This WACYV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

MARS: a Multimodal Alignment and Ranking System for Few-Shot
Segmentation

Nico Catalano*

Stefano Samele*

Paolo Pertino*

Matteo Matteucci

Politecnico di Milano

name.surname@polimi.it

Abstract

Few Shot Segmentation aims to segment novel object
classes given only a handful of labeled examples, enabling
rapid adaptation with minimal supervision. Current lit-
erature crucially lacks a selection method that goes be-
yond visual similarity between the query and example im-
ages, leading to suboptimal predictions. We present MARS,
a plug-and-play ranking system that leverages multimodal
cues to filter and merge mask proposals robustly. Starting
from a set of mask predictions for a single query image,
we score, filter, and merge them to improve results. Pro-
posals are evaluated using multimodal scores computed at
local and global levels. Extensive experiments on COCO-
20, Pascal-5', LVIS-92', and FSS-1000 demonstrate that
integrating all four scoring components is crucial for ro-
bust ranking, validating our contribution. As MARS can be
effortlessly integrated with various mask proposal systems,
we deploy it across a wide range of top-performing methods
and achieve new state-of-the-art results on multiple existing
benchmarks. Code is available on GitHub.'

1. Introduction

Extending the capabilities of traditional segmentation mod-
els to new classes often requires retraining with large an-
notated datasets. This data-collecting process becomes es-
pecially prohibitive in domains such as medical imaging,
industrial applications, or satellite imagery. Few Shot Seg-
mentation (FSS) [20, 21] offers a promising alternative by
reusing knowledge acquired from diverse classes and tasks,
enabling models to adapt to new classes with only a hand-
ful of annotated examples. Despite the recent advancements
in the field, top-performing methods often fail because of
visual dissimilarity between the provided example and the
query image. We contribute to this research field by present-
ing a Multimodal Alignment and Ranking System (MARS).
The method is capable of scoring, filtering, and merging

*Equal contribution

ICode available at https://github.com/paoclopertino/
MARS - Multimodal — Alignment — and - Ranking — System —
for-Few-Shot-Segmentation
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Figure 1. Model Overview: The query image and support set un-
dergo visual and textual analysis. Combining different modalities,
we select candidates from the mask proposals generator. The se-
lected ones are merged to form the final prediction.
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mask proposals from any existing FSS method, effectively
boosting the performance of several algorithms across dif-
ferent benchmark datasets. A high-level depiction of the
model is presented in Figurel. We achieve this goal lever-
aging four distinct scores: i) Local Conceptual Score (LC'),
it) Global Conceptual Score (GC), iii) Local Visual Score
(LV), and iv) Global Visual Score (GV'). Visual scores
are derived from direct correspondences between the sup-
port and query images, following established approaches
[14, 30]. However, we conjecture that visual cues alone
may prove insufficient in challenging scenarios character-
ized by intraclass variation, occlusions, challenging camera
angles, and cut-offs. To overcome these limitations, we in-
troduce two conceptual scores based on the inferred class
name and definition of the subject of interest, able to estab-
lish a higher-order semantic similarity. Summarizing, our
work makes the following contributions:

Multimodal Approach: We introduce a novel multi-
modal framework for FSS that leverages both visual and
conceptual cues.

Scoring System: We propose a plug-and-play ranking
with four scores: three novel and one EMD-based.
State-of-the-Art Performance: Extensive experiments
on benchmark datasets demonstrate that our approach es-
tablishes new state-of-the-art results.



2. Related Works

Traditional FSS [4, 8, 13, 16, 25, 32] approaches typically
rely on pre-trained backbones networks, such as ResNet
[7,29], VGG [22] or DINO-trained ViT [2, 5, 18], to extract
rich feature representations from both support and query
images. These features are then processed by trainable
modules that compare and match them to predict the query
mask. Owing to their tailored design and dedicated training
for few-shot scenarios, such methods are often referred to
as specialist models.

In contrast, recent developments leverage foundational
models like the Segment Anything Model (SAM) [9]. SAM
is capable of segmenting any object when provided with
various types of prompts (e.g., points, coarse masks, bound-
ing boxes), yet it does not inherently offer semantic label-
ing. Consequently, adapting SAM for FSS shifts the empha-
sis from direct feature matching to an effective prompting
strategy. This often requires identifying candidate points by
comparing features from the support examples to those in
the query images, using these points to generate prompts
that guide SAM in producing candidate mask proposals
[14, 23,27, 30, 31].

Several innovative models have emerged along these
lines. For instance, PerSAM [31] introduces a training-free
personalization approach for SAM. It uses one-shot data, a
reference image, and a rough mask of the desired concept
to generate a location confidence map that identifies the tar-
get object. Based on the confidence scores, two points are
selected as positive and negative priors, which are then en-
coded as prompt tokens for SAM’s decoder to produce the
segmentation.

Similarly, VRP-SAM [23] incorporates a Visual Refer-
ence Prompt (VRP) encoder. Different from SAM original
prompt encoder, this one leverages both a support image
with annotations and a query image to create prompt em-
beddings. It is composed of a Feature Augmenter, which
embeds both images into a shared latent space and ex-
tracts prototype features from the support image, and a
Prompt Generator that refines these features through atten-
tion mechanisms interacting with the query representation.
The resulting semantic reference prompt embeddings re-
place traditional prompts, directly guiding SAM’s mask de-
coder.

Among the newer methods, Matcher [14] and GF-SAM
[30] stand out. Matcher is designed for FSS by embedding
both support and query images. Exploiting the natural cor-
respondence between spatial locations in the feature volume
and image patches, Matcher computes a similarity matrix to
identify highly similar regions. High-similarity points are
selected as prompts for SAM, and the subsequent mask pre-
dictions are aggregated to generate the final segmentation
output. Along similar lines FSSAM [28] exploits SAM2
for FSS.
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GF-SAM takes a graph-based approach to prompt selec-
tion and ambiguity resolution. It constructs a directed graph
where nodes represent point prompts and edges capture the
relationships based on mask coverage. By partitioning this
graph into weakly connected components, GF-SAM clus-
ters candidate points and corresponding masks.

Recent advancements also involve SegGPT [27], a
trained-from-scratch segmentation model that unifies mul-
tiple tasks under an in-context learning framework. It pro-
cesses all segmentation data in a standardized image format
and employs an in-context coloring strategy, where random
color mappings guide learning. This approach enables Seg-
GPT to generalize across various segmentation tasks, in-
cluding object, part, contour, and text segmentation in both
images and videos.

3. Method

The FSS setting is defined by a semantic class [, a support
set consists of k samples S(I) = {(I*, M})}¥_,, where I’
is an RGB image, and a binary mask M, that highlights the
pixels corresponding to class [ in I*. The goal for a FSS
model fy is to predict the segmentation mask Mq for the
query image [ :

M, = fo(I,, S(1)). (1)

Our pipeline works with a set of mask proposals
Mp(14,S5(1)) generated by FSS models. We refine these
predictions by incorporating both visual and textual align-
ment. The process consists of five key steps, all leveraging
pre-trained models:

1. Textual Information Retrieval Module: We first use
ViP-LLaVA [1] and WordNet [15] to extract a class
name c and a textual description ¢ from the support set
images.

. Visual-Text Alignment Module: The query image I, is
encoded using the CLIP [19] image encoder, while the
class name c is processed through the CLIP text encoder.
We then compute the Refined Text Alignment quantity,
which contributes to the computation of the LC score.

. AlphaClip Module: The dot product between Alpha-
CLIP [24] embeddings of {c,t}, and I, is used as core
quantity to compute GC score.

. Visual-Visual Alignment Module Embedding features
from the query image I, and support set S(I) are ex-
tracted using a ViT Model [18]. These features produce
two key outputs: a Refined Visual Alignment and a Cost
Matrix, which contribute to computing the LV and GV
scores, respectively.

. Filtering-Merging Module: All the scores are al-
ways computed with respect to a mask proposal m; €
Mp(I,,S(1)). The final score is computed as a simple
average of the four. A final threshold-based filtering and
merging strategy outputs the best mask.
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Figure 2. Overview of the proposed MARS model. The diagram
illustrates the key components and interactions within the frame-
work. We highlight the Textual Information Retrieval, Visual-Text
Alignment, Visual-Visual Alignment, and the Score-Filter-Merge
Modules in different colors.

A complete overview of our pipeline is shown in Fig. 2,
with complete details provided in the following sections and
Fig. 3.

3.1. Textual Information Retrieval Module

In the FSS problem, the model can leverage solely the infor-
mation available in the support set to guide the segmentation
of a novel class. To adhere to this principle and ensure con-
tinuity with the FSS literature, we infer all necessary textual
information directly from the support image rather than us-
ing externally provided class names.

We employ pretrained ViP-LLaVA to extract the class
name from the support image by overlaying a red contour
on the target object and applying a 50% zoom (as detailed
in Section ?? of Supplemental Material), balancing empha-
sis on object detail with contextual information. In N-shot
settings, where the support set consists of /N image-mask
pairs, ViP-LLaVA is queried for each image individually,
and a majority voting scheme is applied to select the most
frequent class name for subsequent processing. This solu-
tion enables us to quickly extend all the modules based on
textual information to the N-shot scenario.

In addition to the class name, we derive a broader textual
description of the entity by leveraging WordNet. The ex-
tracted class name is used to query WordNet, which returns
a set of candidate synsets. If a single synset is returned, its
definition is directly adopted as the object’s description. In
cases where multiple synsets are retrieved, indicating po-
tential ambiguity, we prompt ViP-LLaVA (using the same
configuration as for class name extraction) to generate a de-
scription of the entity.
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Figure 3. Detailed view of the Visual-Text and Visual-Visual
Alignment modules. The Visual-Text Alignment module (top)
extracts features from the query image using CLIP and aligns
them with foreground and background textual features to gener-
ate the Softmax-GradCAM map, referred to as the unrefined text
prior. This prior is subsequently refined through the PIR mod-
ule, adapted from [26]. The Visual-Visual Alignment module
(bottom) computes similarity between query and support features
using cosine similarity. Foreground and background priors are ob-
tained by aggregating the respective similarity matrices, and the
resulting visual prior is refined using the PIR module for down-
stream processing.

The VLM-generated description is then compared with
the candidate definitions from WordNet, and the definition
with the maximum words overlap is selected as the final
class description. If no overlap is found between the VLM-
generated description and any of the WordNet definitions,
an empty description is used. Note that the description pro-
duced by ViP-LLaVA is used solely for matching purposes,
as it may incorporate visual context specific to the support
image.

The extracted textual information is used in two ways in
the remainder of the pipeline. The Visual-Text Alignment
module employs the class name to determine local concep-
tual information that enables the computation of the Local
Conceptual Score (LC). The AlphaClip Module uses the de-
rived description together with the class name to produce
the Global Conceptual Score (GC).



3.2. Visual-Text Alignment Module

This module generates a Refined Text Alignment, a saliency
map that highlights regions in the query image where the
subject described by the class name is likely located. Lever-
aging the visual-text alignment capabilities of a pre-trained
CLIP model [19], the module first produces a coarse Text
Alignment. Then it refines it through the PI-CLIP [26] Prior
Information Refinement (PIR) process, followed by min-
max normalization. The final Refined Text Alignment is
later used to compute the Local Conceptual Score by being
multiplied element-wise with each binary mask proposal,
with the resulting non-zero values averaged to yield a sin-
gle score for ranking. A depiction of the model is provided
in the upper part of Fig. 3.

The process inspired by [11, 26] begins by encoding the
query image using the CLIP vision encoder. Discarding
the classification token, we obtain the visual query features
F? € R¥>(") where h,w are the embedding spatial di-
mensions and d the number of features. A global query to-
ken is then computed by applying average pooling over the
spatial dimensions:

hw
1 .
vq:%;Fq(l), vqeRdX1. 2)

In parallel, and using the class name from the Textual
Information Retrieval Module, two simple text prompts, “a
{predicted-class-name}”, and “a photo without {predicted-
class-name}”, are embedded by the CLIP text encoder to
obtain text features F}., and F'5 ., which focus on the sub-
ject (foreground) and the background, respectively. Un-
like PI-CLIP, which incorporates the names of all objects
present in the query image using ground truth annotations,
MARS employs only two prompts derived through the Tex-
tual Information Retrieval Module. The similarity between
the query token and these text features is then computed us-
ing a softmax function with a temperature parameter 7 (set
to 0.01, as in PI-CLIP and [11]):

)@

Using S Mg, gradients with respect to each feature map
are computed to obtain weights:

T 1ot Tt
v, Frg v, Fpo

lvall- I FEglim llvgll-1 F e llr

SMra,SMpg = softmax (

1 0SMra

— D ATmi o “)
hw r OF™(4,7)

Wy =

where (7,j) denote spatial positions in the m-th feature
map. The initial Text Alignement (7°A) is then calculated

as:
TA = RelLU (Z meqm> .

®)
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To enhance spatial coherence and semantic precision of
the text prior, we employ the Prior Information Refinement
(PIR) module [26], which aggregates and normalizes the
self-attention map A from the CLIP vision encoder. A bi-
nary box mask B is then derived from T'A via thresholding
(with a threshold of 0.4, following [12, 26]). The Refined
Text Alignment (RT A) is computed as:

RTA = B®PIR(A) - TA, 6)

where © represents the Hadamard product.

The resulting RT A is further processed using min-
max normalization. For each mask proposal m; €
Mp(1,,5(1)), where Mp(I,,S(l)) is the set of all mask
proposals for query image I,, we compute the Local Con-
ceptual Score by taking the element-wise multiplication be-
tween RT'A and m,, after the support mask is max-pooled
to the patch-feature spatial dimension of CLIP features. We
then average the resulting values over all non-zero spatial
positions. Finally, we also add a coverage term, which ac-
counts for the ratio between the area of the mask proposal
m; and the area of the mask obtained by merging all the
masks in Mp (I, S(1)).

Area(m;)
Area(\/ [, m;)

Cov(m;)

where Area(-) computes the area of the binary mask passed
as an argument by counting its nonzero elements, and
\/fil m; represents the logical OR. The final formulation
of the Local Conceptual scores is as follows:

LO(mi) = 7= Y RTA(z,y)mi(z,y)+
m;(z,y)#0

+ (1 — a)Cov(m,)

il

(N

where ||m;||; denotes the sum of all elements in m;, and
o = 0.85 a fixed weight. This score quantifies the align-
ment between the salient regions indicated by the textual
prior and the mask proposal.

3.3. AlphaCLIP Module

In scenarios where several visual challenges lead to signif-
icant differences between the support and query images,
purely visual approaches may fail to align the object of
interest accurately. To address this, we generate a broad
class description using WordNet from the class name pre-
dicted by ViP-LLaVA. This comprehensive textual descrip-
tion is then used to assess how well each mask proposal
aligns with the expected semantics through the AlphaCLIP
module [24], an enhanced version of the CLIP model that
enables precise focus on specific regions within an image
highlighted by a mask.



Given a query image I,, a set of N mask proposals
Mp(I,,5(1)), and a single class name c(m;) and textual
description t(m;), obtained by the Textual Information Re-
trieval module, a pre-trained AlphaCLIP computes an align-
ment score for each mask proposal relative to (c,t). First,
the text encoder f;,; produces an embedding:

€ipt = ftmt(ca t)« (®)

In this case, the text processed by AlphaCLIP is constructed
by simply concatenating the class name ¢ with its corre-
sponding definition ¢, resulting in the text: “a {c}, {t}”. For
each mask proposal m;, the image encoder f,,, processes
the query image I, together with m; to generate an embed-
ding:

eimg(mi) = fimg(Iqami)7 1= 1,-~-3N~ (9)
Both embeddings are normalized to have unit norm:
A € A e;
S e A T A
X

img

The alignment score for each mask proposal is computed as
the cosine similarity between the corresponding normalized
image and text embeddings and then rescaled to the range
[0,1]:

éimg (mz) : étwt (mz) + 1

GC’(mZ) = B

QY

This yields the final Global Conceptual Score for each
mask proposal. As the alignment is computed between the
image embedding restricted by the mask proposal and the
text embedding, this score has a pure global nature with re-
spect to the region of interest highlighted by the support set.

3.4. Visual-Visual Alignment Module

This module leverages solely visual information to compute
both the Global Visual Score and the Local Visual Score for
each mask proposal. It aims to capture holistic and localized
visual similarities between the support and query images.
Initially, patch features are extracted from the support
and query images using a pre-trained DinoV2 ViT-Large
using four registers [3], yielding feature maps Fs and F,
respectively. A similarity matrix S is then computed by
comparing these features using a dot product. In the case
of N support images, we stack the relative features along
one dimension. This matrix, whose rows correspond to sup-
port patches and columns to query patches, is used to derive
the foreground and background similarity matrices by selec-
tively retaining rows. Specifically, the support mask is max-
pooled to the patch-feature spatial dimension of the encoder.
Only the rows corresponding to the regions covered by the
support mask (or its complement) are preserved to form the
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foreground similarity matrix Sgg and the background sim-

ilarity matrix Spq, respectively. We then compute the cost

matrix Cpg as:

1— Sra
5

The Global Visual Score for a mask proposal m; is then
computed as:

GV(ml) =1- EMD(CFG, Ms,mi),

Crg = 12)

13)

where EMD denotes the Earth Mover’s Distance, Mg is the
support mask, and m; is a mask proposal. Because of the
nature of the EMD, the proposed GC' score considers both
the magnitude of differences and the spatial relationships
between the embedding distributions; it thus refers to the
image part highlighted by the support mask as a whole.
The Local Visual Score is based on a Refined Visual
Alignment (RVA), which is derived from the combination
of Spg and S as follows. For both Spg and Spa, two
preliminary saliency maps are computed using average and
max aggregation on Sr¢ and Sp¢ column-wise, leading to:

Skas SFE" Spa. SBE" (14)
Following the findings in [30], the mean foreground sim-
ilarity map captures global similarity to the reference object.
Still, it may blur internal details, while the max foreground
similarity map emphasizes highly similar regions, improv-
ing recall but increasing noise. To balance these effects,
their Hadamard product is computed, obtaining the mixed
similarity maps:

SpE = SEE" 0 Spd,  SBE = SEET o Spd. (15)

Similarly to what is done through the softmax function
in Section 3.2, we propose a background suppression mech-
anism in the visual domain. Specifically, the foreground
similarity map is further polished by subtracting the back-
ground similarity map, effectively eliminating any residual
noise and ensuring that misleading background spikes do
not interfere with the subsequent scoring stage. Following
these insights, the RV A i computed as:

RVA = Spir — Spix, (16)
RVAis subsequently min-max normalized and processed

through the PIR module, using all the attention maps
Aprno extracted from DINOv2:

RVA=PIR(RVA', Apino). (17)

Again, a min-max normalized RV A can be used to compute
the score for each mask proposal m;, adding the coverage:

m;(z,y)#0
+ (1 — a)Cov(m;),

«

LV (my) = ——
Vm) = ol

(18)



where ||m;||; denotes the sum of all elements in the mask,
effectively normalizing the score by the area of the mask,
and o = 0.85.

The design of the two scores ensures that both global
alignment and localized feature correspondences are effec-
tively captured, thereby complementing the textual cues
provided by the other modules in our pipeline. A depiction
of the model is provided in the bottom part of Fig. 3.

3.5. Filtering-Merging Module

Each mask proposal m; € Mp(I;,S(l)), where
Mp(I,,5(1)) is the set of all mask proposals related to
query image [, is evaluated using four distinct scores:
LC(m;), GC(m;), LV (m;), GV (m;). To derive an over-
all confidence measure for each proposal, we compute the
MARS score as the average of these four scores:

MARS (1m;) — i(LC(mZ—) HGOm
LV (m;) + GV(mi)).

We then apply a two-step filtering procedure. First, a static
threshold ths = 0.55 filters out lower-confidence proposals.

M= (1,) = {m; € Mp(I,,S(l)) | MARS(m;) > thy}.
(20
if M=(I,) = @, we apply a dynamic threshold thy
0.95to Mp(I,,S(1)):

Mltphd(fq) ={m; € Mp(Iy,S(1)) |
MARS (m;) >

max
my€Mp(I4,5(1))
20

The fixed threshold, the dynamic threshold, and the cov-
erage weight are the only hyperparameters introduced by
the method. Finally, the predicted segmentation mask Mq
is obtained by performing a logical OR operation over the
filtered proposals:

(22)

m; € M;i)llered

4. Experiments

In our experiments, we evaluate the performance of the pro-
posed MARS on four widely used datasets for FSS: COCO-
20' [17], Pascal-5' [6, 21], LVIS-92! [14], and FSS-1000
[10]. We consider both 1-shot and 5-shot scenarios, where
one or five support images and their corresponding segmen-
tation masks are provided to guide the segmentation of a
query image.

To assess the general applicability of MARS, we selected
several state-of-the-art algorithms from the FSS literature

MARS(m;) * thq}.
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to generate mask proposals and coupled them with MARS.
Specifically, we combined MARS with Matcher, GF-
SAM, VRP-SAM, PerSAM, SegGPT, and FSSAM—all
of which represent the top performers in the FSS task.

Segmentation quality is quantified using the mean Inter-
section Over Union (mloU) as the evaluation metric, com-
puted following the procedure outlined in [14]. Detailed
information about the prompts used for ViP-LLaVA to ex-
tract class names and descriptions, the exact specifications
of the DinoV2 pre-trained ViT and associated feature maps,
as well as the configurations for the ViP-LLaVA, AlphaClip,
and CLIP models are provided in the Appendix of the Sup-
plementary Materials. In addition, we adopted the coverage
parameter o = 0.85 and the values of the static threshold
ths = 0.55 and dynamic threshold thy = 0.95 on every
experiment.

4.1. Ablation Studies

To evaluate the contribution of each component within the
MARS pipeline, we conduct a series of ablation studies
on the COCO-20' dataset. Since our ranking system in-
tegrates four distinct types of information—visual, con-
ceptual, local, and global—each forming mutually exclu-
sive pairs, we systematically test all possible configurations.
First, we reduce the ranking system to a single component
(e.g. global visual, global conceptual, local visual, local
conceptual scores) to analyze its individual impact. Next,
we group components based on broader categories, such as
metric scale (global-local) or conceptual relevance (visual-
conceptual). All experiments are conducted on COCO-20!
using Matcher as the mask proposal system. Hyperparame-
ters of the pipeline are the ones of the default settings.

Table | summarizes the performance of different con-
figurations in terms of mloU. Notably, combining metrics
either by scale (EMD + AlphaClip Score: Global, RVA +
VTA: Local) or by information type (EMD + RVA: Visual,
AlphaClip Score + VTA: Text) leads to significant improve-
ments over using individual metrics alone. This result high-
lights the complementary nature of the four metrics in as-
sessing the quality of proposed masks. Consequently, it is
only through the integration of all four ranking components
within MARS that we achieve best results on COCO-20'.

We also observe that the vision-only ranking system at-
tains the second-highest performance, underlining the dom-
inant role of visual information.

4.2. One-Shot and Five-Shot Segmentation Results

As the core aspect of a FSS pipeline based on a founda-
tional model such as SAM is both the masks’ proposition
phase and the subsequent ranking, we further specify the
MARS plug-in point for each tested method. For Matcher,
we have collected all the unfiltered mask proposals gen-
erated after the promptable segmenter module. Similarly,



Method ‘ ‘ EMD ‘ AlphaClip Score ‘ RVA ranking ‘ VTA ranking | mloU

Matcher + GV Score v 35.2
Matcher + GC Score v 38.0
Matcher + LV Score v 45.4
Matcher + LC Score v 43.3
Matcher + Global Score v v 41.9
Matcher + Local Score v v 48.7
Matcher + Conceptual Score v v 50.0
Matcher + Visual Score v v 56.0
Matcher + MARS v v v v 60.5

Table 1. Ablation studies on the COCO-20' dataset. Expanding a single score along a specific dimension always lead to improvement.
Cooperation between all four scores achieves the best performance, highlighted in bold. Second to best underlined.

for GF-SAM, we apply our ranking system after the mask
generator step and before the point-mask clustering step.
The two methods generate many proposals and our rank-
ing system can be tested in a scenario with much possible
noise. With PerSAM, as the method proposes a three-steps-
cascade-mask-generation refinement, we have collected all
proposals produced in each step, for a total number of 9.
VRP-SAM and FSSAM are even narrower with their mask
proposition, leveraging only one single mask creation based
on SAM. For VRP-SAM we force the creation of 3 masks
through SAM API. For FSSAM we collect 3 masks leverag-
ing the Iterative Memory Refinement module. These meth-
ods prove the effectiveness of MARS even when few op-
tions are available. Last, SegGPT is trained to produce a
single prediction for a query image. Thus, we developed
a query system that leverages three easy data augmentation
steps. We apply a random rotation between -30 and +30 de-
grees, a random horizontal flip, and a random vertical flip,
both with 50% probability. We use these pre-processing op-
erations on the query image to retrieve nine different masks
from the model, plus the one generated from the original
query image. This scenario is exciting, as generating ran-
dom transformations of the query image could potentially
benefit or harm the target mask generation. Nevertheless,
thanks to MARS, we can retrieve the correct prediction and
even improve overall performance. All other specific hyper-
parameters are left as in the original work for each method.

Table 2 shows the performance of six state-of-the-art
few-shot segmentation methods on the one-shot segmenta-
tion task, together with their MARS-refined version. For
each method, we downloaded the official code and re-
executed or re-evaluated the performances on the datasets
(Original column). Further details about the used versions
are in the Supplementary Materials. VRP-SAM scores on
LVIS-92! are missing as the computational requirements for
training the model in that scenario are over-demanding.

As shown in Table 2, MARS consistently enhances the
performance of all methods and, on most datasets, even
surpasses current state-of-the-art scores in 1-shot segmenta-
tion. However, for VRP-SAM, the improvement is less sig-
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nificant. We suspect that this is primarily because, for this
method, we generate only three mask proposals, which may
limit the effectiveness of our ranking system. The only ex-
ception is observed on FSS-1000, where our method yields
slightly lower scores compared to top-performing models.
We hypothesize that this discrepancy is primarily due to
the characteristics of the FSS-1000 dataset, which predomi-
nantly contains images with large, clearly defined target ob-
jects set against simplistic backgrounds. In such oversim-
plified scenarios, segmentation scores are already near sat-
uration and minor variations in mask predictions can lead to
disproportionate fluctuations in the mloU metric. This lim-
its the benefits of our approach, which is designed to excel
in complex scenarios by leveraging subtle multimodal cues.

In Table 3, we report the performance of methods in
the 5-shot scenario. The overall performance gain is lower
compared to the 1-shot case. Increasing the number of im-
ages in the support set refines visual information by en-
riching the similarity matrix with contributions from five
distinct variations of the target object. This improves the
model’s ability to generalize based on visual cues. On the
other hand, the larger support set offers limited additional
benefits for the conceptual components because the multi-
ple support images are simply summarized within the Tex-
tual Information Retrieval module, not contributing to sub-
sequent conceptual stages. Nevertheless, these gains are
consistently observed across various mask generation meth-
ods and datasets, further validating MARS’s ability to en-
hance state-of-the-art performance even in the 5-shot sce-
nario. We have reported in the Appendix of the Supple-
mentary Materials several visualizations of the final mask
predictions.

4.3. A Simple MARS Pipeline

In this scenario, we assess the autonomous potential of
MARS in a single/few-shot segmentation pipeline that re-
lies on minimal prior information. To isolate the effec-
tiveness of our ranking system, we developed a simpli-
fied pipeline based on the SAM Automatic Mask Genera-
tor (AMG). In this setup, SAM generates mask proposals



Table 2. One-Shot Segmentation Results. For each dataset, the table reports the original performance and the performance after applying
MARS in terms of mloU. In each column, we underlined the top performer method for a particular dataset.

Method COCO-20! Pascal-5' LVIS-92! FSS-1000
Original  + MARS Original + MARS Original  + MARS Original  + MARS
PerSAM 21.4 28.8 (+7.4) 43.1 56.0 (+12.9) 12.3 13.6 (+1.3) 75.0 79.1 (+4.1)
VRP-SAM 50.1 52.6 (+2.5) 69.2 67.6 (-1.6) - - 87.9 86.4 (-1.5)
SegGPT 54.5 59.9 (+5.4) 83.2 84.1 (+0.9) 20.8 24.0 (+3.2) 83.3 84.3 (+1.0)
Matcher 52.7 60.5 (+7.8) 68.1 77.2 (49.1) 33.0 36.9 (+3.9) 87.0 85.4 (-1.6)
GF-SAM 58.7 61.9 (+3.2) 72.1 75.7 (+3.6) 352 38.7 (+3.5) 88.0 87.0 (-1.0)
FSSAM 59.8 60.7 (+0.9) 73.1 74.1 (+1.0) - - - -

Table 3. Five-Shot Segmentation Results. For each dataset, the table reports the original performance in terms of mloU and the performance
after applying MARS . In each column, we underlined the top performer method for a particular dataset.

Method COCO-20! Pascal-5' LVIS-92! FSS-1000
Original + MARS | Original +MARS | Original +MARS | Original + MARS
SegGPT 61.2 64.3 (+3.1) 86.8 87.8 (+1.0) 224 23.5(+0.9) 86.2 86.3 (+0.1)
Matcher 60.7 63.6 (+2.9) 74.0 80.7 (+6.7) 40.0 40.5 (+0.5) 89.6 87.6 (-2.0)
GF-SAM 66.8 67.8 (+1.0) 82.6 81.5 (-1.1) 44.0 46.7 (+2.7) 88.9 87.5(-1.4)

from a uniform random sampling grid of points, without
any guidance regarding the target object. Further informa-
tion about the SAM mask generation procedure used can
be found in the Supplementary Materials. The main mo-
tivation of this experiment is to evaluate how well MARS
can perform when the quality of mask proposals is delib-
erately suboptimal, thus removing any bias introduced by
advanced FSS-specific proposal methods. This allows us
to assess the intrinsic strength of our ranking and merging
strategy in handling noisy or imprecise proposals.

Table 4 provides a comparative analysis between the pro-
posed AMG + MARS pipeline and the most relevant pub-
lished methods. Despite the simplicity of the mask proposal
stage, our approach has the highest score on COCO-20" (1-
shot) and remains competitive with top-performing meth-
ods in other settings. These results underscore the strength
of our ranking system, asserting the dominance of the mask
selection procedure over the mask proposal stage in FSS.

5. Conclusions and Future Works

In this paper, we presented MARS, a multimodal alignment
and ranking system for FSS that overcomes the limitations
of relying solely on visual similarity. Our framework com-
putes four complementary scores: Local Conceptual Score
(LC), Global Conceptual Score (GC), Local Visual Score
(LV), and Global Visual Score (GV') to evaluate mask pro-
posals. The key innovation lies in the integration of con-
ceptual scores derived from both the class name and a more
generic textual description, extracted from resources such
as WordNet and via ViP-LLaVA, which serves as a seman-
tic anchor. This multimodal approach effectively mitigates
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Table 4. Performance of well-known methods on one-shot and
five-shot segmentation tasks. The table reports mloU scores. We
have highlighted in bold the top performer method and underlined
the second-best.

COCO-20' Pascal-5
Method 1-shot  5-shot | 1-shot 5-shot
HSNet [16] 41.2 49.5 66.2 70.4
VAT [8] 41.3 47.9 67.5 71.6
PerSAM 214 - 43.1 -
VRP-SAM 50.1 - 69.2 -
SegGPT 54.5 61.2 83.2 86.8
Matcher 52.7 60.7 68.1 74.0
GF-SAM 58.7 66.8 72.1 82.6
AMG + MARS (Ours) | 59.2 64.6 74.3 80.9

challenges arising from significant visual differences be-
tween the support and query images by focusing on the in-
herent semantic attributes of the object.

Extensive experiments on datasets such as COCO-20',
Pascal-5%, LVIS-92', and FSS-1000 demonstrate that incor-
porating MARS into various segmentation methods (includ-
ing Matcher, GF-SAM, VRP-SAM, PerSAM, and SegGPT)
leads to substantial improvements over state of the art per-
formance. Ablation studies further confirm that the fusion
of local and global, as well as visual and conceptual infor-
mation, is essential for robust segmentation. Notably, ex-
periments on AMG + MARS, which represent a less op-
timal proposal generation scenario, validate the strengths
of MARS and suggest that it can query a clustering model
and transform it from an agnostic segmentation model into
a FSS model.
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