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Abstract. The advancement of Video Object Segmentation (VOS) is
impeded by its heavy reliance on expensive annotations. This has led to
a landscape of compromised alternatives: unsupervised methods provide
weak information, few-shot learners are plagued by referential ambiguity
from distractors, and referring techniques are limited by a lack of vision
priors. We revisit Few-Shot Referring Video Object Segmentation (FSR-
VOS) under a streamlined and practical formulation that segments tar-
get objects using only query-level textual descriptions and a small set of
annotated support images. This dual conditioning enables coarse-to-fine
disambiguation and precise boundary refinement with minimal annota-
tion cost. To address the challenge of complex multi-source information
fusion, we propose the QST-SAM framework. Specifically, a Support
Instruction Compressor is introduced to refine and condense the sup-
port information into compact representations. The Q-S-T Transformer
further facilitates comprehensive integration of multi-modal supervisory
cues from query, support, and text branches. The Multi-Priors Prompt-
ing module provides the SAM2 prompt encoder with enriched guidance
for precise, context-aware segmentation. We further establish a new FS-
RVOS benchmark derived from Ref-Youtube-VOS and Ref-DAVIS17, on
which QST-SAM achieves state-of-the-art performance, validating its ro-
bustness and effectiveness in segmentation.

Keywords: Video Object Segmentation · Few-Shot Learning · Cross-
modal Fusion

1 Introduction

The widespread use of video content has increased the demand for reliable Video
Object Segmentation (VOS) [4, 5, 10, 20, 31, 39, 40, 47], which aims to segment
⋆ Corresponding author.
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and track target objects across frames. However, the prohibitive cost and labor-
intensive nature of annotating video frames, combined with the rapid growth in
video volume, high content diversity, and substantial domain shifts, make such
approaches increasingly impractical for real-world deployment.

To reduce supervision, three major paradigms have emerged, each tackling
a different aspect of the annotation burden. Unsupervised VOS [6, 7, 18, 25, 44,
52, 54] removes human input entirely, but without guidance, it often produces
unstable or overly coarse masks. Referring VOS [9, 11, 32, 53] lets users specify
the target using natural language, which improves flexibility. But when descrip-
tions are vague or under-specified, models struggle to ground them to the correct
visual instance. Moreover, the inherent gap between visual and textual repre-
sentations amplifies this ambiguity, making cross-modal alignment particularly
fragile in complex scenes. Few-shot VOS [3, 24, 29] provides a small number of
example images to guide segmentation, reinforcing visual priors. Yet it falters
when multiple similar-looking objects are present, or when the support and query
frames differ too much in appearance, motion, or shape. In short, while these
paradigms help reduce the reliance on dense annotations, they also introduce
new sources of uncertainty.

This observation suggests a simple but powerful insight, that language and
visual exemplars are complementary forms of supervision. Language encodes in-
tent (what to segment), while support images encode evidence (what it looks
like). Intent without evidence yields ambiguity, and evidence without intent
yields mis-association. The remedy is to bind them. A recent effort [23] pio-
neered the Few-Shot Referring Video Object Segmentation (FSRVOS)
task to unify the strengths of referring and few-shot paradigms. In their for-
mulation, textual descriptions are provided for both the query video and each
support episode. However, support-side descriptions are written for the corre-
sponding support instances rather than the query video, and thus only share
category-level semantics across videos, while other instance-specific details may
not directly transfer. Such cross-video semantic mismatch can introduce redun-
dant or less relevant signals when guiding query segmentation. In contrast, the
query-level description already provides precise and context-aware intent for the
target object. Therefore, we retain textual supervision exclusively at the query
level and rely on masked support images to supply instance-level visual evidence,
preserving complementary intent and appearance cues while reducing cross-video
textual misalignment. Under this refined formulation, we study FSRVOS, which
integrates referring expressions with few-shot visual exemplars under a stream-
lined supervision protocol. Given a query video and its textual description, to-
gether with a small set of masked support images from external sources, the
goal is to segment the referred object consistently across the video. By com-
bining query-level semantic intent with instance-level visual evidence from the
supports, this setting enables precise and robust video object segmentation under
reduced supervision.

However, while our refined formulation provides cleaner and complementary
signals, it exposes a critical multi-modal alignment challenge: how can language,
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support appearance, and spatiotemporal video cues be integrated in a way that
helps, rather than hurts? Naive fusion is fragile, as textual intent and visual
features differ in structure and granularity, support examples may carry spuri-
ous correlations, and temporal signals can propagate early mistakes. Effective
FSRVOS requires, (1) filtering the support set to what truly grounds the target,
(2) aligning this evidence to query frames at the instance level, and (3) guiding
segmentation using stable, comprehensive priors that hold up even under occlu-
sion, motion, or visual clutter. We introduce QST-SAM, a framework built on
top of Segment Anything Model 2 (SAM2) [35], designed to reflect the struc-
ture of the FSRVOS problem. First, a Support Instruction Compressor distills
the raw support set into compact, instruction-like representations—filtering out
redundancy and spurious signals while preserving defining features of the tar-
get. Second, the Q-S-T Transformer integrates the distilled support cues with
query features and text expressions, enabling the query video to jointly lever-
age visual evidence from the supports and semantic intent from the language,
producing a robust and context-aware target representation. Finally, the Multi-
Priors Prompting module fuses language and visual priors to condition the SAM2
prompt encoder, producing proposals that are semantically meaningful and visu-
ally grounded. In short, QST-SAM turns fragmented supervision into coherent,
actionable guidance for segmentation. Furthermore, to evaluate the proposed FS-
RVOS setting, we establish new benchmarks derived from Ref-Youtube-VOS and
Ref-DAVIS17. We then adapt state-of-the-art RVOS methods to this protocol,
revealing that these strong baselines struggle, particularly when encountering se-
mantic ambiguity or multiple similar instances. In contrast, QST-SAM exhibits
clear advantages in fusing complex information, achieving new state-of-the-art
performance.

In summary, our main contributions are as follows:

– We revisit the Few-Shot Referring Video Object Segmentation task and in-
troduce a cleaner and more principled supervision protocol. By explicitly
decoupling semantic intent from visual exemplars, our formulation reduces
cross-video textual misalignment, avoids redundant supervision, and exposes
the core multimodal grounding challenge in a more controlled and realistic
setting.

– We propose QST-SAM, built upon Segment Anything Model 2, to integrate
language, support appearance, and spatiotemporal cues. Through support
distillation, cross-modal alignment, and multi-prior prompting, the frame-
work produces robust and coherent segmentation under ambiguity and ap-
pearance variation.

– We establish new benchmarks based on Ref-Youtube-VOS and Ref-DAVIS17,
and adapt strong RVOS baselines for comparison. Results show that existing
methods struggle with semantic ambiguity and instance confusion, while
QST-SAM achieves consistent state-of-the-art performance.
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2 Related Work

Few-Shot Video Object Segmentation. Few-Shot Video Object Segmentation
(FSVOS) [27, 48] aims to segment objects in query videos given only a few la-
beled support images of the same category. Existing methods either perform
dense affinity matching between support and query frames [3] or summarize
support features into class-specific prototypes to guide segmentation [24, 29].
While effective, these approaches rely solely on limited visual supervision, mak-
ing it difficult to distinguish targets when multiple instances of the same class
coexist or when visually similar but semantically different objects appear. More-
over, large intra-class variations in appearance, pose, or scale cannot be fully
captured by a few support examples. Incorporating textual descriptions as aux-
iliary guidance provides explicit semantic cues, helping disambiguate targets and
improving segmentation consistency across frames.

Referring Video Object Segmentation. Referring Video Object Segmentation
(RVOS) [13, 19, 28, 41, 42] aims to segment objects in videos based on natu-
ral language expressions describing their identity, appearance, or actions. Early
approaches [1, 12, 16] extended image-based referring segmentation to the video
domain using recurrent architectures or spatio-temporal memory modules for
mask propagation. Transformer-based methods [22, 43, 46], such as MTTR [2]
and ReferFormer [43], further improved cross-modal alignment by jointly encod-
ing textual and multi-frame visual features. More recent studies [14, 22, 45, 51]
leverage pretrained multimodal models to aggregate visual–textual cues in a
shared feature space before adapting them to the RVOS objective.

Despite these advances, RVOS still suffers from the inherent ambiguity of nat-
ural language, which often fails to uniquely identify the target instance in com-
plex scenes. Existing attempts mitigate this issue through mechanisms such as
memory refinement (SAMWISE [8]) or confidence-aware query pruning (Refer-
DINO [21]), yet the ambiguity problem remains.

Few-Shot Referring Video Object Segmentation. Few-Shot Referring Video Ob-
ject Segmentation (FSRVOS) unifies referring expressions and few-shot visual
supervision to segment objects in query videos. The original formulation [23]
provides textual descriptions for both query and support episodes, enabling
cross-modal grounding while reducing annotation costs.

Despite its conceptual appeal, this design entangles query-level intent with
support-side textual descriptions written independently for support instances.
Although these descriptions share category-level semantics, they often encode
instance-specific attributes that may not transfer across videos, potentially in-
troducing cross-video semantic misalignment. Consequently, textual supervision
from the support branch may become partially redundant when guiding query
segmentation, while also increasing annotation overhead.

Motivated by this observation, we revisit FSRVOS under a streamlined for-
mulation that decouples intent and evidence. Specifically, we retain textual su-
pervision exclusively at the query level to encode semantic intent, while relying
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on masked support images to provide instance-level visual evidence. This refined
protocol preserves the complementary nature of language and appearance cues,
reduces cross-video textual mismatch, and offers a cleaner and more practical
supervision scheme for robust video object segmentation.

3 Preliminaries

3.1 Segment Anything Model

The Segment Anything Model 2 (SAM2) extends the original Segment Any-
thing Model (SAM) [17] to enable generic segmentation for both images and
videos. The base architecture maintains SAM’s tripartite structure, comprising
an Image/Video Encoder for extracting high-level features, a Prompt Encoder
for converting user input into localization embeddings, and a Mask Decoder that
integrates these features and embeddings to predict the final segmentation mask.

SAM2 adopts a MAE pre-trained Hiera image encoder [36] as its vision back-
bone, providing a hierarchical representation structure for multi-scale feature ex-
traction. The Prompt Encoder transforms primarily visual prompts into embed-
ding tokens that guide object localization. To process video streams effectively,
SAM2 introduces a temporal memory pipeline. This module maintains a Mem-
ory Bank that stores historical segmentation features as memory embeddings,
which are continuously updated by a Memory Encoder using a first-in–first-out
(FIFO) strategy. The Memory Attention module then retrieves and integrates
relevant memory embeddings to condition the current frame’s features, enabling
temporally coherent representations. Finally, the Mask Decoder utilizes these
memory-conditioned features together with the prompt tokens to generate the
segmentation mask for the current frame.

3.2 Problem Definition

Given an input query video V = {If}Ff=1 with F frames, a referring expression
and a support episode, FSRVOS aims to predict a set of binary masks M =
{Mf}Ff=1, where Mf ∈ RH×W denotes the mask of the referred object at frame
f . The referring expression provides a natural-language description that specifies
the target object within the video. The support episode is composed of N image-
mask pairs, which belong to the same class with the query object. Crucially, the
target object class must be novel (unseen) during the model’s training phase.

4 Method

As illustrated in Figure 1, our proposed QST-SAM framework is composed of
three key components: the Support Instruction Compressor (§4.1), the Q-S-T
Transformer (§4.2), and the Multi-Priors Prompt Encoder (§4.3).
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Fig. 1: Overview of our QST-SAM. QST-SAM integrates three branches: query,
support, and text. Support features are compressed into compact support instructions
via the Support Instruction Compressor. Query and text features are aligned through
a cross-modal temporal adapter and then fused with the support instructions in the
Q-S-T Transformer, which enables multi-directional interaction across query, support,
and text. The Multi-Priors Prompting module establishes spatial correspondences be-
tween query and support features to derive mask priors, while transforming textual
embeddings into complementary semantic priors. The multi-priors jointly guide the
enhanced query feature towards robust mask prediction.

4.1 Support Instruction Compressor

Under the N -shot setting, the support branch first encodes support images using
the frozen image encoder from SAM2, producing a high-dimensional feature
map of support tokens Ts ∈ RN×Hs×Ws×C . However, directly employing this
dense feature map for cross-attention with query features leads to substantial
computational overhead. Moreover, Ts inherently contains background noise and
redundant information unrelated to the target object, which may corrupt the
guidance signal and degrade segmentation performance.

To mitigate these issues, we introduce the Support Instruction Com-
pressor, a lightweight module designed to distill Ts into a compact yet highly
informative representation. The module first reduces the channel dimension of
Ts via a linear projection, Lineardown. Subsequently, the down-projected features
are processed by two parallel MLP branches, MLPv and MLPattn, to produce
attention maps and content values, respectively, formulated as:

Vs = MLPv

(
Lineardown(Ts)

)
,

αs = MLPattn

(
Lineardown(Ts)

)
.

(1)



QST-SAM 7

Here, Vs ∈ RN×H×W×C′
serves as the value matrix, encapsulating refined fea-

ture representations at each spatial location, where C ′ is the reduced channel
dimension. αs ∈ RN×H×W×K denotes a set of K spatial attention maps, each
capturing distinct and complementary regions or attributes of the support object
to produce specialized instructions.

To suppress background noise, the learned attention maps αs are refined
by multiplying them with the interpolated support mask M̃s, derived from the
original mask Ms:

α′
s = σ(αs)⊙ M̃s, (2)

where σ(·) is a spatial sigmoid function used to normalize attention weights, and
⊙ denotes element-wise multiplication.

Finally, the informative support instructions S = {Sk}Kk=1 are obtained
through a weighted aggregation of value features Vs, guided by the refined at-
tention maps α′

s:

Sk =
1

N

N∑
n=1

H∑
i=1

W∑
j=1

α′
s
(n,i,j,k)V (n,i,j,:)

s . (3)

The resulting instruction set S ∈ RK×C′
effectively condenses the essential infor-

mation from the support images into a compact representation that is resilient
to background clutter and well-suited for interaction with query features.

4.2 Q-S-T Transformer

Overview. The Q-S-T Transformer serves as the central fusion module of our
framework, enabling comprehensive interactions among the three distinct branches:
query tokens Q, support instruction tokens S, and text tokens T. As illustrated
in Figure 2, each Q-S-T Transformer block iteratively merges linguistic seman-
tics from the text expression, structural priors from the support episode, and
spatial representations from the query. Specifically, each block is structured into
two core sub-modules: the Text-Guided Semantic Refinement and the Spatio-
Contextual Enhancement.

Feature Preparation and Alignment. Support instructions are obtained by com-
pressing the support images using the Support Instruction Compressor described
in Sec. 4.1. Query and text tokens are extracted using frozen image and text en-
coders and enhanced by a cross-modal temporal adapter, which facilitates the
integration of images and text while incorporating temporal information. Note
that the adapter is adopted directly from the SAMWISE framework without
modification and its detailed implementation is provided in the supplementary
material.

Text-Guided Semantic Refinement. Although support episodes correspond to
the same target category, they often exhibit substantial intra-class variation in
texture, viewpoint, shape, and motion. Such discrepancies introduce irrelevant
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cues that weaken correspondence between query and support. To mitigate this,
the initial stage of the Q-S-T Transformer performs text-guided semantic re-
finement on the support instructions S under the supervision of text tokens T.
This process is designed to emphasize support cues that are more relevant to the
referring expression while reducing the influence of less relevant support infor-
mation, so that the refined support representation can be better conditioned on
the language description. To achieve this, we introduce a bidirectional interac-
tion between the text and support modalities, consisting of Text-to-Support
(T2S) and Support-to-Text (S2T) attention mechanisms:

T′ = FFN
(
SelfAttn

(
T+ CrossAttn(T,S,S)

))
,

S′ = FFN
(
SelfAttn

(
S+ CrossAttn(S,T′,T′)

))
.

(4)

Here, the T2S step allows text tokens to extract visual cues consistent with
the linguistic description, yielding a support-aware textual representation T′.
The S2T step then propagates these refined semantics back to the support
branch, enhancing features aligned with textual intent. Through this bidirec-
tional refinement, the resulting S′ is encouraged to be more closely conditioned
on the linguistic description and less affected by irrelevant support cues, provid-
ing a more focused representation for subsequent query fusion.

Spatio-Contextual Enhancement. After obtaining refined support instructions
S′, we leverage them to guide the query tokens Q in capturing class-specific spa-
tial and structural features. The second stage of the Q-S-T Transformer performs
spatio-contextual enhancement through a bidirectional interaction between sup-
port and query modalities, implemented via Support-to-Query (S2Q) and
Query-to-Support (Q2S) attention mechanisms:

S′′ = FFN
(
SelfAttn

(
S′ + CrossAttn(S′,Q,Q)

))
,

Q′ = Conv
(
SelfAttn

(
Q+ CrossAttn(Q,S′′,S′′)

))
.

(5)

In the S2Q step, the support instructions extract discriminative spatial cues
such as category-consistent regions and motion patterns—from the query stream,
producing a query-aware representation S′′. In the Q2S step, category-specific
visual knowledge is propagated back to the query branch, enriching it with class-
specific spatial organization and relational context. This reciprocal refinement
encourages the final query features Q′ to incorporate both query context and
support-conditioned category cues, providing an enhanced representation for seg-
mentation.

4.3 Multi-Priors Prompting Prediction

Traditional RVOS methods rely primarily on textual supervision, restricting the
SAM2 prompt encoder to simple language prompts. In contrast, within the FS-
RVOS setting, the support episode provides category-relevant visual information



QST-SAM 9

Fig. 2: Overview of the Q-S-T Transformer block. The Text-Guided Seman-
tic Refinement module conditions support features on the text expression, while the
Spatio-Contextual Enhancement updates the query stream with support-conditioned
spatial and contextual cues.

that serves as strong visual priors. These priors effectively complement the inher-
ent ambiguity of text-only descriptions, enriching spatial and appearance cues
and thus improving the model’s ability to accurately localize and segment the
referred object.

Q-S Matching Module. To establish reliable visual priors, the Q-S Matching
module explicitly aligns query and support representations. Given a query fea-
ture map Tq ∈ RHq×Wq×C and N support feature maps Ts ∈ RN×Hs×Ws×C ,
each support feature is first masked by its corresponding foreground annotation
to suppress background interference. We then compute the affinity matrix An

between the query and support tokens using cosine similarity, which measures
the correspondence of feature embeddings across spatial positions.

To mitigate spurious correlations and focus on high-confidence affinities, we
first sparsify the full affinity matrix An. Instead of applying a fixed threshold,
we adopt a simple percentile-based rule that computes a separate threshold for
each matrix according to its own value distribution. This makes the filtering
process adaptive and robust to variations between samples. Concretely, for each
An, we keep only the top τ% of all affinity values and set the remaining ones to
zero:

Ân(i, j) =

{
An(i, j), if An(i, j) ≥ Tτ (An),

0, otherwise,
(6)

where Tτ (An) is the τ -th percentile of An. This step removes weak or irrelevant
affinities while preserving the most confident spatial correspondences.

The filtered attention map Ân is then used to propagate the structural prior
from the n-th support mask M̃n

s into the query domain. The final mask prior is
obtained by averaging across all supports:

Pm =
1

N

N∑
n=1

Ân M̃
n
s . (7)
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Fig. 3: Qualitative results on the Ref-YouTube-VOS dataset. By fully leveraging the
visual prior knowledge derived from the support instruction, our QST-SAM demon-
strates superior robustness against challenging conditions, such as heavy occlusion, low
object-background contrast, and rapid motion.

In parallel to the visual prior Pm, the text tokens are processed via an MLP
projection to generate the text prior Pt. The query feature Q′ is enhanced by
SAM2’s Memory Attention block, reading from the Memory Bank to yield the
refined feature Qout. Finally, these three features are fused, where the decoder
Ddec processes Qout conditioned on Pm and Pt to generate the final segmentation
mask M:

M = Ddec(Qout |Pm,Pt). (8)

5 Experiments

5.1 Datasets and Evaluation Metrics

We study FSRVOS, where a model is trained on a set of base categories and eval-
uated on novel categories using only a query text expression and N annotated
support examples per episode. In this work, we focus on the 5-shot setting (N =
5) unless otherwise specified. As no standard benchmark exists for FSRVOS un-
der our proposed support-text-free setting, we construct a new evaluation suite
by reorganizing two established referring VOS datasets: Ref-YouTube-VOS [37]
and Ref-DAVIS17 [16]. Furthermore, to ensure a fair and comprehensive com-
parison, we also evaluate our approach under the legacy FSRVOS setting [23].

Ref-YouTube-VOS. The original Ref-YouTube-VOS is a large-scale dataset for
Referring Video Object Segmentation, comprising 3,978 videos and over 15,000
referring expressions. Annotations are provided only for its training split, which
covers 3,471 videos across 65 distinct object categories. To enable few-shot eval-
uation, we partition these 65 categories into five disjoint folds of 13 categories
each. We perform 5-fold cross-validation: in each fold, the model is trained on
the 52 base categories (4 folds), and evaluated on the 13 held-out categories
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(1 fold). To counteract the inherent long-tail distribution of data and ensure a
stable evaluation, we sample 50 expression–video pairs per held-out category to
form the validation set. The final score is the mean over all five folds, ensuring
every category is evaluated exactly once.

Ref-DAVIS17. The Ref-DAVIS17 dataset extends DAVIS17 by incorporating
natural language expressions, with its training split containing 60 videos. Fol-
lowing previous work, we train our model on the Few-Shot-Ref-YouTube-VOS
dataset and directly test it on Ref-DAVIS without fine-tuning. To assess gener-
alization to novel categories, we exclude the 25 overlap categories entirely from
the Ref-YouTube-VOS training set (i.e., the model is trained on the remaining
40 base categories). During evaluation, each episode is constructed by sampling
five random support image-mask pairs from held-out Ref-YouTube-VOS samples
of the same category, with the corresponding Ref-DAVIS17 videos serving as the
query set.

Evaluation Metrics. For quantitative evaluation, we utilize the standard metrics
established by the DAVIS benchmark [33, 34]: Region Similarity (J ) and Con-
tour Accuracy (F). These metrics respectively gauge the quality of mask overlap,
via Intersection-over-Union (IoU), and the precision of boundary alignment be-
tween our model’s predictions and the ground truth. To provide a comprehensive
assessment, the primary reported score, denoted as J&F , is the average of the
J and F scores.

5.2 Implementation Details

For a fair comparison, our method follows the experimental setup of SAM-
WISE [8]. We employ Hiera-B [36] as the image encoder and RoBERTa [26]
as the text encoder. The model is initialized with the SAMWISE weights pre-
trained on RefCOCO/+/g [30, 49]. We then fine-tune it on the Ref-YouTube-
VOS dataset for 4 epochs, during which the text encoder and the entire SAM2
backbone remain frozen. The fine-tuning process uses the Adam optimizer with
a learning rate of 1× 10−5 and a video clip length of T = 8.

5.3 Comparison with State-of-the-Art Methods

To establish comprehensive baselines under our proposed decoupled FSRVOS
protocol, we adapt state-of-the-art Referring Video Object Segmentation (RVOS)
approaches to our newly partitioned datasets. For zero-shot evaluation, we retain
their original architectures. For the few-shot scenario, we extend them by ap-
pending a lightweight fusion module that performs cross-attention between query
and support features, followed by self-attention refinement (see supplementary
material for architecture details).
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Table 1: Comparison of zero-shot and few-shot performance on the Ref-DAVIS17 and
Ref-YouTube-VOS datasets. The ‘(↑)‘ column shows the improvement of the J&F
score under the few-shot setting compared to the corresponding zero-shot baseline.
Our proposed QST-SAM achieves the best overall performance and shows a significant
gain over its baseline (SAMWISE).

Method Venue Setting Ref-DAVIS17 Ref-YouTube-VOS

J&F (↑) J F J&F (↑) J F

DsHmp [15] CVPR’24 Zero-shot 61.3 – 58.1 64.4 54.1 – 51.7 56.4
Few-shot 64.5 (+3.2) 62.7 66.2 57.7 (+3.6) 56.4 58.9

LoSh [50] CVPR’24 Zero-shot 60.4 – 57.4 63.4 55.9 – 53.2 58.5
Few-shot 64.9 (+4.5) 62.2 67.5 58.1 (+2.2) 56.7 59.4

ReferDINO [21] ICCV’25 Zero-shot 65.9 – 63.7 68.1 59.8 – 57.5 62.1
Few-shot 67.8 (+1.9) 65.5 70.1 60.6 (+0.8) 58.4 62.8

SAMWISE [8] CVPR’25 Zero-shot 65.5 – 63.5 67.4 59.3 – 57.2 61.3
Few-shot 67.5 (+2.0) 65.3 69.6 60.4 (+1.1) 58.3 62.4

QST-SAM (ours) – Few-shot 70.3 (+4.8) 67.5 73.1 62.4 (+3.1) 60.9 63.9

Overall Performance. We evaluate our proposed QST-SAM against leading
methods on the Ref-DAVIS17 and Ref-YouTube-VOS datasets. The compre-
hensive results, presented in Table 1, confirm that our approach sets a new
state-of-the-art on both benchmarks. Specifically, on Ref-DAVIS17, QST-SAM
achieves a remarkable 70.3% in J&F, surpassing the strongest competitor by
a significant margin of 2.5%. On the large-scale Ref-YouTube-VOS benchmark,
our method attains 62.4% J&F, outperforming the prior state-of-the-art by 1.8%.
These consistent and substantial gains underscore the superiority of our frame-
work in tackling the FSRVOS task.

Comparison under the New FSRVOS Setting. The core challenge in FSRVOS
is to effectively integrate disparate guidance from text and support images, as
naive fusion often proves insufficient to resolve visual ambiguities. Our results in
Table 1 clearly validate this point. A simple adaptation of the powerful SAM-
WISE baseline yields only marginal J&F improvements (+2.0% on Ref-DAVIS17
and +1.1% on Ref-YouTube-VOS). Such limited gains reveal that the model
struggles to translate the provided visual examples into effective segmentation
cues. In stark contrast, our QST-SAM achieves a substantial leap of +4.8%
and +3.1% over the same zero-shot baseline. This pronounced performance
delta—more than doubling the gain on Ref-DAVIS17—directly validates that
our proposed Q-S-T Transformer and Support Instruction Compressor are cru-
cial. They successfully integrate the multi-modal instructions, unlocking a sig-
nificant performance boost that a simple fusion approach cannot achieve and
demonstrating a robust solution to the core FSRVOS problem.
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Table 2: Quantitative performance comparison on the Mini-Ref-YouTube-VOS
dataset. The Textsup column indicates whether support text annotations are required.
QST-SAM achieves state-of-the-art results across all metrics while relying on less sup-
port information.

Method Textsup J&F J F

DANet [3] ✓ 42.3 40.8 43.7
HPAN [38] ✓ 50.9 51.1 50.7
CMA-ISM [23] ✓ 54.0 53.1 54.8

QST-SAM (Ours) × 59.2 58.2 60.1

Table 3: Ablation study of our key components on the Ref-YouTube-VOS dataset.
The ‘∆J&F ‘ column shows the performance drop compared to the full model.

Configuration J&F ∆J&F J F

QST-SAM (Full Model) 62.4 − 60.9 63.9

w/o Q-S-T Transformer 60.8 (-1.6) 59.4 62.1
w/o Multi-Priors Prompting 61.7 (-0.7) 60.3 63.1
w/o both 60.4 (-2.0) 58.3 62.4

Comparison under the Legacy FSRVOS Setting. To ensure a fair and comprehen-
sive comparison with prior FSRVOS methods, we also evaluate our approach on
Mini-Ref-YouTube-VOS [23], which is a specific subset split of the Ref-YouTube-
VOS dataset established under the legacy setting. As results summarized in
Table 2, existing few-shot approaches rely on support-side textual annotations
(Textsup) to localize target objects. Despite exploiting this additional modality,
the strongest prior method, CMA-ISM, achieves only 54.0% J&F . In contrast,
QST-SAM attains 59.2% J&F while entirely discarding support-level textual
descriptions, surpassing CMA-ISM by +5.2% under strictly weaker supervision.
This result indicates that discriminative visual cues derived from support masks
can be more effective than cross-video textual annotations, which may introduce
semantic inconsistencies.

These observations also support our revised FSRVOS formulation, suggesting
that support-side textual descriptions provide limited additional information and
may introduce redundancy in the supervision signal.

5.4 Ablation Studies

We conduct a series of ablation studies on the Ref-YouTube-VOS dataset to
validate the efficacy of our key architectural components. Note that the Sup-
port Instruction Compressor and the Q-S-T Transformer are designed to be
tightly coupled. Therefore, we ablate them as a single functional unit, treating
the compressor as an integral component of the Q-S-T Transformer module. As
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Table 4: Analysis of the number of support instructions. We evaluate the impact of
varying the number of distilled support instructions (K) on the Ref-YouTube-VOS
dataset, as well as the corresponding memory usage. Our final model uses K = 32.

Num. of Instructions J&F J F Memory Usage (GB)

K = 4 59.8 58.1 61.4 38.1
K = 8 61.3 59.8 62.7 38.9
K = 16 61.8 60.4 63.2 39.7

K = 32 (Ours) 62.4 60.9 63.9 42.2
K = 64 62.6 61.4 63.8 47.6

detailed in Table 3, we systematically remove the Q-S-T Transformer and the
Multi-Priors Prompting module to evaluate their impact on performance.

Q-S-T Transformer. Removing the Q-S-T Transformer causes the most signifi-
cant performance degradation (-1.6 J&F), highlighting its role as the framework’s
fusion core. Its effectiveness stems from a two-stage process: it first uses text to
semantically refine support instructions—filtering visual noise—and then injects
these purified structural priors into the query features. Without this structured
fusion, the model fails to effectively align semantic guidance with visual evidence,
leading to less accurate segmentation.

Multi-Priors Prompting. Ablating the Multi-Priors Prompting module results
in a clear performance drop (-0.7 J&F). This demonstrates the value of provid-
ing SAM2 with an explicit visual mask prior alongside the text prompt. This
visual prior, generated by our Q-S Matching module, provides a strong spatial
localization signal that resolves the ambiguity inherent in text-only descriptions.
Without this dual-modal guidance, the decoder lacks a precise spatial starting
point, impairing its ability to generate accurate masks, particularly at object
boundaries.

Details of Support Instruction Compressor. We analyze the effect of the number
of support instructions K. As shown in Table 4, performance improves substan-
tially as K increases from 4 to 32, peaking at 62.4 J&F. This trend indicates
that a sufficiently large instruction set is crucial for encoding a comprehensive
and diverse set of the support object’s visual features. However, the performance
gains saturate beyond this point; increasing K to 64 yields only a marginal im-
provement of +0.2 J&F while incurring additional computational cost. There-
fore, we select K = 32 for our final model, as it achieves the best trade-off
between performance and efficiency.

6 Conclusion

In this work, we revisit FSRVOS and propose a decoupled formulation that
retains textual supervision only for query-level intent, effectively reducing an-
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notation overhead and semantic mismatch. To leverage these multi-modal cues,
we introduce QST-SAM, a SAM2-based framework that integrates compressed
support instructions with linguistic semantics for precise segmentation. State-
of-the-art results on Ref-YouTube-VOS and Ref-DAVIS17 demonstrate that our
approach offers a robust and efficient solution for video object segmentation
under limited supervision.
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