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Abstract

Few-shot semantic segmentation (FSS) aims to enable mod-
els to segment novel/unseen object classes using only a
limited number of labeled examples. However, current
FSS methods frequently struggle with generalization due to
incomplete and biased feature representations, especially
when support images do not capture the full appearance
variability of the target class. To improve the FSS pipeline,
we propose a novel framework that utilizes large language
models (LLMs) to adapt general class semantic informa-
tion to the query image. Furthermore, the framework em-
ploys dense pixel-wise matching to identify similarities be-
tween query and support images, resulting in enhanced FSS
performance. Inspired by reasoning-based segmentation
frameworks, our method, named DSV-LFS, introduces an
additional token into the LLM vocabulary, allowing a mul-
timodal LLM to generate a ”semantic prompt” from class
descriptions. In parallel, a dense matching module iden-
tifies visual similarities between the query and support im-
ages, generating a "visual prompt”. These prompts are then
Jjointly employed to guide the prompt-based decoder for ac-
curate segmentation of the query image. Comprehensive ex-
periments on the benchmark datasets Pascal-5' and COCO-
20 demonstrate that our framework achieves state-of-
the-art performance-by a significant margin-demonstrating
superior generalization to novel classes and robustness
across diverse scenarios. The source code is available at
https://github.com/aminpdik/DSV-LFS

1. Introduction

Deep neural networks have shown remarkable success in
learning visual features from large labeled datasets [8, 11,
37-39]. However, their ability to generalize to new classes
diminishes when only a limited labeled data is available.
Few-shot learning [10, 43, 49] addresses this limitation by
enabling models to learn effectively from a small number of
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labeled examples, similar to human learning.

In the context of image segmentation [28, 47], which re-
quires pixel-level annotations, few-shot learning provides a
resource-efficient solution. Few-shot semantic segmenta-
tion methods focus on predicting detailed masks for novel
classes using only a limited number of labeled samples
(support images). These methods utilize a range of strate-
gies to effectively leverage the limited labeled samples
available for segmentation [2, 9, 13, 18, 27, 34, 40, 44,
46, 51, 63]. However, current methods face challenges
such as overfitting to the feature distribution of the train-
ing data during meta-training, leading to misclassification
of seen classes as unseen ones. Additionally, occlusion, de-
formation, or texture differences between query and sup-
port images significantly reduce segmentation accuracy.
The root cause for these challenges is the incomplete and
appearance-biased feature representation of the novel class
learned from the limited data available. Recent methods
address these challenges by leveraging class text descrip-
tions, which provide detailed semantic information to im-
prove segmentation performance [20, 29, 62, 68]. These
descriptions help models capture nuanced features of novel
classes, enhancing generalization and accuracy even with
limited support images. Advances in large language models
(LLMs) [3, 48] further enable the efficient encoding of this
semantic information, offering a more robust integration of
textual and visual cues for improved segmentation.

Large language models (LLMs) have shown great po-
tential in few-shot learning, enhancing performance across
tasks in both computer vision and natural language pro-
cessing [3, 4, 6, 16, 21, 48]. In few-shot segmentation
(FSS), integrating LLMs to encode textual information has
proven effective in addressing key limitations. While ear-
lier FSS methods used language models for auxiliary tasks
such as feature extraction [12, 20, 59] or generating attribute
prompts [29], recent work [68] presents the first direct ap-
plication of LLMs to FSS, achieving notable improvements
in segmentation accuracy. [68] engineered prompts lever-
aging both the support set and class description to guide



the LLM in performing segmentation on the query image.
However, this method has several key limitations, such as
requiring multi-stage training and remaining text-centric,
with segmentation results generated as textual descriptions
that must be then post-processed to produce a segmentation
mask. Despite [68] having shown significant improvements
through the direct application of LLMs in few-shot settings,
an important challenge remains: developing a single-stage,
end-to-end pipeline that leverages text-based LLMs to effi-
ciently integrate support images and class descriptions for
direct query image segmentation.

To generate segmentation directly on the query image,
we adapted a prompt-based decoder [15] to harness its abil-
ity to integrate image features with user-provided prompts,
facilitating the generation of accurate segmentation masks.
These prompts guide the decoder in localizing the region
of interest within the query image. Building on recent FSS
methods, we efficiently utilize both the support set and class
descriptions to guide the decoder.

However, generating prompts from class descriptions
presents a significant challenge. While class descriptions
provide consistent, general visual information about the ob-
ject class, the current query image may lack some of these
characteristics due to variations in appearance caused by
occlusions, lighting conditions, or partial visibility. As a
result, directly encoding class descriptions and incorporat-
ing them into the FSS pipeline is not efficient. To over-
come this challenge, and inspired by the reasoning segmen-
tation framework [17], we introduce an additional token,
< SEMprompt >, into the LLM vocabulary, which sig-
nifies a request for segmentation based on semantic infor-
mation. We further design a class semantic encoder mod-
ule based on a multimodal LLM [22, 23], which takes both
the query image and general class description to generate
query-specific semantic information, referred to as seman-
tic prompt. To further enhance performance, our method
incorporates a dense matching module that encodes the sim-
ilarity between query and support images, producing a vi-
sual prompt. This visual prompt complements the semantic
prompt by providing fine-grained spatial correspondence,
enabling the decoder to better align the class-specific fea-
tures with the query image. By combining these two forms
of guidance, the adapted prompt-based decoder effectively
mitigates the limitations of traditional FSS pipelines, de-
livering superior segmentation accuracy in challenging sce-
narios and achieving state-of-the-art results by a significant
margin.

Our main contributions are as follows:

* To the best of our knowledge, this is the first work, that
combines large language models (LLMs) fine-tuned for
reasoning segmentation [17], with foundation semantic
segmentation models to directly segment in the context
of few-shot semantic segmentation.
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We propose a novel single-stage, end-to-end architecture
that seamlessly integrates multimodal semantic features
from large language models with visual features derived
from pixel-level correspondence, resulting in substantial
improvements in segmentation accuracy and robustness.
We conduct comprehensive experiments across multi-
ple benchmark datasets, demonstrating that our method
achieves state-of-the-art, outperforming existing methods
by a significant margin.

2. Related Work

Few-Shot Segmentation. Classical semantic segmentation
methods often rely on a large number of training samples
to achieve accurate results. However, to reduce this de-
pendency, few-shot segmentation has emerged as a promis-
ing alternative, enabling the segmentation of query images
with only a few annotated support images. This approach
has received significant attention in recent years. Most FSS
methods rely on matching query and support images using
prototype-based [1, 27, 32, 34, 42, 46, 51, 60] or pixel-
wise methods [5, 13, 30, 41]. In prototype-based meth-
ods, prototypes are extracted from support images and used
for segmentation using either parametric or non-parametric
approaches. Non-parametric [7, 19, 51, 61, 65] methods
classify pixels in the query image based on their simi-
larity to the support prototype, while parametric methods
[18,27, 56, 58, 63] use learnable parameters to segment the
query image using aggregated features of the support and
query images. Prototype-based methods in FSS can result
in a significant loss of information, as pixel-level features
are averaged into a single prototype. To address this limita-
tion, recent work has focused on learning pixel-wise corre-
lations between query and support features, offering a more
detailed and accurate approach to segmentation. However,
these methods still rely on the limited information available
in support images, which may not be sufficient for robust
segmentation. To overcome these challenges, several tech-
niques have been developed to incorporate additional infor-
mation into the few-shot segmentation process. For exam-
ple, [18] utilizes a fully supervised, pre-trained network on
seen classes to generate a prior map, reducing confusion be-
tween seen and unseen classes. [62] enhances segmentation
by incorporating class semantic information, encoding class
names using word2vec models, and integrating this infor-
mation into the query-support matching pipeline for better
segmentation outcomes. [68], directly employs LLMs for
segmentation by introducing detailed task instructions and
fine-grained in-context guidance, simulating human cogni-
tion to enhance LLMs ability to generate accurate segmen-
tation by providing refined multimodal references.

Large Language Models. LLMs have driven substan-
tial advancements in machine learning, significantly alter-
ing the ways in which various tasks are addressed and
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'|{ImageToken}. This one is a query image. {Class Instruction}. This paragraph outlines)
the visual features of ${Class}$ that distinguish it from other similar categories. Please
use distinguishing visual features to segment { Class} in the query image.

A

{Class Instruction} : "A spoon is a utensil characterized by its distinctive visual J

features that set it apart from other similar objects. The spoon typically has a shallow,
oval or round bowl atoneend and ...... "

_
"Give a detailed | ‘ . -
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Figure 1. Technical Overview. The large language model (LLM) first generates a class description W based on an input prompt, which
consists of a simple question regarding the visual features that distinctly define the class C' with label £&. The {ImageT oken} in W¢
serves as a default token assigned to the query image, and {Class} refers to the class label £. This class description, along with the query
image, is then fed into a multi-modal LLM (F) to produce a class-specific semantic prompt S Eszmmpt. In parallel, a dense matching
module F2E, Fi2, generates a class-specific visual prompt V I.S,ompt by using the support and query feature maps obtained from the
vision backbone encoder Fer.. Finally, these two prompts, together with the query feature maps, are passed to the prompt-based decoder

Fuaec to produce the final segmentation.

.---------Labelf="spoon"

solved [3, 48, 48, 66]. These models excel at generating scriptions dynamically to the query image. This semantic
text that closely emulates human language, and they demon- information is seamlessly incorporated into the query and
strate exceptional versatility across a wide range of tasks, support image matching pipeline to guide a prompt-based
including transfer learning, few-shot learning, and zero-shot decoder, enabling more accurate segmentation.

learning [3, 4, 16, 45, 55, 67]. Recently, a number of multi-
modal LLM models have been proposed for tasks involving 3. Method

image reasoning, which require a deep integration of visual

and textual information to enhance comprehension and in- 3.1. Problem Definition
terpretation of images. For instance, models like those in
[22, 23] combine the strengths of large language models
with advanced visual processing to manage tasks that re-
quire understanding both text and images, such as visual
question answering and image captioning. Similarly, LISA
[17] presents a model that incorporates large language mod-
els with image segmentation capabilities. This approach
uses a < SEG > token to encode input prompts, and the
resulting last-layer embedding is decoded into a segmen-
tation mask through the model decoder, leveraging visual
features extracted by a vision backbone like SAM [15]. Our
method improves the few-shot segmentation process by uti-
lizing multimodal LLMs to adapt detailed object class de-

Few-shot segmentation focuses on segmenting a target ob-
ject in a query image with the help of only a few anno-
tated support images. This approach uses meta-learning,
where the model is trained using episodes instead of con-
ventional image batches. Each episode consists of a sup-
port set and a query set. In a K-shot setting, the sup-
port set S = {X7, Mf}E | includes K support images
X and their corresponding masks M ?, while the query set
Q = {X9, M7} comprises a query image X ? and its cor-
responding mask M? used for the loss calculation during
training.

In the standard few-shot segmentation setting, the sup-
port set provides annotated examples for a target class
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C € Cirain U Ciest, inherently including the class la-
bel through the segmentation masks. Our method lever-
ages this class label C' to generate a class description W
using ChatGPT, which enriches the semantic understand-
ing of the target class without introducing additional infor-
mation beyond what is available in traditional FSS tasks.
The episodes are drawn from the training dataset Dy,.q;n =
{(Si, Qi, We) Y Ntrein for the meta-training phase and from
the testing dataset Dyt = {(S;, Qs, WC)}fV:ﬁ“ for meta-
testing. Dyyqin has Cipqin classes, and Dyest has Chegy
classes, with no overlap between the two, i.e., Cyrgin N
Ciest = 0. The goal is to train the model on Dy,.qi, and
then test it on unseen classes in D,.;, leveraging the learn-
to-learn paradigm.

3.2. Overview

The proposed few-shot semantic segmentation network
comprises three core modules, as depicted in Figure 1.
First, the Class Semantic Encoder F employs a multi-
modal LLM to adapt the general class description to the
query image, generating the < SEM,.omp: >. Second,
the Dense Matching Module identifies visual correspon-
dences between the query and support images, producing
the VIS, ompt. Finally, the prompt-based Decoder Mod-
ule F4.. combines these two complementary prompts with
query image features extracted by a visual encoder F,,. to
accurately segment the target object.

3.3. Class Description Generation

To generate the class descriptions, we query ChatGPT 4.0
with a specific prompt for each class with label & as follows:
Please provide a detailed description of the visual charac-
teristics that uniquely identify the < classname > object
class, distinguishing it from other similar object categories.
Focus solely on the distinguishing visual features in a com-
prehensive paragraph. This prompt ensures that the descrip-
tions are tailored to highlight the unique visual features of
each class. We collect the responses from ChatGPT for all
classes. As an example, the following is a class descrip-
tion generated for ”spoon”: A spoon is a utensil character-
ized by its distinctive visual features that set it apart from
other similar objects. The spoon typically has a shallow,
oval or round bowl at one end, designed to hold and scoop
liquids or semi-solids. The handle of a spoon is usually
elongated, straight, or slightly curved, and tapers towards
the bowl, allowing for a comfortable grip. They are com-
monly made from reflective materials like stainless steel,
which give them a shiny appearance, but can also be found
in other materials such as wood or plastic, each presenting a
different texture and finish. Unlike forks, spoons lack tines,
and unlike knives, they do not have a blade or sharp edges,
making their overall form smooth and rounded.

We experimented with various prompt formulations to
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mitigate sensitivity in LLM outputs. Our final prompt struc-
ture described above emphasizes distinctive visual features,
and we found this approach to consistently generate infor-
mative and reliable class descriptions.

Incorporating the generated class descriptions, and
following the approach of [22, 23], we construct in-
put prompt for class encoder module (W¢ in Figure
1) as: ImageToken. This one is a query image.
ClassInstruction. This paragraph outlines the visual fea-
tures of Class that distinguish it from other similar cate-
gories. Please use distinguishing visual features to segment
Class in the query image. The I'mageT oken serves as a
default token assigned to the query image within the input
prompt. This token is subsequently replaced by the output
features of the query image generated by CLIP [36]. The
ClassInstruction corresponds to the specific description
generated for the target class, while the Class represents
the name of the object category being segmented. The ex-
pected output follows this format: Sure, the segmentation
result is < SEMprompe >, where < SEMprompe > is a
token added to the LLM vocabulary. This token enables
the LLM to adapt the general class description to the visual
features of the target object, providing query image-specific
semantic information.

3.4. Class Semantic Encoder Module

Class descriptions offer general visual information about
an object class, but query images often vary due to factors
such as occlusions, lighting changes, or partial visibility.
As a result, directly incorporating class descriptions into
the FSS pipeline is not efficient. To address this, we pro-
pose a class semantic encoder module that adapts class de-
scriptions to the query image, generating a context-aware
semantic prompt that captures the specific characteristics
of the target class within the query image. To enable this
adaptation, we introduce the < SEMp,omp: > token into
the LLM vocabulary, which requests detailed, query image-
specific semantic information. Following the LLaVA ar-
chitecture, features from the query image QS 4 containing
the target object class C, extracted by a visual encoder, i.e.,
CLIP [36], along with the prepared description W¢ for the
target object class, are fed into the LLM, which generates a
text response.
Yreat = F(Qfng We) (1)
When instructed to generate a segmentation aligned with
the target class description, the output ., includes the
< SEMprompt > token, which encodes semantic informa-
tion specific to the target class in the context of the query
image. Next, we extract the LLM last-layer embedding,
hsem » corresponding to the < SEMp.omp: > token, and
apply an MLP projection layer to obtain the final semantic
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3.5. Dense Matching Module

This module generates a visual prompt V' ISp,omp: that en-
codes the similarity between the target object in the sup-
port set and the query image. To achieve this, we lever-
age dense matching between annotated support images and
the query image, which has been shown to outperform
prototype-based matching by capturing fine-grained details
[30]. We extract a diverse range of features from vari-
ous L depths of a vision transformer, i.e., the SAM [15],
{(f§, f§)}=, forming a set of 4D hypercorrelation tensors,
HPV, € RI»*WpxHpxWy — These 4D hypercorrelations
are then stacked together.

HPV ReLU [ 2 oI5 3)

] = e

(Ka-¥e) (FAEA

HPV — Concat(HPVl,HPVg, o HPVL) o
HPV c RLXHPXWPXHPXWP (5)

Using efficient center-pivot 4D convolutions (F2D in
Figure 1), the method combines high-level semantic and
low-level geometric cues from hypercorrelations to encode
matching of support and query images. The encoder out-
put is then passed to a decoder module (F32 in Figure 1),
which generates a visual prompt, V ISy ompt, to guide the

segmentation process.

H'P = F.o.(HPV) (6)
VISprompt = Fara(H*P) (7

3.6. Mask Decoder Module

In our method, we employ two types of prompts—semantic
(SEMI{,.Ompt) and visual (VIS,.ompt)—to guide the
prompt-based decoder (F4e. in Figure 1) for accurate seg-
mentation of the query image. The semantic prompt, pro-
duced by the Class Semantic Encoder, captures detailed at-
tributes of the target object, such as shape, texture, and
distinctive features, providing contextual information for
segmentation. The visual prompt, generated by the Dense
Matching Module, is derived from pixel-wise matching
between the query image and annotated support images,
identifying the target regions in the query image. These
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prompts, combined with query image features @ eqs, €X-
tracted by the encoder F,,., are integrated into the prompt-
based decoder Fge. [15] to directly generate segmentation
on the query image.

Mq ]:dec(Qfeata VISprompt7 ) (8)

pred —

The decoder employs multi-head attention and trans-
former blocks to fuse the semantic and visual information,
refining mask proposals through learnable queries. This hi-
erarchical approach merges the high-level context from the
semantic prompt with spatial details from the visual prompt,
producing detailed segmentation masks. This integration
enables the decoder F .. to deliver segmentation results
that are precise and contextually coherent.

SEM/

prompt

3.7. Training loss

Our model is trained end-to-end using two main loss func-
tions adapted from [17]: the text generation loss Ly and
the segmentation mask loss L,s. The overall loss function
L is defined as the weighted sum of these two losses:

L= /\textﬁtext + /\mask‘cmaska (9)

where Ay and Ap, are the weights assigned to the
text and mask losses, respectively. The text generation loss
Liext 1s formulated as the auto-regressive cross-entropy loss,
while the segmentation mask loss L,k combines per-pixel
binary cross-entropy (BCE) loss and Dice loss, weighted by
Apce and Apice.

Given the ground truth text labels ¥y and query mask
M and predicted mask for query image Mfm 4 the specific
loss functions are:

Etext = CE(ytext; Ytext) (10)
Lanask =MaceBCE(MY, _,, M)+ (11)
)\DiceDice(MgTed, M?) (12)

Our method integrates these losses to extend the capabili-
ties of multimodal large language models (LLMs), enabling
them to handle both text generation and fine-grained seg-
mentation tasks.

3.8. Extending to K -shot setting

For the K'-shot scenario, we adopt the strategy proposed in
[30]. With K support image-mask pairs and a query im-
age, the model makes K separate forward passes, resulting
in K predicted segmentation masks. To determine the final
segmentation, a voting mechanism is applied at each pixel,
where the sum of the K predictions is normalized by the
maximum possible votes. Pixels are then classified as fore-
ground if their normalized score exceeds a certain threshold,
allowing for a more robust segmentation decision based on
multiple support examples.



Table 1. Performance Comparisons. We evaluate our method by comparing the mean intersection-over-union (mloU) on the PASCAL-5"
and COCO-20° datasets against other state-of-the-art methods. To ensure the robustness and reliability of the results, we perform each
experiment five times using different random seeds and report the average mloU scores for both 1-shot and 5-shot settings. The highest
values are indicated in bold, the second-highest are underlined, and the average mloU is | highlighted |.

Dataset Method Conference 1-shot S-shot
Fold-0 | Fold-1 | Fold-2 | Fold-3 || Mean | Fold-0 | Fold-1 | Fold-2 | Fold-3 || Mean
NTRENet [25] | CVPR’22 654 | 723 | 594 | 598 || 632 | 662 | 728 | 617 | 622 || 657
BAM [18] CVPR’22 690 | 73.6 | 675 | 61.1 | 678 | 70.6 | 751 | 708 | 672 | 709
AAFormer [53] | ECCV’'22 69.1 | 733 | 592 | 652 | 667 | 725 | 747 | 620 | 613 || 67.6
SSP [9] ECCV’22 60.5 | 67.8 | 561 | 614 | 615 | 675 | 727 | 752 | 621 || 693
IPMT [26] NeurIPS'22 | 728 | 737 | 592 | 616 | 668 | 73.1 | 747 | 616 | 634 | 682
ABCNet [54] CVPR’23 688 | 734 | 596 | 650 | 665 | 717 | 742 | 748 | 67.0 || 69.6
PASCAL-5/ HDMNet [35] CVPR’23 710 | 754 | 621 | 694 | 69.7 | 713 | 762 | 713 | 685 | 718
MIANet [62] CVPR’23 685 | 758 | 645 | 687 | 694 | 702 | 774 | 700 | 688 | 7L7
MSI [31] ICCV’23 710 | 725 | 638 | 659 | 683 | 73.0 | 742 | 705 | 66.6 || 7II
SCCAN [59] ICCV’23 683 | 725 | 668 | 589 | 666 | 723 | 741 | 69.1 | 656 | 703
LLaFS [68] CVPR’24 742 | 788 | 723 | 685 | 735 | 759 | 801 | 758 | 707 || 75.6
DSV-LFS 71.67 | 8197 | 71.17 | 75.04 || 74.96 | 72.03 | 82.01 | 71.32 | 7551 || 7521
NTRENet [25] [ CVPR'22 368 | 426 | 397 [ 393 | 382 | 382 [ 441 [ 404 | 384 [ 403
BAM [18] CVPR’22 434 | 506 | 475 | 436 || 463 | 493 | 542 | 516 | 499 || 512
SSP [9] ECCV’22 355 | 396 | 379 | 367 | 374 | 406 | 47.0 | 451 | 439 || 441
AAFormer [53] | ECCV’22 3908 | 446 | 411 | 416 | 418 | 429 | 501 | 455 | 49.6 || 49.6
MM-Former [64] | NeurIPS'22 | 40.5 | 477 | 452 | 434 | 442 | 404 | 474 | 500 | 488 || 466
IPMT [26] NeurlPS'22 | 41.4 | 452 | 456 | 404 | 432 | 433 | 475 | 438 | 425 | 443
COCO-20" | ABCNet [54] CVPR’23 423 | 462 | 460 | 441 | 447 | 445 | 517 | 522 | 464 || 49.1
HDMNet [35] CVPR’23 438 | 508 | 50.6 | 494 | 486 | 506 | 616 | 557 | 56.6 || 56.1
MIANet [62] CVPR’23 425 | 503 | 478 | 474 || 477 | 458 | 582 | 513 | 519 || 517
MSI [31] ICCV'23 424 | 474 | 449 | 446 | 448 | 471 | 532 | 534 | 519 || 519
SCCAN [59] ICCV’23 404 | 426 | 414 | 407 || 413 | 472 | 572 | 592 | 521 || 539
LLaFS [68] CVPR’24 475 | 588 | 562 | 53.0 || 539 | 532 | 638 | 63.1 | 600 | 60.0
DSV-LFS 69.97 | 7335 | 70.69 | 71.32 || 71.33 | 71.05 | 73.81 | 71.32 | 7145 || 71.90

4. Experiments
4.1. Experimental Settings

Benchmark datasets. Following previous works in
FSS, we evaluate the proposed method on two few-shot
segmentation benchmark datasets: Pascal-5° and COCO-
207, derived from PASCAL VOC 2012 and MS-COCO,
respectively. Each dataset is divided into four folds,
with three-quarters of the classes designated for train-
ing (base/seen classes) and the remainder for testing
(novel/unseen classes). During the inference phase, 1000
episodes of support and query images are randomly sam-
pled from the test set to evaluate the model performance.

Evaluation measures. To evaluate the proposed method,
we adopt mean intersection-over-union (mloU), consistent
with previous studies. To ensure robust and reliable results,
we conduct five trials for each experiment using different
random seeds. The final performance metric is obtained by
averaging the results from all five trials, providing a com-
prehensive assessment of the method effectiveness for few-
shot segmentation tasks.

Implementation details. The proposed network combines
the pre-trained multi-modal language model LLaVA (llava-
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v1.5-7b) [23] with the Segment Anything network [15]. The
network introduces a 4D dense matching module, which uti-
lizes center-pivot 4D convolutions [30] followed by a con-
volutional decoder module. The mask decoder is derived
from the Segment Anything mask decoder [15]. To gener-
ate class descriptions, a custom Python web scraping tool is
used to query ChatGPT 4.0, producing detailed descriptions
for all classes in the benchmark datasets.

Training. One advantage of the proposed model is that
it functions as an end-to-end model trained in a single
stage. To efficiently fine-tune the multi-modal LLM, we
employ LoRA [14] while keeping the vision backbones
frozen. Meanwhile, the 4D encoder/decoder and mask de-
coder are fine-tuned, and the LLM token embeddings, lan-
guage model head (LM head), and projection layer are set
as trainable parameters. The batch size is set to 2 per GPU,
and the model is trained for 10 epochs using the AdamW
optimizer with the cosine annealing scheduler and an initial
learning rate of 3e — 4. The loss weights are set to 1, 2, and
0.5 for Aext, ABCE; Abice, respectively. To ensure a fair com-
parison with other methods, no data augmentation is used
during training. Two NVIDIA A100 GPUs are employed
for training.



Fairness in Comparisons. While our method incorpo-
rates detailed class descriptions generated from the class
label, we maintain consistency with the standard FSS set-
ting where the class label is inherently available through the
support set annotations. Previous works have also leveraged
class semantics, such as class names or word embeddings
[57, 62] and more recently language guidance [50, 68], to
enhance segmentation performance in FSS.

4.2. Comparison with State-of-the-Art

Pascal-5': Table | presents a comparison of the mIoU mea-
sure between our method and several recent few-shot seg-
mentation approaches on the Pascal-5¢ benchmark. The re-
sults demonstrate that while our method significantly sur-
passes all non-LLM-based approaches, it achieves compa-
rable results with the LLM-based approach of [68]. We at-
tribute this to the dataset being simpler than other bench-
marks, as it contains fewer classes and only one object class
per image, resulting in potential saturation. This hypothe-
sis is further supported by the results on other benchmark
datasets, which surpass all other methods by a significant
margin, as we describe below.

COCO-20%: Table | presents the performance of our
proposed method on the COCO-20? dataset, which is known
for its challenging segmentation tasks due to the presence of
multiple objects and significant intra-class variability. Our
method achieves notable improvements over existing ap-
proaches, with gains of +17.43% mloU in the 1-shot setting
and +11.9% mloU in the 5-shot setting.

COCO-20° — Pascal-5%: On the basis of the different
distributions of the training dataset and testing dataset, a
model trained on one dataset is evaluated on another with-
out any fine-tuning. To demonstrate the effectiveness of
our method, we perform experiments in the COCO-20° —
Pascal-5°. We trained our network on all classes of COCO-
20" and evaluate the network on Pascal-5' without fine-
tuning. As shown in Table 2, while our network is not
specifically designed for cross-domain few-shot segmenta-
tion, it still achieves state-of-the-art results, demonstrating
a gain of +1% mloU in the 1-shot setting compared to other
cross-domain FSS methods that are explicitly developed for
this purpose.

4.3. Qualitative Results

We present qualitative results generated by our proposed
method to illustrate its effectiveness in overcoming key
challenges in few-shot segmentation. Two common issues
in this task include: (1) the misclassification of base class
objects as novel classes, leading to false positives; and (2)
the reliance on a few support images, which often do not
capture the full variability of the target class appearance.
Figure 2 demonstrates our method’s robustness against mis-
classification of base classes as novel classes. The first and
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second columns highlight how our method accurately dis-
tinguishes target classes such as “motorcycle” and “train”
from other objects in the query images. In the subsequent
columns, we showcase the method’s ability to precisely seg-
ment target classes despite significant variations, includ-
ing differences in scale (e.g., handbag), occlusion (e.g.,
laptop), appearance changes (e.g., potted plant), cluttered
backgrounds (e.g., bird), and deformations (e.g., fire hy-
drant) between the support and query images. These results
underline the adaptability of our method to handle complex
and diverse visual scenarios, substantially improving seg-
mentation performance in few-shot learning contexts.

Table 2. Performance comparison of our model on the COCO-
20% — Pascal-5° cross-domain setting, without fine-tuning. Al-
though our method was not explicitly designed for cross-domain
FSS, it achieves state-of-the-art results with a +1 mIoU gain in the
1-shot setting. We run each experiment five times with different
random seeds and report the average mloU for the 1-shot setting.
The highest values are indicated in bold, the second-highest are
underlined, and the average mloU is | highlighted .

COCO-20 — Pascal-5'

Methods | Fold-0 | Fold-1 | Fold-2 | Fold-3 | mloU
PFENet(TPMAI) [46] 432 65.1 66.5 69.7 61.1
RePRI(CVPR’21) [2] 52.2 64.3 64.8 71.6 63.2
VAT(ECCV’22) [13] 52.1 64.1 674 74.2 64.5
VAT-HM(ECCV’22) [24] 48.3 68.6 69.6 79.8 65.6
HSNet(ICCV°21) [30] 470 | 652 | 611 | 771 | 641
HSNet-HM(ECCV’22)[24] 46.7 68.6 71.1 79.7 66.5
RTD(CVPR’22) [52] 594 | 704 | 705 | 784 | 69.7
PMNet (WACV’24) [5] 71.0 723 66.6 63.8 68.4
IFA(CVPR’24) [33] R - R ; 79.6
DSV-LFS 74.86 85.23 82.23 80.37 | 80.67
4.4. Ablations

To assess the effectiveness of various components and de-
sign choices in our method, we conducted extensive ab-
lation studies using the I-shot setting of the COCO-20°
dataset. We chose COCO-20" for our ablation study be-
cause it is a more challenging dataset with multiple objects
per image and significant variability in object scales, poses,
and contexts. This complexity makes it ideal for evaluating
the robustness of each component of our proposed method.
Table 3 illustrates how each component contributes to the
overall model performance.

Table 3. Ablation. We evaluate segmentation performance using
semantic prompts alone vs a combination of semantic & visual
prompts and report the mean intersection-over-union (mloU) on
the COCO-20" dataset. The highest values are indicated in bold.

1-shot

Method [Fold-0 | Fold-1 | Fold-2 | Fold-3 | mIoU
DSV-LFS w/ seman- | 66.99 | 7134 | 67.52 | 70.14 | 68.99
tic prompt only

DSV-LFS w/ seman-

69.97 ‘73.35 ‘70.69 ‘71.32 ‘71.33

tic & visual prompt
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Figure 2. Qualitative results. Examples of our method’s performance on the COCO-20° dataset. Each column represents an episode,
displaying the support image, query image, and predicted segmentation output from top to bottom. The episodes illustrate the model’s
ability to handle challenges such as the presence of base classes in the query image (e.g., person in motorcycle and train classes) and vari-
ations between target objects in support and query images, including scale differences (e.g., handbag), occlusion (e.g., laptop), appearance
changes (e.g., potted plant), complex backgrounds (e.g., bird), and deformations (e.g., fire hydrant).

4.4.1 Effect of semantic prompt

To assess the effectiveness of class descriptions, we con-
ducted an experiment in which the mask decoder was
guided exclusively by the semantic prompt generated by the
Class Semantic Encoder Module. As shown in Table 3, our
method achieved a significant improvement of +15 mloU
over the current state-of-the-art FSS methods, even when
relying solely on the semantic prompt. These results un-
derscore the value of leveraging semantic knowledge from
large language models in few-shot segmentation tasks.

4.4.2 Effect of visual prompt

An additional ablation was conducted to evaluate the effect
of incorporating a small number of labeled samples along-
side semantic information. In this experiment, we combined
both the visual prompt from support images and the seman-
tic prompt generated from class descriptions. The integra-
tion of these two prompts resulted in an approximate 3%
improvement as shown in Table 3 compared to using the
semantic prompt alone. This demonstrates that the visual
prompt effectively complements the FSS pipeline by pro-
viding important visual cues that enhance the model ability
to generalize to novel classes. The synergy between visual
and semantic prompts indicates that leveraging both modal-
ities can more effectively capture the diverse features and
variations of target objects, thereby improving overall seg-
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mentation accuracy.

5. Conclusion

This paper presents a novel approach to few-shot seman-
tic segmentation that uniquely integrates LLM-derived se-
mantic prompts with dense visual matching. We introduce
a new token, < SEMp.omp: >, into the LLM vocabu-
lary to generate class-specific semantic prompts, which are
combined with visual prompts < VISp.omp: > obtained
through dense visual matching between query and support
images. This dual-prompt strategy is inspired by the way
the human brain and visual system rapidly learn and rec-
ognize new objects by drawing upon a vast repository of
prior knowledge while using the visual features of unfa-
miliar objects. Similarly, our approach combines the broad
knowledge-base of LLMs with object-specific visual fea-
tures from limited samples, resulting in a robust segmenta-
tion performance. Our method addresses the limitations of
prior work by providing richer contextual information and
achieving superior performance on challenging benchmarks
by a significant margin. By integrating semantic and visual
cues, it addresses FSS challenges and demonstrates LLMs’
potential to improve segmentation and guide future research
on complex tasks.
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