhance
boundary quality. However, most approaches still follow a
detect—-then—segment pipeline, which remains sensitive to
complex backgrounds and diverse text structures.

Segment Anything Model and Applications. The Seg-
ment Anything Model (SAM) (Kirillov et al. 2023) is
a category-agnostic, large-scale pre-trained segmentation
model. HQ-SAM (Ke et al. 2023) improves its output qual-
ity by adding a learnable token and lightweight refinement
layers. SAM has been adapted across domains, such as med-
ical segmentation via LoRA-based or adapter-based variants
like SAMed and MedSAM (Zhang and Liu 2023; Wu et al.
2023; Hu et al. 2021). In remote sensing, RSPrompt (Chen
et al. 2024) designs anchor- and query-based prompts for
SAM-driven instance segmentation. Motivated by these ad-
vancements, we explore applying SAM to scene text seg-
mentation.

Prompt Learning. Recently, prompt learning with gen-
eralist models has attracted growing interest, forming a
“pretraining—prompting” paradigm that reduces semantic
gaps between pretraining and downstream tasks. In vi-
sion—language models, CoOp and CoCoOp (Zhou et al.
2022b,a) learn continuous prompts from few-shot data,
while (Menon and Vondrick 2023) employs large language
models to generate richer class descriptions. Beyond textual
prompts, VPT (Jia et al. 2022) introduces visual prompts for
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Figure 2: Left: ST-SAM overview based on SAM with trainable adapters. Right: Details of the key components: a) Dense
visual prompt generation. b) Sparse text prompt generation. ¢) Cross-modal alignment module.

ViTs (Dosovitskiy et al. 2020), and LoGoPrompt (Shi and
Yang 2023) shows that synthetic text images can act as ef-
fective visual prompts for improving classification.

Exploring SAM for Text Segmentation. Recently, Hi-
SAM (Ye et al. 2024) transforms SAM into a hierarchi-
cal text segmentation model by incorporating a self-prompt
module and a high-resolution mask decoder. The potential of
using text, points, boxes, or masks as these initial prompts
within Hi-SAM has yet to be thoroughly explored. In this
paper, our approach involves creating text-specific prompts
that are carefully designed to leverage SAM’s inherent
strengths and the unique characteristics of text. Unlike Hi-
SAM, which uses image embeddings as sparse prompts, ST-
SAM employs a multimodal prompting mechanism.

Methodology
Overview

Fig. 2 illustrates the structure of our ST-SAM model, which
is designed to address scene text segmentation through a
multimodal prompting approach. In the subsequent sections,
we will delve into the specifics of how dense visual prompts
are created, the generation of text prompts using LLMs, and
the intricate process of integrating text prompts with the im-
age embeddings to achieve optimal segmentation outcomes.

Dense Visual Prompt Generation

Our proposed approach capitalizes on the strengths of spe-
cialized semantic segmentation models to supply ST-SAM
with multi-scale dense visual prompts. The core of our
method lies in generating category-specific prompts that
guide ST-SAM to focus on textual content within scene im-
ages. To accomplish this, we propose a generalist-specialist
framework. Within this framework, SAM functions as a
generalist for category-agnostic segmentation. Concurrently,
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a specialized semantic segmentation model, such as Seg-
Former, which has a relatively limited number of trainable
parameters, acts as a specialist for scene text segmentation.
SegFormer autonomously generates essential visual prompts
for SAM, thereby significantly enhancing segmentation ac-
curacy.

Formally, given a scene text image [ as input, it is
simultaneously processed by both SAM’s image encoder
and SegFormer’s image encoder V.4, producing outputs
Iyqm € RO4X64x256 and multi-scale feature maps denotes
as Iseg — [Ifl X hq ><w1’1202><h2 ><w271303><h3><w37104><h4><w4],
where w;, h; represents spatial resolutions at different scales
and c; denotes their respective channel dimensions. Seg-
Former has been pre-trained on the target dataset, and in
our approach, its encoder parameters are frozen, while the
decoder remains trainable. Each feature map within I, is
first processed by a multi-layer perceptron (MLP), projected
into a unified embedding space, then upsampled to match
the highest spatial resolution among the scales, and con-
catenated along the channel dimension. The concatenated
features undergo dimensionality reduction via two convo-
lutional layers interleaved with a ReLU activation function,
yielding the specialist feature representation Igpcciqiist- Sub-
sequently, these features are downsampled via a dedicated
downsampling module ¥ p,yncony to achieve a resolution
of 256 x 256 using an adaptive pooling layer. These con-
densed and spatially-aligned features are then input into the
visual prompt encoder Wy ;syq1- Prompt, producing the final
dense visual prompt representation Fy.,s.. Mathematically,
this process is expressed as:

Isam = \IJSAZ\/I-Encoder(I) (1)
I, = Concat(Up(MLP(I;))), i=1,....,4 (2)
Ispeciatist = Conv(ReLU (Conv(I geg))) 3)



Fdense = \I]Visual-Prompt(\IJDowannv (Ispecialist)) (4)

The visual prompt encoder ¥y ;syqi- Prompt COMPprises two
convolutional layers with a kernel size of 2 x 2 and a stride
of 2, followed by one additional convolutional layer with a
kernel size of 1 x 1. After each of the first two convolutions,
there is a layer normalization and a GE LU activation layer.
This process produces Fyense, Which has a spatial size of
64 x 64 x 256.

Sparse Text Prompt Generation with LL.Ms

While dense visual prompts offer detailed spatial informa-
tion crucial for preserving image features, they fall short in
providing the semantic understanding necessary for accu-
rate object recognition and segmentation, particularly in the
complex task of scene text segmentation. To bridge this gap,
we design a hybrid sparse text prompt mechanism that lever-
ages both the semantic prior from LLM-generated prompts
and scenario-adaptive learnable queries.

As illustrated in Fig. 2 (b), for the “Text” category, we
first construct a set of general text prompts by querying
LLMs (Achiam et al. 2023) with task-specific instructions,
such as “What attributes are useful for identifying text re-
gions in scene text images?”. These generated sentences,
denoted as Ty, capture general semantic attributes of text
(e.g., edge sharpness, character alignment, or background
contrast) without relying on any ground-truth annotations.
To enhance adaptability across datasets and scenarios, we in-
troduce L; learnable queries Qjeq,n € RX1*512 which act
as scenario-specific prompts. These queries are optimized
jointly with the segmentation network, allowing the model
to capture scenario-specific characteristics, such as typical
font sizes, orientations, or background patterns.

The general text prompts T, are first processed by a frozen
CLIP text encoder Textcp.(-). For each input sentence T3,
the encoder produces a 1 x 512 feature vector representing its
semantic meaning. With Lo generated prompts, we obtain a
semantic feature matrix Texte,.(T,) € RF2*512. We then
concatenate the learnable queries and the encoded textual
features along the sequence dimension:

FConcat - [Qlearn ) Temtenc(Tg):l S RLX512 (5)

where [ -; -] denotes feature concatenation, L = L; + Lo.

Finally, F,,cqt 1S projected to the target sparse represen-
tation through a trainable linear layer followed by a ReLU
activation:

Fsparse = TextAffine(Fconcat) € RLX256a (6)

This sparse representation encodes both the general se-
mantic priors from LLM-generated prompts and the dataset-
specific characteristics from learnable queries, effectively
guiding ST-SAM to focus on textual regions under diverse
scenarios.

Cross-modal Alignment

To effectively highlight the fine-grained information in re-
sponse to the coarse text region for subsequent mask de-
coding, we design a cross-modal alignment module to dy-
namically integrate detailed semantic details from textual
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features into visual features. As shown in Fig. 2 (c), this is
achieved through the cross-attention mechanism inherent in
the Transformer (Vaswani et al. 2017) architecture, which
effectively captures the interactions between image embed-
dings () and text embeddings (K, V'). The process involves
calculating the aligned image feature ] € R64x64x256
which is crucial for transferring semantic information from
a general image context to the specific text-instance level.
This is formulated as:

j = \IICA(Q = Isama K = Fsparse» V= Fsparse)

where W 4 denotes the cross-modal alignment layer.
Utilizing the aligned visual features, the original image

embedding I, is enhanced by incorporating I to generate

text-aware localized embeddings I, € R4*64x256 The

embeddings are then fed into the subsequent mask decoder
\I/SA]\/I—Decoder:

M = \I/SAM-Decoder(Isam + fa Fdense) (8)

where M € R?56%256x1 denotes the predicted masks from
mask decoder. To obtain high-resolution masks, M is up-
sampled using two transposed convolutional layers with a
kernel size of 2 x 2 and a stride of 2, followed by four con-
volutional layers with a kernel size of 3 x 3, a stride of 1, and
padding of 1, along with MLP layers. This process results in
the final output M’ € R1024x1024x1 The cross-modal align-
ment module ensures that the mask decoder operates on an
enriched representation conditioned on both visual and tex-
tual modalities, thereby enhancing the precision of the seg-
mentation process.

(7

Experiments
Experiments Setup

Datasets: We conduct experiments on the following
datasets. Total-Text (Ch’ng and Chan 2017) comprises
1,555 images, with 1,255 designated for training and 300 for
testing. The texts in this collection exhibit a wide range of
orientations. TextSeg (Xu et al. 2021) is a large-scale fine-
annotated text dataset. It comprises 4,024 images which are
divided into 2,646 for training, 340 for validation, and 1,038
for testing. ICDAR13 FST (Karatzas et al. 2013) contains
merely 462 images with 229 for training and 233 for testing.
HierText (Long et al. 2022) comprises of 8,281 training im-
ages, 1,724 validation images, and 1,634 testing images. The
dataset features dense and small text instances in scene and
document images.

Evaluation Metric: To assess the proposed approach
and ensure consistency with previous text segmentation
methods, we utilize the foreground Intersection-over-Union
(fgloU) and the F-score of foreground pixels as the evalua-
tion metric.

Implementation Details: In our experiments, we main-
tain an image size of 1024 x 1024, consistent with the orig-
inal input size for the SAM model. We enhance training
samples with data augmentation techniques including ran-
dom rotation, color jittering, and large-scale jittering. For
optimization, we use the AdamW optimizer with a learn-
ing rate of le — 4 and set the total number of training



Method Total-Text TextSeg ICDARI13_FST Inference
fglOU  F-score | fglOU  F-score | fglOU F-score | Time (s/img)
% | HRNetV2-W48 + OCR (Yuan et al. 2020) 76.23 83.20 85.98 91.80 72.45 83.00 -
S | TexRNet + HRNetV2-W48 (Xu et al. 2021) | 78.47 84.80 86.84 92.40 73.38 85.00 1.32
8§ | SegFormer-B5 f(Xie et al. 2021) 79.96 88.87 87.57 93.37 65.31 79.02 0.22
2 | PGTSNet (Xu et al. 2022) 79.10 84.70 - - - - -
S | TFT (Yu et al. 2023a) 82.10 90.20 87.11 93.10 72.71 84.50 -
i TextFormer (Wang et al. 2023a) 81.56 88.70 87.42 93.30 72.27 83.80 0.42*
v | EAFormer (Yu et al. 2024) 82.73 90.60 88.06 93.90 72.63 84.00 0.47*
SAM-B t(Kirillov et al. 2023) 75.06 85.75 86.82 92.94 65.70 79.30 0.10
SAM-L f(Kirillov et al. 2023) 78.46 87.93 87.95 93.59 68.03 80.97 0.24
» | SAM-H f(Kirillov et al. 2023) 81.16 89.61 88.39 93.84 73.54 84.75 0.42
E UPOCR i#(Peng et al. 2024) 81.24 88.50 88.76 94.04 73.68 84.92 0.16
§ Hi-SAM-B (Ye et al. 2024) 80.93 86.25 87.15 92.81 - - 0.11
w | Hi-SAM-L (Ye et al. 2024) 84.59 88.69 88.77 93.79 - - 0.26
T | Hi-SAM-H (Ye et al. 2024) 84.86 89.68 88.96 93.87 - - 0.45
§ SAM2-B+ f(Ravi et al. 2024) 61.25 75.97 78.18 87.75 59.43 74.55 0.05
S SAM2-L f(Ravi et al. 2024) 67.87 80.86 81.87 90.03 69.80 82.21 0.05
ST-SAM-B (Ours) 82.36 90.33 88.81 94.07 72.62 84.14 0.15
ST-SAM-L (Ours) 85.14 91.97 90.67 95.11 74.87 85.63 0.40
ST-SAM-H (Ours) 85.30 92.07 91.03 95.65 75.17 85.92 0.59

Table 1: Performance comparison with existing methods. The results marked with 1 are fine-tune by us

. The results marked

with I are reproduced by us. Bold and underline represent the best and second-best performance, respectively. The results of =

are from (Yu et al. 2024).

epochs to 70 across all datasets, with a batch size of 4. The
cross-modal alignment module is composed of three trans-
former layers, each with four heads. We conducted three
sets of experiments using the image encoders ViT-B, ViT-L,
and ViT-H, referred to as ST-SAM-B, ST-SAM-L, and ST-
SAM-H, respectively. All our experiments are carried out
on NVIDIA A800 GPUs. The number of learnable scenario-
specific prompts is set to 1 by default. See the supplementary
material for more details.

Training of ST-SAM: In our experiments, we use the
SegFormer MiT-B1 lightweight encoder for ST-SAM-B and
the SegFormer MiT-B5 for ST-SAM-L / ST-SAM-H. See the
supplementary material for a detailed explanation of the se-
lection of SegFormer models. During the training process,
the learnable modules of ST-SAM include: 1) the adapters in
the ViT encoder, 2) the MLP layer of the specialized model,
3) the cross-modal alignment module, 4) the mask decoder,
and 5) the affine layer of the text encoder and the learnable
scenario-specific prompts. Following the experimental setup
of early method (Ye et al. 2024), the loss function is defined
as a linear combination of Focal loss, Dice loss, and MSE
loss, with a ratio of 20:1:1.

Method | fgloU  F-score
TexRNet + HRNetV2-W48 (Xu et al. 2021) | 55.50 65.64
Hi-SAM-B (Ye et al. 2024) 73.39 81.34
ST-SAM-B (Ours) 75.69 86.17

Table 2: Performance comparison on HierText.
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Performance Comparison

The performance comparison results between our method
and the existing representative methods are shown in Tab. 1.
It is evident that specialized methods, which often depend
on well-designed text detection modules, did not achieve
the best results across the datasets. In contrast, ST-SAM,
which leverages the powerful segmentation capabilities of
SAM, has demonstrated a marked superiority over all alter-
native methods. This success can largely be attributed to the
generalist models’ ability to provide a rich feature set that
transcends the constraints of dataset size, enabling more ac-
curate and reliable text segmentation. On the three Latin
datasets, our ST-SAM-H method showed average improve-
ments of 2.69%/1.71% in fgloU/F-score over the SOTA spe-
cialist model EAFormer (Yu et al. 2024). We also show re-
sults on small and thin text. Table 2 illustrates the perfor-
mance on HierText, showcasing superior outcomes with a
2.3%/4.83% improvement in fgloU/F-score compared to Hi-
SAM. This improvement is attributed to the rich spatial and
semantic information provided by our multimodal prompt-
ing technique.

We additionally fine-tune SAM (Kirillov et al. 2023) and
the recently introduced SAM2 (Ravi et al. 2024) on the tar-
get training datasets. For a fair comparison, we follow the
same fine-tune strategy as ST-SAM. SAM demonstrates in-
ferior performance compared to our method, while SAM2,
designed particularly for video segmentation, exhibits even
poorer performance in this specific task. We attribute this
underperformance to the factor that SAM?2 replaces the Vi-
sion Transformer (ViT) (Dosovitskiy et al. 2020) with Hiera
(Ryali et al. 2023) to achieve faster processing times.

Visualization Analysis. As illustrated in Fig. 3, we com-
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Figure 3: Qualitative comparisons on Total-Text and
TextSeg dataset. Zoom in for a better view.

pare the performance of our ST-SAM model with state-of-
the-art methods such as SegFormer and Hi-SAM on the
Total-Text and TextSeg datasets. ST-SAM produces accu-
rate mask predictions with reduced noise. Notably, in the
first and fourth rows, where other methods fail to detect cer-
tain characters, ST-SAM successfully identifies all of them.
In the second and third rows, while other methods are prone
to confusing text-like areas, ST-SAM maintains high pre-
cision due to the detailed spatial and semantic information
provided by the integration of dense visual and sparse text
prompts. More visualization results are shown in the sup-
plementary material.

Performance on Difficult Scenarios

To further demonstrate the effectiveness of ST-SAM in dif-
ficult scenarios, we compare it against previous state-of-the-
art frameworks on a selected subset of the Total-Text dataset,
which mainly consists of multi-oriented and densely packed
text. Specifically, we selected 185 difficult samples from the
Total-Text dataset. As shown in Tab. 3, compared with spe-
cialist models, ST-SAM outperforms the other frameworks
by a significant margin. This result underscores the robust-
ness of our framework, especially in handling difficult cases.
Visualization comparisons are shown in supplementary.

Method | fgloU  F-score
TexRNet + DeeplabV3+ (Xu et al. 2021) 71.55 77.05
TexRNet + HRNetV2-W48 (Xu et al. 2021) | 74.54 77.42
UPOCR (Peng et al. 2024) 76.34 86.58
ST-SAM-B (Ours) 80.67 89.30

Table 3: Comparisons with previous specialist and generalist
frameworks on difficult scenarios.

Generalization Ability

We conduct experiments on the task of real-to-real adap-
tation, specifically comparing our approach with specialist
and generalist methods, as shown in Tab. 4. The models are
trained solely on TextSeg and evaluated on TotalText. It is
noteworthy that TextSeg mainly comprises artificially de-
signed text, whereas TotalText encompasses natural scene
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Method |TextSeg — Total-Text
Segformer-B1 (Xie et al. 2021) 80.78
TexRNet + DeeplabV3+ (Xu et al. 2021) 80.54
TexRNet + HRNetV2-W48 (Xu et al. 2021) 80.96
Hi-SAM-B (Ye et al. 2024) 82.27
ST-SAM-B (Ours) 86.56

Table 4: Comparisons with previous specialist and general-
ist frameworks on real-to-real adaptation. F-score (%) is re-
ported.

text. Taking advantage of the strong generalization capabili-
ties of SAM and scenario-adaptive prompts, our method out-
performs specialist models with an average gap of 5.8% and
a gap of 4.29% compared to Hi-SAM, underscoring its effi-
cacy in domain adaptation. Despite the differences in text
complexity and contextual diversity between the training
and evaluation datasets, ST-SAM demonstrates its general-
ization ability in various real-world scenarios.

Ablation Studies

To assess the performance of each component in ST-SAM,
we perform ablation experiments on the ICDARI13_FST
dataset, as shown in Tab. 5.

Impact of the Adapter. In the row of 1-2 of Tab. 5, we
analysis the impact of adopting an adapter tuning approach.
By incorporating two trainable adapter modules into each
ViT block, we introduce a few trainable parameters into the
encoder. This modification leads to significantly improved
performance compared to the baseline model.

Impact of Visual Prompting. In rows 2-3 and 5-8 of
Tab. 5, we illustrate the impact of dense visual prompting
within ST-SAM. By generating dense visual prompts that
correspond to the image’s embedding spatial dimensions,
our method achieves improvements of 1.34% (row 2 vs 3)
and 1.70% (row 5 vs 8) of fgloU, respectively. These results
indicate that dense visual prompts are essential for incorpo-
rating detailed spatial information into the generalist model.

Impact of Text Prompting with LLM. We illustrate the
impact of the design of the text prompting within ST-SAM
in rows 4-5 and 7-8 of Tab. 5. The label “w/o LLM” indi-
cates that the “Zexr” input is encoded solely using the text
encoder, while “w/ LLM” signifies that text-related prompts
are generated using GPT-4 before being input into the text
encoder. Generating more semantically rich prompts pro-
vides valuable guidance to ST-SAM for capturing finer de-
tails. This results in an overall improvement (row 7 vs 8)
of 1.08% in fgloU. We also evaluate the capability of other
open-source LLMs, such as Qwen-2.5 (Qwen et al. 2025)
in the supplementary material. Our results show that perfor-
mance improvements stem from (1) sparse text prompt gen-
eration strategy and (2) their ability to capture fine-grained
image details—not the choice of specific LLMs.

Impact of Cross-modal Alignment Module. The results
indicate that simple concatenation reduces the model’s per-
formance (row 3 vs 6). In contrast, using the cross-modal
alignment improves the model’s performance (row 6 vs 8).

In Fig. 4, we present text-aware localized embeddings I,



# | Adapter Visual Prompting Text Prompting Cross-modal Alignment Scenario-specific prompt igll())éRli:J—ZE;[‘re
1 X X X X X 6570 7930
2 v X X X X 68.18  81.08
3 v v X X X 69.52  82.02
4 v X v, wio LLM v X 68.68  81.43
5 v X v, w/LLM v X 69.48  81.99
6 v v v, w/LLM X, concat X 68.49  81.30
7 v v v/, wlo LLM v X 70.10  82.42
8 v v v/, w/LLM v X 71.18  83.17
9 v v X v v 70.99  83.03
10 v v v/, w/LLM v v 72.62  84.14

Table 5: Ablation experiments on ICDAR13_FST. The term “concat” refers to the concatenation of text prompts with the sparse
prompts of SAM. Note that Cross-modal Alignment is conducted between the image embeddings and sparse text features.

Raw
Images

Text-aware
Localized
Embeddings

Weight

Figure 4: Visualization of text-aware localized embeddings

I! .m after cross-modal alignment module.

after cross-modal alignment module. The visualization re-
veals that the features within I’ , cover precise text loca-
tion details, whether the text appears in cluttered scenes or
spans various orientations. This demonstrates the versatility
of ST-SAM in identifying text regions and provides crucial

insights for the subsequent mask decoding phase.

Impact of Scenario-specific Prompts. Rows 8-10 evalu-
ate different strategies for sparse prompts. Row 8 uses only
LLM-generated prompts (general semantics), row 9 uses
only learnable scenario-specific prompts, and row 10 com-
bines both. Results show that both types of prompts are ben-
eficial: general prompts contribute semantic prior knowl-
edge, while learnable scenario-specific prompts adapt to
instance-specific features. Their combination yields the best
performance (72.62% fgloU, 84.14 F-score), underscoring
the complementarity of the two prompting strategies.

Analysis of ST-SAM’s Inference Speed and Trainable
Parameters. We present the inference time in Tab. 1 and the
number of trainable parameters in Fig. 5. We evaluate the
inference time of all available methods on one single A800
GPU card. ST-SAM demonstrates an inference speed com-
parable to other generalist models except SAM2. Regarding
trainable parameters, our method uses a parameter-efficient
fine-tuning approach, enabling ST-SAM to achieve superior
performance with fewer parameters.
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Figure 5: Comparison of previous methods in the number of
parameters and text segmentation performance in fgloU.

Conclusion

In this paper, we introduce ST-SAM, a novel multimodal
prompting approach for scene text segmentation that builds
on the SAM model. Our approach leverages a lightweight
specialized model to generate multi-scale fused visual
prompts, providing comprehensive spatial information. Ad-
ditionally, we harness LLM’s advanced generation capabil-
ities to create general prompts, then complement them with
scenario-specific prompts, enriching the semantic input for
ST-SAM. The integration of dense visual prompts and sparse
text prompts, along with the cross-modal alignment module,
enhances the segmentation accuracy of ST-SAM. Through
extensive experiments, we have demonstrated the superior-
ity of ST-SAM over other state-of-the-art specialist and gen-
eralist models. Furthermore, ST-SAM exhibits robustness in
handling difficult cases and effectiveness in domain adap-
tation. In future work, we will extend this framework to a
broader range of pixel-level OCR tasks.
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