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Abstract. As Al systems are being integrated more rapidly into di-
verse and complex real-world environments, the ability to perform holis-
tic reasoning over an implicit query and an image to localize a target is
becoming increasingly important. However, recent reasoning segmenta-
tion methods fail to sufficiently elicit the visual reasoning capabilities of
the base model. In this work, we present Segment Anything Reasoner
(StAR), a comprehensive framework that refines the design space from
multiple perspectives—including parameter-tuning scheme, reward func-
tions, learning strategies and answer format—and achieves substantial
improvements over recent baselines. In addition, for the first time, we
successfully introduce parallel test-time scaling to the segmentation task,
pushing the performance boundary even further. To eXtend the scope
and depth of reasoning covered by existing benchmark, we also con-
struct the ReasonSeg-X, which compactly defines reasoning types and in-
cludes samples that require deeper reasoning. Leveraging this dataset, we
train StAR with a rollout-expanded selective-tuning approach to activate
the base model’s latent reasoning capabilities, and establish a rigorous
benchmark for systematic, fine-grained evaluation of advanced methods.
With only 5k training samples, StAR achieves significant gains over its
base counterparts across extensive benchmarks, demonstrating that our
method effectively brings dormant reasoning competence to the surface.

Keywords: Reasoning Segmentation - Reinforcement Learning - Test-
time Scaling

1 Introduction

Embodied Al agents are increasingly expected to operate beyond bounded lab
setups, in diverse daily scenes where user intent is often implicit and incom-
plete. In this regime, recognizing object categories is not sufficient; an agent
must reason about the user’s goal in context and localize the relevant regions
that support safe and effective action. Reasoning segmentation [18] formalizes
this requirement by demanding adaptive cognitive reasoning that interprets an
implicit query in accordance with the context of a given image. In particular,

1 Corresponding author


https://orcid.org/0009-0006-4147-9750
https://orcid.org/0009-0008-6901-970X
https://orcid.org/0009-0002-4407-2113
https://orcid.org/0009-0005-8719-928X
https://orcid.org/0009-0003-5036-9105
https://orcid.org/0000-0002-0661-9192
https://github.com/ysj9909/StAR

2 S. Yun et al.

beyond a superficial interpretation of the scene, the ability to (i) flexibly ap-

ply information given in the query or world knowledge, (ii) comprehensively

understand the background context and relations among entities, or (iii) rea-
son step-by-step over multiple components has become an important challenge

toward general artificial intelligence (see Fig. .

Following the groundwork laid by LISA [18], several reasoning segmentation
methods [3}5l6l/11}/14/1824-27129132//42//53| have demonstrated promising results
by integrating the versatile reasoning capabilities of multimodal large language
models (MLLMs) [1}/2,22}/23,/40] with the robust mask generation ability of the
SAM series [16,/30]. Furthermore, inspired by the expanded reasoning capac-
ity boundary of leading MLLMs and the remarkable effectiveness of Reinforce-
ment Learning with Verifiable Rewards (RLVR) [8/{19], recent methods [11124]25]
adopt Group Relative Policy Optimization (GRPO) [34] for MLLMs, effectively
enhancing the ability to localize target regions through visual reasoning. For
example, VisionReasoner [25] introduces a decoupled “reasoning module-mask
generator” framework and successfully applies GRPO using a compact reward
design with a multi-object matching algorithm. However, despite their empirical
success, the bottleneck of current RLVR frameworks remains underexamined.
This raises a fundamental question: Does the current RLVR framework
maximally elicit visual reasoning potential that does not readily man-
ifest? If not, which component is responsible for the bottleneck?

To systematically answer this question, we investigate all components that
constitute the pillars of RLVR and try to identify design decisions that fully
leverage the base model’s pre-trained capacity. We start from VisionReasoner
employing Qwen2.5-VL 7B [2] as the MLLM backbone, and gradually “retrofit”
the framework to resolve the reasoning bottleneck in each component.
Specifically, our exploration centers on the following pivotal dimensions:

— Parameter-tuning scheme: full-parameter tuning requiring careful hyper-
parameter adjustment — LoRA [10] training with an appropriate configura-
tions (high-rank and large learning rate) for efficiently enhancing reasoning.

— Reward design: MLLM-level + SAM-level fine-grained reward function for
mask-aware gradients and rollout scalability.

— Learning strategy: vanilla GRPO + rollout-expanded selective-tuning for
propagating more informative training signals through broadened exploration.

— Answer format: bbox/point prediction + label prediction for promoting rea-
soning faithfulness and visually grounded reasoning.

Through this process, we uncover several key bottlenecks that severely compro-
mise performance. We then eliminate these bottlenecks in a computationally
efficient manner, simply yielding large performance improvements. As a result,
we propose a comprehensive framework, Segment Anything Reasoner (StAR).

Enabling LLMs to improve their outputs by allocating additional test-time
compute [36] is a critical step in post-training. A simple yet effective approach
is majority voting |43|, which generates N responses in parallel and selects the
most frequent one as the final answer. However, while this strategy is natu-
rally applicable to tasks such as mathematical reasoning—where the equality
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Fig. 1: We establish a reasoning segmentation benchmark, ReasonSeg-X, that demands
a broad range of reasoning skills. Our dataset addresses goal-oriented reasoning and
the ability to flexibly invoke world knowledge, while also covering complex relational
reasoning and step-by-step reasoning capabilities. Our model, StAR (equipped with
Qwen3-VL 32B ), demonstrates remarkable performance across all these aspects
(right image). Additional results are provided in the supplementary material.

of two answers can be easily determined—it is not well-suited to pixel-level
prediction tasks. Therefore, instead of a per-pixel voting scheme, we adopt a
mask-level strategy that selects a representative mask set via IoU-based clus-
tering. By leveraging the diverse and vast reasoning pattern space of StAR,
our test-time scaling (TTS) approach consistently improves performance across
extensive benchmarks, enabling StAR to tackle increasingly complex problems
through more inference-time compute. Moreover, our parallel sampling approach
opens a new research direction that lies on the opposite axis of the recent SAM
3 agentic pipeline [5] centered on sequential refinement.

LISA also introduced ReasonSeg benchmark, where images are anno-
tated with implicit text instructions and target masks. Unfortunately, Reason-
Seg has the following limitations: (i) some samples exhibit low mask quality or
contain reasoning errors; (ii) its limited reasoning depth makes it difficult to
effectively evaluate methods leveraging frontier MLLMs; and (iii) because the
benchmark does not clearly define the reasoning scope and type it covers, it
cannot systematically assess recent methods across diverse aspects. To mitigate
these, we first introduce a Refined version of ReasonSeg (ReasonSeg-R) that
addresses issue (i), aiming to prevent currently proposed methods from being
misled by incomplete evaluations and thereby support proper research progress
(see Fig. . In addition, we construct an eXtended version of ReasonSeg, termed
ReasonSeg-X, which deepens the reasoning depth and systematically expands
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the coverage of reasoning, complementing issues (ii)—(iii). A distinguishing char-
acteristic of the ReasonSeg-X is its balanced coverage of samples across four rea-
soning types (purpose/functional, commonsense/knowledge-intensive, compara-
tive/relational, and compositional /multi-hop reasoning—see Fig. |1 and Sec. .
We utilize this dataset to support StAR in developing its reasoning segmentation
capabilities across various dimensions.

We conduct experiments on several reasoning segmentation benchmarks, in-
cluding ReasonSeg |18], MMR |[14], MUSE |32|, and our proposed ReasonSeg-
X/R, and observe that our StAR (i) showcases substantial performance gains
over their base counterparts by preserving the base model’s inherent capacity
and effectively adapting it to the segmentation task, and (ii) maximizes the
efficacy of scaling test-time compute and model size by surfacing “latent, hard-
to-elicit” reasoning capabilities through a train-time exploration scaling strategy
that increases exposure to diverse reasoning patterns.

2 ReasonSeg-X Benchmark

LISA [18] introduces ReasonSeg, which handles implicit query requiring intricate

reasoning, rather than explicit query such as category names. Building on this,

PixelLM [32| proposes MUSE dataset to facilitate multi-target reasoning, while

MMR |[14] further extends the scope by curating samples that incorporate part-

level reasoning. However, while these studies primarily consider segmentation-

level formulation (mask prediction format), we focus on the largely underex-
plored aspects of reasoning depth and reasoning type design. Through
this, we define the following four compact reasoning taxonomy:

— Purpose/Functional (P/F): a reasoning type that requires the ability to
locate a target object needed to achieve a specific purpose, or intended for a
particular use.

— Commonsense/Knowledge-Intensive (C/KI): a reasoning type that par-
ticularly requires commonsense or domain-specific knowledge to localize the
target region. Moreover, this covers everyday world knowledge as well as
human-like visual priors accumulated through experience.

— Comparative/Relational (C/R): a reasoning type in which the target must
be localized through comparisons or relationships between entities in the im-
age. This type includes comparative reasoning over diverse attributes as well
as holistic reasoning about inter-entity relations.

— Compositional /Multi-Hop (C/MH): a reasoning type that requires step-
by-step composition of multiple evidences, involving challenging cases that
integrate complex constraints or apply various reasoning skills sequentially.

When designing this reasoning taxonomy, we aim to make each type as mu-
tually exclusive as possible; however, in some cases the boundary inevitably
becomes blurred. For example, “finding an object for a particular use” almost
always involves commonsense/knowledge (P/F < C/KI). Nevertheless, to foster
an agent’s goal-directed reasoning ability, we construct P/F by distinguishing it
from C/KI in a strict and careful manner. Moreover, C/R and C/MH samples
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Fig. 2: ReasonSeg-R examples. We correct masks for cases that are mismatched to
the query and also refine mask quality. In addition, we modify query expressions that
may inadvertently include regions outside the mask (e.g., the video player monitor).

exhibit reasoning depth that has been rarely covered in existing datasets, thereby
posing new challenges to current methods. Examples are shown in Fig.

To generate our dataset, we curate diverse and context-rich images from

Openlmages [17] and, based on the reasoning type design above, meticulously
annotate them with implicit query and high-quality target mask. For each gen-
erated sample, we perform cross-validation among annotators and employ GPT-
5 and Gemini 3 [7] for additional verification to further establish reasoning
validity. The resulting dataset, ReasonSeg-X, comprises 1,169 data samples,
split into 240/156 /773 samples for train/val/test. Sample counts by reasoning
type (in the aforementioned type order) are 53/33/88/66 for train, 37/36,/48/35
for val, and 201/181/253/138 for test.
ReasonSeg-R. ReasonSeg is the first benchmark specifically designed for rea-
soning segmentation, providing an important foundation for follow-up studies.
However, our inspection reveals that some data samples suffer from poor mask
quality or contain reasoning errors (see Fig. . Therefore, to facilitate a more re-
liable assessment in this research area, we provide a refined version of ReasonSeg,
termed ReasonSeg-R. Specifically, we rigorously verify query-reasoning-mask cor-
respondence and further check whether each mask accurately covers the target
region along its boundary. As a result, we refine the masks of 113 samples and
the queries of 3 samples, while excluding 13 unsuitable samples. In addition,
since many recent methods do not use the ReasonSeg train set, we merge the
val and test sets for a streamlined evaluation process. Additional details on
our presented datasets can be found in the supplementary material.

3 Methodology

3.1 Pipeline Overview and Preliminaries

In this section, we detail the components that constitute the foundation of
the StAR framework. Following prior works , StAR adopts a reasoning-
segmentation decoupled design: an MLLM performs reasoning over the input
query-image pair to predict bbox/point coordinates, which are subsequently used
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Fig. 3: Overview of the StAR framework pipeline. We pinpoint and resolve rea-
soning bottlenecks from all perspectives of the existing reasoning segmentation frame-
work (highlighted in red text). See text for details.

M

QOR® RO

as visual prompts for SAM 2 to extract the final masks. The pipeline of our
framework is illustrated in Fig.[3] Specifically, given a text query T and the input
image I, the reasoning module F,,, ., generates a chain-of-thought (CoT) [44]

reasoning trace and then predicts the bounding boxes {Bi}f-vzpfd and represen-

Np'red

tative points {P;}; "1** for the target regions associated with the query. Lastly,
these predictions are passed to the segmentation module Fs,,, to produce the

final binary masks {Mi}ﬁi"f‘d. This procedure can be formulated as:

({Bia Pi})i\glmi = ]:MLLM(I7 T), (1)
(M} = Foan (L ({B, Pi})i05). 2)

1

With this forward pipeline, we keep SAM 2 frozen and apply RLVR directly
on the MLLM to enhance its visual reasoning capability.
Group Relative Policy Optimization (GRPO). We adopt GRPO [34], a
variant of Proximal Policy Optimization [33], as our core RLVR algorithm. In-
stead of using a value function, it estimates the advantage using a normalized
reward within a group of responses to the same prompt. Specifically, for each
question ¢, GRPO first samples a group of n rollouts {0;}}'_; from the old policy
To,,,; €ach rollout is then evaluated with reward functions, producing a reward
vector {r;}"_;. Finally, GRPO optimizes the policy model by maximizing the
following objective:

Jerpro(0) =Elg ~ P(Q),{oi}i=1 ~ 70,..(0q)]
%Z <min < ﬂ-g(Oi'q) Ai,Clip < 71'9(01"(]) ,l — €, 1 + 6) Az> - ﬁDKL (7T9||7r'ref)> ’ (3)

T 14 (Oi‘q) T 14 (0,"(])

where € and 8 are hyperparameters, and A; is the advantage, calculated using a
group of rewards {r;}"; corresponding to the outputs inside each group:

r; — mean({r;},)

A= )

(4)
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Fig. 4: (a) We progressively retrofit all pillars of the standard RLVR framework (Vi-
sionReasoner) toward our performant and robust model (StAR), without introduc-
ing significant computational overhead. The foreground bars show performance on
ReasonSeg-X test, while results on ReasonSeg-R are shown with gray bars. The perfor-
mance values in parentheses are obtained with our majority voting strategy (Sec. .
Gray-marked design decisions (y-axis label texts) indicate comparison-only variants
that are not adopted. (b) The proposed RLVR design space better preserves and ex-
ploits the base MLLM’s diverse reasoning capabilities (VisionReasoner — StAR stage-
1). Moreover, Stage 2 training on the ReasonSeg-X train set with rollout-expanded
selective-tuning (REST) effectively elicits the MLLM’s hidden reasoning potential, im-
proving performance particularly on complex reasoning (e.g., C/MH). The resulting
model, StAR, outperforms the baseline by a large margin across all reasoning types.

Training Pipeline. We train our model via two stages, employing GRPO
throughout both phases. Stage 1 is primarily designed to elicit flexible localiza-
tion capabilities while maximally preserving pre-trained visual perception abil-
ities. Accordingly, we utilize the training set collected by VisionReasoner ,
excluding the reasoning data samples (LISA++ ) Thus, the Stage-1 training
set is sourced from LVIS |]§|7 RefCOCOg , and gRefCOCO , and consists
of 5k samples in total. Stage 2 aims to further strengthen the model’s reasoning
segmentation capabilities by effectively bringing out the base model’s hidden
reasoning potential. To this end, we continue finetuning the Stage-1 model on
our proposed ReasonSeg-X train set (240 samples), resulting in StAR, the final
model tailored for complex and versatile visual reasoning.

3.2 Roadmap to Segment Anything Reasoner (StAR)

In this section, we present the design evolution that “retrofits” VisionReasoner [25]
by alleviating key reasoning bottlenecks. Our explorations focus on investigating
performance-degrading factors along each design axis and mitigating them in a
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computationally efficient manner. We start from VisionReasoner-7B and study
a series of design decisions summarized as (1) parameter-tuning scheme, (2) re-
ward design, (3) RL strategy, and (4) answer format. As illustrated in Fig.
(a), our design trajectory toward StAR addresses bottlenecks across all axes and
yields non-trivial performance gains (+7.0/4.9% gloU on ReasonSeg-X/R).

Parameter-tuning scheme. Unlike supervised fine-tuning scenarios for dense
knowledge transfer and for acquiring new reasoning patterns, applying RLVR to
the reasoning segmentation (RS) task requires following a principle: “preserve
knowledge and reasoning patterns, and learn to leverage them for segmenta-
tion”. Yet RLVR-based RS methods [11}/25], as well as most existing open-source
reasoning models [2813945//50], typically rely on expensive full-parameter tuning.
This approach is notoriously resource-intensive and often requires extra model
copies—such as a reference model for KL penalty—greatly increasing memory
usage; moreover, adjusting all weights risks substantially damaging the base
model’s underlying knowledge. We therefore investigate parameter-efficient tun-
ing to maximally maintain the base model’s inherent capacity while efficiently
enhancing reasoning capabilities.

Low-rank adaptation (LoRA) |10] uses a low-rank decomposition to model
sparse updates |20|, thereby largely preserving the base model’s world knowledge
and demonstrating robust performance [4L38}[41}/51]. Building on these observa-
tions, we attempt to employ LoRA in the RLVR setting. However, when using
the default hyperparameter configuration, we observe a substantial performance
drop compared to the full-parameter tuning baseline. To better promote task
adaptation, we increase the learning rate from 1 x 1076 to 1 x 107° and exclude
the KL penalty term. With this configuration and a LoRA rank of 16, we achieve
comparable or even superior performance while reducing training costs by more
than 2x compared to VisionReasoner. We then increase the LoRA rank from 16
to 64 to expand the expressiveness of the update matrices, allowing the model to
tackle more complex reasoning |12|. Overall, our derived tuning scheme achieves
surprisingly strong performance (42.2% — 45.4%/64.8% — 66.1%) by following
the aforementioned principle.

Reward design. Reward functions are central to RLVR. However, the accuracy
reward functions used in VisionReasoner are not tightly aligned with the task’s
ultimate goal—mask generation—increasing the risk of reward hacking (Fig. |5}
left). In addition, the prevailing “hard” reward (1 if IoU exceeds a fixed threshold,
otherwise 0) neither reflects incremental improvements throughout training nor
enables fine-grained evaluation. To remedy these issues, inspired by [11], we
incorporate SAM into the RLVR training loop and introduce a piecewise mask-
IoU reward to provide mask-aware feedback. This design provides graded signals
that directly encourage incremental improvements in mask quality (Fig.|5] right).

We employ a tiered mask reward function based on IoU to discretize segmen-
tation quality into multiple levels. The reward is computed as follows (additions
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Fig. 5: Motivation for the mask IoU reward. Left: Misalignment between the
MLLM-level reward function and the task’s final objective potentially induces confusing
learning signals. Right: Distinguishing between diverse mask defects via a fine-grained
tiered mask reward promotes stable and stepwise optimization.

relative to SAM-R1 are marked in red):

ToU > 0.90,

0.80 < IoU < 0.90,

0.70 < IoU < 0.80, (5)
0.50 < IoU < 0.70,

0.30 < IoU < 0.50,

otherwise.

mask reward =

A

Along with this SAM-level reward, we also retain the reward functions from Vi-
sionReasoner that evaluate the accuracy of the MLLM’s predictions. Specifically,
we use (i) a bbox IoU reward that assigns 1 when the predicted bbox exceeds 0.5
IoU with the GT bbox, and (ii) a bbox/point L1 reward that assigns 1 when the
L1 distance between predicted and GT bbox/point is below 10/30 pixels. We
then solve the multi-object matching problem over N,,. predictions and Ng,
instance annotations using a batched Hungarian algorithm . Based on the
resulting assignment, the final accuracy reward is calculated and then divided by
max{N,,.., Ner} to suppress over- and under-segmentation errors. Additionally,
VisionReasoner’s Thinking/Answer/Non-repeat reward functions are applied to
ensure a structured and reliable output format.

Maintaining MLLM-level accuracy rewards bolsters coarse localization capa-
bilities, particularly by imposing stronger penalties on reasoning failures. More-
over, as illustrated in Fig. p| right, our fine-grained mask reward delivers a
curriculum-like training signal: early training emphasizes locating the target via
high-quality reasoning, while later stages focus on accurately segmenting target
region boundaries. With this comprehensive reward design, increasing rollout
utilization (8 — 16) brings meaningful performance gains—unlike VisionRea-
soner—suggesting that our rewards discriminate rollouts more finely and offer
the richest feedback. Notably, by reallocating the resources saved by LoRA train-
ing to rollout scaling, we improve performance (45.4% — 47.1%/66.1% — 66.6%)
while keeping overall training costs modest.

Reinforcement learning (RL) strategy. While Stage 1 training primar-
ily leverages referring segmentation datasets and focuses on utilizing the base



10 S. Yun et al.

03 C/MH type

direct prediction gloU in %

04 B oty voting 472 220 50
. all-incorrect samples S — = stage 1 baseline . B
g with REST 355384 370 40
a all-incorrect samples = - - 349
without REST 275 565 280272 30
Z ---p---- 5
foai all-correct samples 20
g TN T e A with REST
o1 N all-correct samples 10
without REST without with without with with
. REST REST REST REST REST
° » w 0 ® 100 120 L quen2s-78 L awens-es Quwen3-328

Training Steps

Fig. 6: Left: Rollout-expanded selective-tuning (REST) substantially improves sample
utilization. In particular, for hard samples, it develops the model’s intricate reasoning
by exploring a vast space of reasoning paths. “Correct” is defined as IoU > 0.5, and
results are reported with the Qwen3-VL 8B model. Right: REST effectively boosts
performance on problems that require multi-step reasoning; moreover, its gains syn-
ergistically scale with the base model’s reasoning capability boundaries.

model’s perceptual capacity for localization, Stage 2 mainly aims to cultivate the
ability to solve complex reasoning problems using our proposed dataset. How-
ever, Stage 2 GRPO training often suffers from advantage vanishing: for samples
that are too easy or too hard, the model generates group responses with con-
sistent rewards, severely reducing learning efficiency. As depicted in Fig. [6] left,
during vanilla GRPO training, on average, more than half of the batch samples
exhibit a near-zero-variance reward distribution. Moreover, the sparse positive
feedback on extremely challenging problems prevents fully drawing out the base
model’s hidden reasoning potential.

To mitigate this, we propose Rollout-Expanded Selective-Tuning (REST) as
a drop-in modification to GRPO. REST decouples exploration from learn-
ing: we first ezpand the rollout pool from the conventional small-n regime (e.g.,
8-16) to a large-N regime (e.g., 128-256) to explore a much wider set of rea-
soning trajectories. Instead of updating on all N rollouts, REST then performs
advantage-extremal selection, updating only on an informative subset of size m:
the m/2 rollouts with the largest advantages and the m /2 rollouts with the small-
est advantages. Selecting both tails aligns with the reward variance-maximization
strategies [31L46], yielding stronger contrastive signals for policy improvement.

Furthermore, REST cleverly exploits the compute/memory asymmetry in
LLM RL. The rollout generation is highly parallel, requires minimal activation
storage, and is typically high-throughput when batched—so generating many
rollouts can be amortized efficiently. By contrast, policy updates are memory-
and communication-intensive because of optimizer states and cross-device syn-
chronization. Consequently, exploring a 16x larger reasoning pattern space (n
16 — 256) increases the end-to-end training wall-clock time by only about 2x
(Fig. 4] (a)). In other words, REST keeps the expensive part nearly constant
while scaling the cheaper, batched inference part.

Importantly, for hard prompts, REST increases the chance of observing rare
successful reasoning paths, efficiently eliciting and internalizing “latent, dormant”
intricate reasoning skills (Fig. @ Leveraging our dataset with REST for Stage-2
training boosts performance on ReasonSeg-X/R by 1.5/1.6%, respectively.
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Answer format. Reasoning segmentation is inherently semantic-first: the model
must interpret the query, perform compositional visual-language inference, and
identify target regions consistent with that semantics. However, the endpoint of
the task is geometric, which can implicitly bias generation toward a “geometry-
only” mode where the model focuses on producing plausible coordinates with-
out committing to a grounded semantic identification. Meanwhile, recent stud-
ies |37,/47] reveal that as CoT reasoning progresses, visual attention tends to
markedly diminish, which in turn exacerbates hallucination. We therefore intro-
duce Label Prediction (LP) as a simple and lightweight answer-format augmen-
tation. Rather than predicting only geometry for each target, the model is addi-
tionally required to emit a short semantic label that describes the localized entity
(e.g., {“label” “the owner of the largest dog”, “bbox 2d™ ..., “point_2d™: ...}).
Crucially, while this modification merely adjusts the prompt /response schema, it
systematically reshapes generation dynamics by introducing an explicit semantic
“‘naming” step immediately before coordinate prediction.

Interestingly, predicted labels often paraphrase expressions in the query or
take the form of answering the query, thereby semantically anchoring the pre-
dicted region to the query and ultimately enhancing reasoning faithfulness. LP
also increases StAR-7B’s attention mass over visual tokens during coordinate
prediction from 5.3% to 6.3%. This suggests that, in contrast to methods that
explicitly strengthen visual dependency during training/inference [13,/15], a sim-
ple form of strategic prompting—requiring label prediction—can efficiently and
effortlessly facilitate visually-grounded reasoning. As a result, this remarkably
simple solution improves performance from 48.6/68.2% to 49.2/69.7%. This de-
sign trajectory brings us to our final model, StAR.

3.3 Majority Voting for Segmentation

Majority voting [43] has proven effective for tasks with a discrete answer space,
where “voting” is naturally well-defined. Here, we introduce a mask-level clus-
tering strategy that adapts majority voting to pizel-level, multi-object prediction.
Given a pool of mask candidates collected from all parallelly generated responses,
we group all candidates into clusters using a greedy procedure: for each candi-
date, we compute its IoU with the representative mask of existing clusters; if
the IoU exceeds a certain threshold (= 0.85), we assign it to that cluster, other-
wise we create a new cluster. We then decide the number of target instances K
by the mode of the per-response predicted target counts, and if no-target pre-
diction is in the majority, we also output “no target object”. Subsequently, we
rank clusters by vote count and select the top min(f( , #clusters) clusters. For
each selected cluster, we choose the single most confident instance mask, lever-
aging SAM’s mask quality score [30] for robust aggregation. Finally, we com-
pose the overall prediction by taking the union of the selected instance masks.
This strategy is generally applicable to any MLLM-based segmenta-
tion framework and brings substantial performance gains when paired
with our StAR’s vast reasoning capacity boundary (see Tab. .
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Table 1: Performance results on the ReasonSeg (RS) series. “MV” denotes
our majority voting strategy adapted for segmentation. We compare our StAR against
state-of-the-art baselines: LISA , SegLLM , READ CoReS , RSVP
CoPRS , SAM-R1 7 SAM-Veteran @, VisionReasoner and SAM 3 Agent

[ | RS | RS-R | RS-X | RS-X test
Meothod ase model

| (Size) | test | - | val | overall | P/F | C/KI | C/R | C/MH

| | gloU  cloU | gloU  cloU | gloU  cloU | gloU  cloU | gloU  cloU | gloU  cloU | gloU  cloU | gloU  cloU
Supervised/Reinforcement Finetuning Methods
LISA (ft) Llama2 13B 51.5 51.3 | 52.5 53.3|23.8 24.3|25.1 26.0 27.9 30.6 282 29.2 26.8 258 13.8 16.8
SegLLM LLaVA1l.5 7B 52.4 48.4 — — — - — — - — — — — — — —
READ (ft) LLaVAl5 13B | 62.2 62.8 — — — - — — — — — — — — — -
CoReS (ft) LLaVA1.5 13B | 65.5 - — — - - — — — — — — — — — —
RSVP GPT-i0 60.3 60.0 | - - - - - - - . _ - _ - _ _
CoPRS Qwen2.5-VL 7B | 59.8 55.1 | — - - - - - - . _ - - _ _ -
SAM-R1 Qwen2.5-VL 7B | 60.2 54.3 | — - - - - - - . - _ - _ _ _

SAM-Veteran | Qwen2.5-VL 7B | 62.6 56.1 | — - - - - - - - - - - - - -
VisionReasoner | Qwen2.5-VL 78 | 63.6 55.7 | 64.8 56.8 | 44.1 37.6 | 42.2 33.8  50.1 45.1 | 50.7 39.0 | 39.4 31.1 | 24.5 23.8
StAR ggage-1 | Qwen2.5-VL 7B | 66.7 60.8 | 69.0 65.6 | 48.5 42.7 | 47.4 40.6 55.6 51.2  60.0 50.2 44.5 36.4 245 25.1

Training-free Inference-time Scaling Methods
SAM 3 Agent | Qwen2.5-VL 7B | 62.6 56.2 | 63.1 58.0 ‘ 34.1 28.0 ‘ 34.4 29.5 | 41.7 37.9

SAM 3 Agent Qwen25-VL 72B | 71.8 65.2 | 72.4 65.3 | 52.0 43.0 5 45.4  49.6 34.0 30.8 35.1
StAR Qwen2.5-VL 7B | 67.5 61.3 | 69.7 66.2 | 50.5 48.0 | 49.2 43.6 58.2 52.2 60.2 52.4 45.7 40.4 28.0 28.8
StAR + MV Qwen2.5-VL 7B | 68.5 65.0 | 70.7 67.2 | 51.3 48.4 | 50.3 44.9 60.6 56.9 61.8 54.4 46.2 40.1 27.9 30.5
StAR Qwen3-VL 8B 70.6 63.8 | 73.8 69.2 | 60.8 57.2|57.9 50.1 69.1 55.9 66.2 60.3 54.4 45.0 37.0 41.4
StAR + MV Qwen3-VL 8B 71.8 66.5 | 74.9 69.7 | 62.6 60.1|59.6 53.1 69.0 58.6 68.5 66.4 56.7 47.9 39.5 41.7
StAR Qwen3-VL 32B | 72.1 67.3 | 73.8 68.0 | 61.5 54.2 | 61.7 59.2 71.7 71.6 66.7 66.9 58.2 50.8 47.2 51.5

StAR + MV Qwen3-VL 32B | 72.7 68.1|75.0 70.6 |64.7 57.5 |64.1 60.8 74.0 69.6 70.2 71.0 60.7 54.2 47.9 50.3

Table 2: Comparison on the Multi-target and Multi-granularity Reasoning (MMR)
dataset. * indicates models trained on a training set that includes the MMR dataset.

Base model val ‘ test

Method

\ (Size) Obj & Part | Obj & Part | Obj \ Part

| gloU  cloU | gloU cloU | gloU cloU | gloU  cloU
LISA .
LISA* Llama2 13B 223 334 | 23.0 29.2 402 452 107  16.4
M2SA* LLaVA 7B 27.8 486 | 30.9 46.8  41.0 556 135  27.0
M2SA* |14 Llama2 13B 28.4  49.1 31.6  47.6 42.3  57.6 13.6  27.2

VisionReasoner Qwen2.5-VL 7B 26.7 21.4 28.4 21.7 37.2 26.5 11.5 8.7

Llama2 13B 15.4 20.0 16.1 19.8 26.1 27.9 7.4 8.4

StAR Qwen2.5-VL 7B 29.8 26.3 32.4 27.2 44.4 33.3 14.3 017
StAR + MV Qwen2.5-VL 7B 30.6 27.1 33.0 27.8 45.6 34.7 14.9 12.0
StAR Qwen3-VL 8B 31.5 27.0 33.9 26.8 45.0 33.6 15.3 11.8
StAR + MV Qwen3-VL 8B 32.4 27.6 34.6 27.7 46.2 34.0 15.8 1.2

Further details and a discussion of the methodology can be found in the sup-
plementary material.

4 Experiments

4.1 Experimental Setup

Datasets. We follow VisionReasoner for stage 1 training, using 5k ex-
plicit/referring expression segmentation (RES) I@ samples, and use our
proposed ReasonSeg-X train set (240 samples) for stage 2. Extending the widely
used ReasonSeg , we introduce ReasonSeg-R/X to evaluate model perfor-
mance from multiple perspectives and across varying difficulty levels. We further
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Table 3: Robotics grounding performance on RefSpatial-Bench [52].

Success rate (%) RefSpatial-Bench

Method Location Unseen
Gemini-2.5-Pro 46.96 27.14
RoboRefer-8B [52] 52.00 37.66
StAR-8B 62.00 38.96

adopt the MMR [14] dataset to assess multi-target and multi-granularity reason-
ing segmentation capabilities. For out-of-domain evaluation, results on the RES
datasets [49] and MUSE [32] are presented in the supplementary material.

Implementation details. We use Qwen2.5-VL 7B [2| and Qwen3-VL 8/32B [1]
as our base models, with SAM 2 Large as the mask generator. We set the batch
size to 16 and the learning rate to 1 x 1075 (5 x 107 for stage 2). We use LoRA
rank 64 for all base models, and apply REST only during stage 2 finetuning. By
default, the sampling number of reasoning paths in our majority voting is set to
32. Detailed training settings are provided in the supplementary material.

4.2 Comparison with State-of-the-Arts

Following previous works [18,25], we adopt gloU and cloU as our evaluation
metrics: gloU is the average of per-sample IoUs, while cloU is computed as the
cumulative intersection over the cumulative union.

Results on the ReasonSeg(-R/X) datasets. In Tab. |1, we compare StAR
against previous SOTA baselines. Notably, our Stage-1 model shows that it can
leverage inherent reasoning capabilities without using reasoning data, sur-
passing methods using the same base model by a large margin. Finetuning on
our dataset with REST further strengthens performance especially on complex
reasoning. Remarkably, StAR-7B with our majority voting attains overall com-
parable performance on the ReasonSeg-X test set to the SAM 3 Agent (72B),
suggesting that parallel test-time scaling is also a promising direction. Moreover,
by fully exploiting the base model’s reasoning pattern space, our approach ben-
efits increasingly from larger base model size, and our test-time scaling strategy
improves performance in nearly all scenarios. Fig. [7]illustrates that StAR models
are capable of intricate reasoning through step-by-step thinking interleaved with
visual inspection. Meanwhile, it is worth noting that while the performance gap
between StAR-8B and StAR-32B is not evident on ReasonSeg-R, it becomes
pronounced on ReasonSeg-X, which involves more complex reasoning (e.g., C/R
and C/MH). This indicates that our benchmark presents a necessary direction
for the advancement of future methods.

Results on the MMR dataset. In Tab. 2] we evaluate our models in multi-
target and multi-granularity setting [14]. StAR models demonstrate strong zero-
shot performance, outperforming VisionReasoner as well as models [14] trained
on the MMR dataset (primarily on gloU). These results further validate StAR’s
flexible segmentation capabilities in addition to its reasoning strengths.
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Q: Identify the person
with the most dogs.

<think>The query asks to identify the person with the most Q: Find all the people who are
dogs. In the image, we need 1o count the number of dogs in front of the person who
each person is associated with and determine who has the. ook this photo, and all of their

highest count. </think> . . .
canswers{{"label": "person with the most dogs®, .}/answers| | reflections in the mirror.

STAR-88B (IoU = 0.87)

<thinks Looking at the receipt, T need to find where the diners’ orders first diverge after initially
ordering the same item for everyone.

Analyzing the items:

~The first few items are "NYE Wine Pairing" - appears multiple fimes, suggesting everyone ordered this
~Then "NEW YEAR'S EVE MENU" - appears multiple times, suggesting everyone ordered this

~Then “Frangelico" - appears multiple. fimes, suggesting everyone ordered this

~Then “Espresso" and “Cappuccino’” - the in different i

Q: Find the group of
menu-item lines on
this receipt that
marks the first
instance where the
diners’ orders diverge
after initially
ordering the same
item for everyone.

q * and " ino" i ions. The first instance where
orders diverge is when we see "Espresso” and "Cappuccino” appearing together, with different quantities
or combinations. This is the first point where not everyone ordered the same item. </think>
<answer>[(*label"; “divergent menu-item group", .}] </answer>

Q: Solve 1-(a) on the red-background test sheet, and express the sum
of the coefficients of the resulting function using calculator buttons.
For example, if the sum is 25, you should locate the buttons 2 and 5. %

<think>The query asks to solve part 1-(a) on the red-background test sheet, which is visible in
the image. The problem states: 'f(x) = x* + 5 and g(x) = 2x + 3. (@) Write fg(x) in terms of x.’
(2x+3) = 4x* + 12x+ 9. 50 fg(x) = 4x* + 12x+ 9 + 5 = 4x? + 12x + 14,

The coefficients are 4 (for x*). 12 (for x). and 14 (constant).

StAR-328 (ToU = 0.76)

Looking at the calculator in the image, the '3 button is located in the third row, second column
from the left (below 6", and the ‘0" button is in the bottom row, first column (leftmost).
Thus, the target objects are the '3' and 'O’ buttons on the calculator, which correspond to the
digits of the sum 30. ... </think>

<answer>[{"label": “calculator button 3", ..}, {"label": “calculator button 0", ..}] </answer>

s

>

R

7
=

Fig. 7: Qualitative results on our ReasonSeg-X test set demonstrate that StAR mod-
els, via multi-step reasoning, can effectively tackle complex segmentation scenarios ne-
cessitating various capabilities, such as comparative /relational reasoning, physics-based
3D awareness, comprehensive pattern analysis, and multi-hop algebraic expansion.

Results on the RefSpatial-Bench dataset. In Tab. [3] we evaluate StAR’s
spatial referring performance, which is crucial for embodied robots to inter-
act with the 3D physical world. RefSpatial-Bench is a challenging robotics
grounding benchmark for evaluating spatial referring with multi-step reason-
ing. StAR shows strong zero-shot performance: it is competitive not only on
examples requiring target-object localization (location set), but also on more
challenging examples involving complex spatial relations, multiple anchors, hier-
archical references, or implied placements (unseen set), thereby demonstrating
its generalized robotics grounding capability.
Model efficiency comparisons can be found in the supplementary material.

4.3 Additional Analysis

Inference-aware finetuning for majority voting. Current finetuning algo-
rithms are agnostic to, and thus decoupled from, the test-time strategy. However,
such a decoupling between training and test-time inference can be suboptimal;
when majority voting is employed at test time, training should not optimize only
the model’s first attempt, but should also consider multiple attempts under a
high-sampling regime. Accordingly, in Tab. [d] left, we explore how the number of
rollout generations in REST influences performance, with particular emphasis
on MV performance. The results show that REST enables the model to sur-
face high-quality reasoning patterns that express its dormant capability to solve
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Table 4: Left: We evaluate performance under varying degrees of REST exploration
(the number of rollout generations n), focusing on the efficacy of the inference-time
strategy; the per-step training time for StAR-7B is reported below. Right: We find that
reversing the prediction order at test time—after training the model to predict the
label before bbox/point coordinates—causes a large performance degradation.

Default settings are marked in blue .

1;180:)—1}; :;{,S)t REST n Model Ansv.ver-' Format \ RS-R ‘ RS-X test

16 64 128 256 Prediction Order ‘ 2loU  eloU ‘ 2ToU oU
j—t?\/IP:/_m ZZ:; jg:i ig:;l :g..?s StAR-7B | labelfirst ‘ 69.7 66.2 | 49.2 43.6
StAR-8B 57.1 56.9 57.3 57.9 label last 68.2  63.0 | 46.3  40.1
MV 58.1 583 59.0 59.6 Giam.gp label first ‘ 73.8  69.2 ‘ 57.9 50.1
Soc/ter 170 214 260 304 label last 73.1 70.8 | 55.8 47.7

complex reasoning problems, thereby improving performance—especially under
majority voting. The more pronounced improvements observed in MV with in-
creasing rollout generations can be attributed to closer alignment between the
sampling distributions used during training and test time. Moreover, these gains
increase synergistically with both the exploration degree and the base model’s
reasoning potential (i.e., model size, pre-trained capacity).

Answer prediction order. As shown in Tab. [4] right, we note that label predic-
tion per se is not the crucial factor. Instead, the benefit comes from reformulating
localization as a semantically-conditioned coordinate prediction step, in which
the initially predicted label text serves as an anchor for subsequent grounding.
Conversely, we also observe that for a model trained to predict the label last,
prompting label-first prediction at test time substantially improves performance.

5 Conclusion

In this work, we present StAR, a comprehensive framework that effectively sur-
faces the base model’s latent reasoning capabilities. We further, for the first
time, explore parallel test-time scaling in the reasoning segmentation task and
tightly couple training methodologies with inference-time compute strategies.
Finally, we construct ReasonSeg-X, a highly challenging evaluation benchmark,
establishing a clear and systematic target for future works.
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