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Recent progress in promptable segmentation has shifted visual perception from object-level
localization toward concept-level understanding. However, the notion of a concept remains
under-specified, making it unclear whether current methods truly generalize beyond category
recognition. In this work, we formalize generalized concept segmentation through a three-level
taxonomy consisting of context-independent (CI), context-dependent (CD), and context-reasoning
(CR) concepts, which reveals a clear capability gap across increasing levels of cognitive complexity.
To address this challenge, we propose ConceptSeg-R1, a unified framework that reformulates
concept segmentation as rule-induced concept grounding. At the core of our method is Meta-
GRPO, a meta-reinforcement learning mechanism that learns transferable task rules from visual
demonstrations and verifies them through proxy reasoning. The inferred reasoning states are then
translated into segmentation-ready concept prompts via a lightweight concept translation module,
enabling deductive application to target images. A shortcut routing strategy further preserves the
native efficiency of segmentation models on simple cases. To systematically evaluate generalized
concept segmentation, we conduct extensive experiments across diverse CI, CD, and CR concept
segmentation benchmarks spanning natural, industrial, medical and reasoning-intensive domains.
Without bells and whistles, ConceptSeg-R1 achieves strong performance across the full concept
hierarchy while maintaining the native capability of promptable segmentation backbones. As an
initial step toward segmenting any concept, we hope ConceptSeg-R1 can serve as a practical baseline
for advancing segmentation from object-level prediction toward concept-level understanding.

Project Page: https://ntu-ai4x.github.io/ConceptSeg-R1
Source Code: https://github.com/NTU-AI4X/ConceptSeg-R1

1 Introduction

Visual segmentation aims to localize regions that satisfy a user-specified semantic requirement.
Over the past decade, the field has evolved from closed-set pixel classification with task-specific
supervision [1-4] toward open-world, prompt-driven perception. The Segment Anything Model
(SAM) [5] marked a major milestone by unifying segmentation through geometric prompts such
as points and boxes, enabling strong zero-shot transfer across diverse domains. More recently,
SAM 3 [6] extended this paradigm to promptable concept segmentation, where targets can
be specified using open-vocabulary concept prompts rather than fixed labels. This progress
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Figure 1. Concept segmentation tree with representative CI, CD, and CR concepts arranged by cognitive
complexity. Existing promptable segmentation models mainly handle CI concepts, while context-oriented
and reasoning-enhanced methods partially cover CD or CR concepts. ConceptSeg-R1 targets the full
concept hierarchy toward segmenting any concept. See § A for details.

suggests a promising path toward more general segmentation systems. However, a central
question remains unresolved: what exactly is a concept in concept segmentation? Existing works
often equate concepts with text-addressable object categories, yet many real-world targets are
defined not only by category identity, but also by contextual relations or reasoning requirements.
Without a principled concept taxonomy, it remains difficult to determine whether a model truly
generalizes beyond category recognition toward broader concept-level understanding.

Concept categorization has long been studied in philosophy and cognitive science, where concepts
are commonly distinguished as context-independent or context-dependent [7-9]. Similar
distinctions have recently emerged in visual understanding and segmentation research [10, 11].
However, these studies are developed for task-specific models or narrowly defined prompting
settings. In this work, we revisit concept segmentation from the perspective of general-
purpose segmentation foundation models and methods based on multi-modal large language
models (MLLMs), where concept understanding must account for varying levels of contextual
dependency and cognitive complexity.

As illustrated in Fig. 1, we organize generalized concept segmentation into a three-level
concept hierarchy. The first level is Context-Independent Concepts (CI), whose identities are
determined primarily by intrinsic appearance and semantic attributes. General living, artifact,
fine-grained and long-tail ultra rare classes belong to this regime, where targets can often be
recognized without strong contextual contrast cues. Promptable and generalist segmentation
models [5, 6, 12] are naturally strong in this setting. The second level is Context-Dependent
Concepts (CD), where targets are defined through their relation to the environment, such as
saliency, camouflage, transparency, shadows, industrial anomalies, or medical lesions. These
concepts require perception of contextual contrast or domain-specific structure rather than object
identity alone. This perspective is closely related to Spider [10], although it mainly studies
context-dependent concepts under visual prompting rather than a unified text-and-vision
interactive framework. The third level is Context-Reasoning Concepts (CR), which require
explicit reasoning over visual and textual evidence, often involving cross-image correspondence,
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Figure 2. Workflow and performance comparison. ConceptSeg-R1 employs Meta-GRPO to induce rules
and deductive reasoning, which are converted into lossless prompts for SAM via concept translation,
enabling robust full-spectrum concept segmentation.

temporal cues, or functional semantics. These CR concepts go beyond contextual perception and
require reasoning over relationships or functional dependencies across observations. Recent
MLLM-based frameworks [13-16] begin to explore this regime by integrating visual reasoning
into segmentation. Nevertheless, a unified concept hierarchy connecting CI, CD, and CR for
general-purpose segmentation foundation models remains missing.

Despite recent progress, existing methods still face two fundamental limitations, as illustrated
by the “existing methods” pathway in Fig. 2. First, many approaches follow a reasoning !
description ! interface ! segmentation pipeline, where rich semantics are compressed into
low-bandwidth representations such as bounding boxes or short descriptions, causing a semantic
bottleneck between reasoning and segmentation. Second, most methods perform inference case
by case rather than inducing transferable task rules from demonstrations. Instruction-tuning [13,
17,18], agent-based [6, 19, 20], and reinforcement learning-based approaches [15, 16, 21] improve
reasoning consistency but still optimize instance-level trajectories instead of task-level induction.
Consequently, they remain brittle under cross-task transfer, out-of-distribution shifts, and
reasoning-intensive scenarios requiring concept inference from visual demonstrations.

In this work, we address these limitations with ConceptSeg-R1, a unified framework that
reformulates generalized concept segmentation as a closed-loop process of task induction !
rule verification ! concept translation ! promptable segmentation, as illustrated in Fig. 2.
Instead of solving each example independently, ConceptSeg-R1 leverages reference images to
induce transferable task rules and apply them to the query image. The first key component
is Meta-GRPO, a meta-learning variant of group relative policy optimization that introduces
a split-reference strategy with support examples and proxy queries. This mechanism enables
the model to induce reusable rules from visual demonstrations, verify them on proxy queries,
and apply them deductively to target images. The second key component is the Concept
Translation Module (CTM), which maps MLLM hidden states into implicit concept groups
that can be injected into the segmentation prompt space, preserving rich reasoning signals
for pixel-level execution. Finally, a Shortcut Router routes simple Cl-style cases directly to
SAM 3 while activating the full reasoning pipeline only when deeper contextual or logical
inference is required. In this way, ConceptSeg-R1 unifies efficient promptable segmentation with
context-aware concept grounding and rule-induced reasoning.

As shown in Fig. 2, we evaluate ConceptSeg-R1 on a total of 16 benchmarks spanning CI,
CD, and CR concepts. By spanning the cognitive spectrum from fundamental recognition to
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visuospatial dependency modeling and high-level visual-textual reasoning, this hierarchical
evaluation validates the model’s effectiveness in bridging the gap between basic perception and
complex task induction across diverse natural, industrial, and medical scenarios. In addition,
ConceptSeg-R1 achieves competitive results on widely used benchmarks such as Cityscapes [22]
and ReasonSeg [17], further validating its generalization and reasoning capability. Taken together,
these results suggest that generalized concept segmentation should be studied not merely as
static category recognition, but as a unified problem of context-aware concept grounding, rule
induction, and executable visual reasoning.

2 Related Work

Promptable Segmentation. Recent advances have expanded visual segmentation from task-
specific mask prediction to open-world interactive perception. SAM [5] established a strong
foundation by unifying diverse segmentation tasks through geometric prompts, such as points
and boxes. Building on this paradigm, SAM 3 [6] introduced promptable concept segmentation,
enabling segmentation with noun-phrase concepts and open-vocabulary semantic prompts.
Recent methods further extend this capability to complex instructions: SAM3-I [13] improves
instruction following for SAM 3, while agent-based or reasoning-enhanced frameworks, such
as AgentRVOS [23] and CoI-Seg [24], incorporate MLLMs and Chain-of-Thought reasoning for
temporally or semantically complex queries. Despite these advances, most existing systems
still follow a sequential reasoning-to-prompt pipeline, where rich intermediate reasoning is
compressed into boxes, points, short descriptions, or single latent representations. This semantic
bottleneck limits their ability to execute fine-grained reasoning at the mask level, especially for
context-dependent and reasoning-intensive concepts.

MLLMs with Reinforcement Learning. Multi-modal large language models (MLLMSs) have
recently been introduced into segmentation to enhance reasoning and instruction-following
ability. Early reasoning segmentation frameworks, such as LISA [17] and GLaMM [25], mainly
rely on supervised fine-tuning to connect MLLM hidden states with mask decoders. Although
effective for language-mask alignment, supervised training alone often struggles with out-of-
distribution concepts, ambiguous instructions, and complex visual-textual reasoning. To improve
reasoning consistency and spatial grounding, recent works have explored reinforcement learning
for segmentation. Seg-Zero [15] introduces GRPO-based optimization for reasoning-chain
guided segmentation, while LENS [16] studies unified reinforced reasoning for segmentation.
Subsequent methods, such as Seg-R1 [21], further incorporate dense spatial or mask-level
feedback to improve grounding quality. These works demonstrate the potential of reinforcement
learning for reasoning segmentation, but they primarily optimize instance-level reasoning
trajectories, where each query is solved independently, leaving task-level transfer and rule
induction insufficiently explored.

Meta-Learning and Rule Induction. Learning to adapt from limited examples has long been
studied as a core objective of meta-learning. Classical methods such as MAML [26] and
Reptile [27] optimize model initialization for fast adaptation, while recent LLM studies connect
this ability with in-context learning, where models infer task patterns from demonstrations
without parameter updates. Works such as MetalCL [28] and MAML-en-LLM [29] improve
few-shot generalization in language models. However, existing studies mainly focus on text-
centric tasks or passive demonstration following, whereas generalized concept segmentation
requires models to infer reusable visual rules from support examples, verify them under proxy
contexts, and apply them to unseen target images. This paper brings this perspective into
MLLM-based segmentation by formulating concept segmentation as rule-induced concept
grounding, where visual demonstrations, proxy verification, and reinforced optimization jointly
improve generalization across CI, CD, and CR concepts.
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Figure 3. Overview of the ConceptSeg-R1 architecture. (§ 3.1)

3 ConceptSeg-R1

3.1 Overall architecture

We propose ConceptSeg-R1, a unified framework for generalized concept segmentation. The ar-
chitecture follows a four-step paradigm: taskinduction! rule verification! concept translation
! promptable segmentation. As illustrated in Fig. 3, ConceptSeg-R1 utilizes an MLLM as the
reasoning engine and SAM 3 as the segmentation backbone. The framework takes as input a
mosaic of reference images (partitioned into a Support Set and a Proxy Query Set), a target infer-
ence image as the actual query, and a textual prompt. A Shortcut Router adaptively determines
whether full reasoning is needed: for high-confidence cases, SAM 3 is directly invoked via a
fast path, bypassing meta-reasoning. Otherwise, the model induces task-level rules from the
Support Set, verifies them on the Proxy Query Set, and applies them to the target image. Finally,
the Concept Translation Module (CTM) maps these linguistic deductions into multi-dimensional
implicit concept groups, serving as high-fidelity prompts for SAM 3 to generate precise pixel
masks.

3.2 Meta-GRPO

We introduce Meta-GRPO, a meta-learning variant of GRPO [30], to improve in-context learning
and out-of-distribution (OOD) generalization for generalized concept segmentation. Unlike con-
ventional segmentation methods that solve each image independently, Meta-GRPO internalizes
meta-learning within a single visual context window through a Split-Reference Strategy. Given
visual demonstrations, the model is encouraged to induce transferable task rules, verify them
under proxy contexts, and deductively apply them to the target query image | . This formulation
connects reinforcement learning with in-context meta-learning, enabling the model to move
beyond instance-level reasoning toward rule-based concept grounding.

Split-Reference Strategy. To leverage multi-image context while maintaining computational
efficiency, we organize the visual inputs into a mosaic-based reference structure. Given a target
image | , which serves as the actual query, and a textual prompt T , we construct a reference set
R=1S,Qg asa K K mosaic image to reduce memory overhead. Within the mosaic, S denotes
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the Inductive Support Set, from which the model infers task-level rules, while Q denotes the
Proxy Query Set, which is used for intermediate rule verification. The MLLM first performs
induction over S, then localizes the corresponding target in Q to validate the induced rules,
and finally applies the verified rules to | by predicting object box coordinates and a descriptive
linguistic answer.

Meta Reward. To encourage rule-based reasoning rather than shortcut memorization or reward
hacking [31], we design a meta reward that jointly evaluates proxy-level verification and target
localization quality. The model samples trajectories from the concatenated visual-textual
context:

. J»S,0Q,1,T..” 1

The meta reward is defined as
Rmetu = IOUnPboxr GTbox" IOU,,P check, GTcheck" (2)

where Py, and GTp,, denote the predicted and ground-truth boxes for | , and P.j.cx and
GT.heck denote the boxes for Q. By coupling proxy deduction with target segmentation, Meta-
GRPO rewards trajectories that rely on transferable, context-aware task rules rather than direct
memorization of individual samples.

3.3 Concept Translation

To eliminate the information bottleneck between high-level reasoning and segmentation execution,
we develop a lightweight Concept Translation Module (CTM) with near-linear complexity. CTM
converts the rich Chain-of-Thought (CoI') hidden states from the MLLM into multi-dimensional
implicit concept groups that can be injected into the latent prompt space of SAM 3, enabling
richer reasoning-to-mask transfer.

Specifically, given the MLLM output tokens H 2 R €, where L; is the token length, we initialize
a compact set of learnable concept queries C 2 R2€ with a much smaller length L, L 1. The
concept queries attend to the reasoning tokens through cross-attention:

Z = CrossAtin,C,H, H” 3)

where Z 2 R12C denotes the extracted implicit concept groups. These groups summarize multi-
faceted semantic attributes from the reasoning trajectory, such as appearance, spatial relations,
relative scale, and functional properties. Meanwhile, the final short linguistic description is
encoded by the SAM 3 text encoder to obtain explicit prompt embeddings E;.y;. The implicit
concept groups are then prepended to the explicit embeddings in the SAM 3 latent prompt space:

P=»Z;Eext... 4)

where P serves as the final prompt representation for mask prediction. Since CTM uses a small
number of concept queries rather than the full MLLM token sequence, its cross-attention cost is
0O,L1L>C"” and becomes near-linear in L1 when L, is fixed and much smaller than L.

Compared with conventional sequential pipelines that suffer from semantic disconnect, CTM
translates complex reasoning states into segmentation-compatible visual guidance through a
unified trainable interface. This replaces discrete tool-calling with continuous concept prompts,
better preserving reasoning information while balancing segmentation accuracy and inference
efficiency.
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3.4 Training and Inference

We adopt a progressive training and adaptive inference strategy to balance reasoning capacity
and computational efficiency. Training consists of two stages: CTM warm-up with supervised
segmentation loss, followed by Meta-GRPO optimization with unified rewards. During inference,
a lightweight Shortcut Router built upon the native confidence mechanism of SAM 3 decides
whether to accept the direct SAM 3 prediction or activate the full ConceptSeg-R1 reasoning
pipeline.

Training Stage I: Supervised Fine-Tuning. In the first stage, both the MLLM and SAM 3 are
frozen, and only the CTM parameters are optimized. This stage aligns MLLM reasoning features
with the latent prompt space of SAM 3, allowing implicit concept groups to serve as effective
segmentation prompts. The optimization objective is the standard segmentation loss:

L seg =L dicenPseg, GTseg” "L focatsPseg, GTseg” ®)

where Ps.¢ and GT;.¢ denote the predicted and ground-truth masks, respectively.

Training Stage Il: Cognitive Reinforcement Learning. In the second stage, the reasoning policy

is optimized with Meta-GRPO under a structured Col template consisting of <rule>, <check>,
<think>, <bbox>, and <answer> tags. The unified reward pool combines format correctness, mask
quality, and meta-level rule verification:

Runi = R format ~ R mask ™ R meta (6)
The format and mask rewards are defined as:
Rformat =15 F Tcor-. Ripask =10U,Pseg, GTseq” 7)

where t denotes the generated reasoning response of trajectory ,andt F Tcgr indicates that
the response satisfies the required Col template. Here, R;;.¢, is the proxy-target reward defined
in § 3.2, which couples proxy rule verification with target localization quality. The final training
objective combines Meta-GRPO optimization with the segmentation loss:

L train = L GrRPOwRuni, Dgr”" L seg (8)

where KL divergence term Dkr, acts as a standard regularization constraint, preventing the
current policy from deviating excessively from the reference policy. This ensures linguistic
stability and prevents catastrophic forgetting by anchoring the reasoning trajectories within a
plausible distribution.

Adaptive Inference with Shortcut Router. At inference time, the Shortcut Router first uses the
native SAM 3 prediction branch to obtain a presence score s, which reflects the confidence
that the queried concept can be directly localized without additional reasoning. The decision
threshold T is adjusted according to instruction complexity:

T=CLIP,0.1 2 7" min=0,max=1" )

where ¢, T " denotes the normalized word count of the instruction T , and CLIP, ” denotes the
clamping function used to constrain the output within a predefined range. A smaller T is
produced for short atomic instructions, making SAM 3 predictions easier to accept through
the shortcut path when s T . In contrast, longer queries yield a larger T, imposing a stricter
acceptance criterion and activating the full ConceptSeg-R1 pipeline when native SAM 3 confidence
is insufficient. This adaptive mechanism allows simple CI-style queries to be handled efficiently
while reserving full reasoning capacity for complex CD and CR concepts.
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Table 1. Quantitative comparison on diverse CI, CD, and CR concept segmentation benchmarks. Detailed
results for diverse classes in CI concepts and more evaluation metrics are provided in § E.

CI Concepts CD Concepts CR Concepts

Diverse Optical Industrial Medical Logical
Camouflage Saliency Consistency Difference Spatio-temporality
Classes Property ’ Anomaly Lesion Rationality Mean

Method F®" nmIoU" F®" mIoU" F®" mloU" F$" mIoU" F®" mloU" FS$" mloUu" F®" mloU" F®" mloU" F®" mloU" F®" mIoUu" F®" mIoU"

SAM3[6] 895 918 856 864 513 614 381 590 515 662 363 489 - - - - - - - - - -
MLLM + SAM

SAM3-Agent-3B[6] 55.1 723 475 620 454 648 595 721 206 491 171 414 203 432 3.1 309 203 469 102 405 299 523
SAM3-Agent-7B [6] 76.8 845 683 743 589 717 744 802 315 49.0 251 425 267 468 267 531 293 533 135 371 431 593
LENS-3B[16] 744 827 560 654 581 731 769 811 513 602 560 691 267 552 256 568 195 551 437 682 488 66.7
Seg-Zero-7B[15] 868 901 671 731 750 811 728 786 514 571 602 698 161 49.6 55 492 9.8 49.3 7.2 493 452 647
ConceptSeg-R1-3B  89.9 920 857 865 837 877 890 905 615 710 690 774 639 770 527 718 466 685 647 791 70.7 80.1

ConceptSeg-R1-7B  89.9 921 857 865 848 883 927 935 667 741 723 793 701 810 570 750 602 767 69.8 81.8 749 828

4 Experiments

4.1 Settings

Datasets. We evaluate ConceptSeg-R1 on a diverse set of concept segmentation benchmarks
spanning context-independent (CI), context-dependent (CD), and context-reasoning (CR) con-
cepts. These benchmarks cover natural, industrial, medical, and reasoning-intensive scenarios,
enabling a comprehensive assessment of out-of-distribution generalization across different
levels of cognitive complexity. In addition, we include representative generic segmentation and
reasoning-oriented benchmarks, such as Cityscapes [22] and ReasonSeg [17], to verify whether
ConceptSeg-R1 preserves the generic segmentation capability of SAM 3 and generalizes to
external reasoning-grounded settings. Complete dataset descriptions and evaluation protocols
are provided in § B.

Implementation Details and Metrics. We employ the Qwen2.5-VL series [ 32] as the reasoning
backbone and SAM 3 as the segmentation head, using both 3B and 7B variants in our experiments.
Training is conducted on 8 NVIDIA H800 GPUs utilizing the DeepSpeed engine to optimize
memory and training efficiency. Following previous works [6, 10, 15, 16], we report four widely
adopted segmentation metrics: weighted F-measure (F %), mean Intersection-over-Union (mIoU),
generalized IoU (gIoU) and cumulative IoU (cIoU). All results are reported in percentage (%).
More details and metrics are provided in § C and § E.

4.2 Comparison

Performance on CI, CD and CR Concepts. As summarized in Tab. 1, ConceptSeg-R1 achieves
consistently strong performance across the full CI-CD-CR spectrum. On CI concepts, SAM 3 first
shows strong segmentation capability, even outperforming several MLLM-based models such as
LENS and SegZero. However, directly pairing SAM 3 with an MLLM without careful design can
lead to noticeable performance degradation, as evidenced by the lower results of SAM3-Agent-3B
and SAM3-Agent-7B. In contrast, ConceptSeg-R1 preserves the strong segmentation capability
of SAM 3 while achieving the best overall performance on diverse CI concepts. On CD concepts,
ConceptSeg-R1 shows clear advantages across diverse domains, including optical properties,
camouflage, industrial anomaly, and medical lesions. Notably, ConceptSeg-R1-3B achieves 77.4
mIoU on the medical lesion benchmark, outperforming the larger Seg-Zero-7B model. On CR
concepts, SAM 3 is not designed to handle scenarios that require reasoning across multiple
observations, and therefore cannot directly perform such tasks. Among MLLM-based methods,
ConceptSeg-R1 shows the most significant performance advantage on CR concepts, consistently
achieving the best results on consistency, difference, logical rationality, and spatio-temporality
reasoning concepts.

Performance on Cityscapes and ReasonSeg. As shown in Tab. 2, ConceptSeg-R1 maintains
strong zero-shot segmentation performance on the Cityscapes benchmark, improving the
overall mIoU from 60.6 to 62.6 without task-specific training. In addition, Tab. 3 shows that
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Table 2. Comparison of ConceptSeg-R1 and SAM 3 on Cityscapes under the zero-shot setting, evaluated
using the mIoU metric. Since official semantic segmentation scripts for SAM 3 are unavailable, results are
reported under the same inference settings as ConceptSeg-R1 for fair comparison.

Method Road Side. Build. Wall Fence Pole TLight TSign Veget. Terra. Sky Person Rider Car Truck Bus Train Motor. Bicycle Mean

SAM3[6] 914 822 844 191 454 6l1 64.7 67.2 88.4 57 92.6 76.2 393 87.6 426 543 292 46.6 729 60.6
ConceptSeg-R1-3B 979 826 839 188 473 608 60.2 66.6 87.3 7.2 93.7 74.8 394 894 5238 623 426 50.5 721 62.6

Gains +6.5 +0.4 -05 -03 +1.9 -03 -45 -0.6 -11 +15 +11 -14 +0.1 +1.8 +10.2 +8.0 +13.4 +3.9 -0.8 +2.0

Reference Image Ground Truth ConceptSegR17B LENS SegZero Think Rull
The refergnce 1maPe shows |Ssects tha\lt blﬁnd into their Irn
environment due to coloration and texture. In the target ima
there's a structure resembling coral or plant life lhagcould gand ttextbulresdlhz;l ?HUW them
Camouflage camouflaged. The bounding box in the Hit region indicates k° end '"T?] el lisit
an insect that matches the camouflage concept. By observi C(IrItnCe. T 9oatis «
the colors and textures, the corfike structure in the target 1N @ simitar object in the

f G i target image that achieves
image seems to be the object that fits the camouflage patter
Consistency Thegrmunding box should encompass the area where the ob MVisibility lj\::'aouegh color and
Identify and locate the blends into its surroundings. RE]
corresponding area in Think . X Rule panv—.
the second image that 1ne red bounding box in the first image indicates a long tail ¢ The bounding box highlights
serves a similar bird, which is likely its tail. In the second image, the tiger ha: @ s[pecmc body part that is
f h long tail as well, which serves a similar function in terms o, _€longated and serves a
unction or shares a balance and movement. The bounding box should be placecfunctional role in balance an
similar meaning. the tiger's tail. movement
Difference Think . Rule
Compare these two The main <f:han_ge be_l&/veen the twohlmages appears to bhe t The presence of a new obje
ages carefully and addition of an inseclike object on the wooden stand in the in the second image
image second image. This suggests that the focus should be on _compared to the first one
give me the identifying the new object introduced into the scene. indicates the key difference
coordinates of their .
i Think Rul
difference. et q __Rule
Logical The person in the first image appears to be celebrating a go The reference image shows
9 victory, which suggests a sporslated context. In the second *goccer player, indicating a
Rationality image, there is a soccer ball on the floor, which aligns with t sports context. The second
Locate the object in sports theme. This obg‘ecl would likely be favored by someol image contains a soccer ba
Image2 that the who enjoys soccer. which is a common object
person in Imagd. Think associated with soccer.
would mostly favor, The reference image shows bounding boxes indicating po(er“ﬁme
given his image breast tumors. In the target image, there is a dark area tha

could correspond to one of these tumors. The bounding box ~_Bounding boxes in the

context. the toWeﬂ re%on of the reference image suggests a roughl . reference image indicate

Medical oval shape, which aligns with_irregular shape observed in t Tegular shapes Lndica(a/e c
Lesion target image. The bounding box in the target image is center b’%?:’g‘g&“%ﬁh Kh:st:rsge?pf
Breast Lesion on this suspicious area, suggesting it is object of interest. image for comparison.

Think
The reference image has bounding boxes indicating defects _ Rule . o
are vertical and elongated. In the target image, there are vert The bounding boxes indicat

Industrial streaks that could be indicative of similar defects. The bound narrow, elongated defects ir
A I box in the topleft region suggests a defect that is narrow anc  the reference image,
nomaly elongated, which aligns with the visual rule of the reference suggesunrq the target object
targets. By comparing these characteristics, the bounding bo should also be narrow and
the target image should correspond to a similar object. elongated.

Figure 4. Qualitative comparison across different concepts. See § K for more visualization results.

ConceptSeg-R1 achieves state-of-the-art performance on the ReasonSeg benchmark. Notably,
our method achieves both the highest gIoU and cIoU on ReasonSeg-Test without task-specific
fine-tuning, demonstrating strong reasoning capability and robust generalization to external
reasoning-oriented segmentation settings.

Qualitative Comparison. As shown in Fig. 4, Table 3. Zero-shot performance on Reason-
ConceptSeg-R1 shows superior visual grounding Seg[17]. “y” denotes models fine-tuned on the
compared to LENS and Seg-Zero, highlighting three ReasonSeg training set.

key advantages: I) Rule-based Generalization: For cam- ReasonSeg-Val ReasonSeg-Test
ouflaged object and medical lesion concepts (see the Method Publication glo * _clov * glou * clou *
15" and 5" rows in Fig. 4), ConceptSeg-R1 produces nstruciSeg 3By D Tecvas e s e

. . 3 . LENS-3By [16 AAAT'26 62.1 64.9 57.2 58.0
more precise boundaries while competing models v Lol
SAM4MLLM-7B [33] ECCV'24 46.7 48.1 - -

often generate fragmented masks, indicating that Seg-Zero3B[15] arXiv25 582 531 561 486
Meta-GRPO effectively induces transferable task RIIb Bl Newlvoas  ta0 s s s
rules for domain-specific perception. II) Cross-image ™80l 0% 81 &2 97 s
Reasoning: In consistency and difference reasoning ~ gonerSesiod - @28 0 62 493

tasks, ConceptSeg-R1 correctly identifies functional
correspondences and inter-class differences across images, suggesting that the split-reference
strategy enables stable cross-image reasoning. I1I) High-Fidelity Execution: In logical reasoning
scenarios, the concept translation module preserves rich reasoning states for segmentation,
avoiding the semantic loss commonly observed in methods relying on coarse prompts. This
lossless concept translation also empowers our model to excel in multi-object segmentation and
demonstrates a superior capacity to rectify suboptimal ground-truth labels, such as missing
targets or imprecise boundaries in industrial anomaly scenarios (see the 6!" row in Fig. 4). To
further demonstrate the prompt understanding capability of ConceptSeg-R1, Fig. 5 presents
representative predictions under concept coexistence scenarios. We observe that ConceptSeg-R1
learns to switch segmentation targets accurately according to different prompts, without relying
on a specific query image. In particular, for CR concepts, the model infers that dehydration
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Figure 5. Visualization of concept coexistence results generated by ConceptSeg-R1. The same query
image is segmented differently under varying reference instructions.

Table 4. Ablation studies of ConceptSeg-R1-3B across the full CI-CD-CR concept spectrum.

CI Concepts CD Concepts CR Concepts
Diverse Optical Industrial Medical Logical
Camouflage Saliency Consistency Difference Spatio-temporality
Classes Property Anomaly Lesion Rationality Mean
Method F$" mIoU" F®" mIoU" F®" mloU" F®" mIoU" FS$" mIoU" F®" mloU" F%" mloU" F®" mIoU" F®" mIoU" F®" mIoU" F®" nloU"

(a) Architecture

SAM 3 895 918 856 864 513 614 381 590 515 662 363 489 - - - - - - - - - -
+MLLM (SFT) 892 914 88 865 806 8.6 872 84 559 619 573 675 283 568 159 531 183 534 217 56.8 54.0 70.1
+ GRPO 894 916 8.8 865 764 823 864 878 555 624 545 650 252 542 214 535 322 600 303 61.4 55.7 705
+ Concept Translations  89.5 91.8 858 865 820 865 907 918 565 637 618 702 585 734 314 549 456 665 57.6 75.5 65.9 758
+ Meta-GRPO 89.9 920 8.7 865 8.7 877 890 905 615 71.0 690 774 639 770 527 718 466 685 64.7 79.1 70.7 80.1
(b) Meta-GRPO Component
w/o Meta Reward 895 918 858 865 824 866 8.2 904 600 666 681 769 596 741 517 711 418 668 654 79.5 69.3 79.0
w/0 Meta Reasoning 899 920 857 865 836 876 903 913 604 704 661 762 613 755 485 688 362 633 635 78.5 68.5 79.0
ConceptSeg-R1 89.9 92.0 85.7 86.5 83.7 87.7 89.0 90.5 61.5 71.0 69.0 77.4 63.9 77.0 52.7 71.8 46.6 68.5 64.7 79.1 70.7 80.1

(c) Training Stage

One-stage (Only RL) 895 917 858 865 849 874 905 9.7 642 706 690 750 567 717 360 611 442 675 531 727 674 776
Two-stage (SFT + RL) 89.9 920 857 865 837 877 8.0 905 615 710 690 774 639 770 527 718 46,6 685 647 79.1 70.7 80.1

requires water and that birds exposed to rain require shelter, selecting the water bottle and
birdhouse accordingly, which demonstrates reasoning-driven target selection guided by reference
understanding and problem interpretation.

4.3 Ablation Study

As shown in Tab. 4, we conduct ablation experiments to analyze contributions of key designs in
ConceptSeg-R1. See § F, G, H, I for more results.

Architecture Evolution. We first establish a strong baseline by introducing an MLLM with
supervised fine-tuning (SFT), where the model generates geometric bounding boxes as in-
termediate prompts for SAM 3. This simple integration already achieves performance that
exceeds competing methods in Tab. 1, ensuring subsequent design choices lead to convincing
performance improvements. Building upon this baseline, introducing GRPO yields a modest
improvement in mean mIoU (70.1  70.5), suggesting reinforcement learning improves reasoning
stability. Replacing geometric prompts with the Concept Translation Module (CTM) leads to a
substantial gain (70.5  75.8), highlighting the benefit of translating reasoning states into dense
concept representations. The full Meta-GRPO configuration further improves performance to
80.1 mean mIoU, demonstrating the proposed design choices contribute consistent and convincing
performance improvements across diverse concepts.

Meta-GRPO Component Analysis. We further analyze the mechanisms of Meta-GRPO by
removing key components. Replacing the Meta-Reward with a standard bounding box IoU
reward leads to clear performance degradation on out-of-distribution datasets, indicating that
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without the meta-reward constraint, the model tends to memorize training cases rather than
induce transferable task rules. Similarly, bypassing the meta-reasoning process results in a
noticeable drop in accuracy, particularly on CR concepts, where rule verification is essential
for resolving complex visual-textual ambiguities. Overall, removing either the meta-reward
or the meta-reasoning component consistently reduces performance, demonstrating that both
reward design and reasoning verification are necessary for stable rule induction and robust
generalization.

Training Strategy. We further compare one-stage reinforcement learning with the proposed
two-stage training scheme. The two-stage setting achieves higher overall performance and more
stable results across CI, CD, and CR concepts, confirming the importance of initializing the
model with supervised instruction alignment before reinforcement learning.

5 Conclusion

We present ConceptSeg-R1, a unified framework for generalized concept segmentation across
context-independent (CI), context-dependent (CD), and context-reasoning (CR) concepts. By
introducing rule-induced concept grounding and reference-conditioned reasoning, ConceptSeg-
R1 enables segmentation to adapt to diverse contextual and reasoning requirements beyond
static category recognition. Extensive experiments demonstrate strong performance across a
wide range of natural, industrial, medical, and reasoning-intensive scenarios, while preserving
native capability and efficiency of promptable segmentation backbones. As an initial step
toward segmenting any concept, ConceptSeg-R1 provides a practical baseline for advancing
segmentation from object-level prediction toward concept-level understanding. We hope this
work will encourage future research on unified concept segmentation, particularly in more
complex multi-modal and real-world settings.
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A Concept Definition

We provide formal definitions and boundary conditions for the three levels of concept complexity
used throughout the paper: context-independent (CI), context-dependent (CD), and context-
reasoning (CR) concepts. These definitions aim to clarify the semantic scope of each concept
category by characterizing the source of concept identity: intrinsic attributes for CI concepts,
contextual relations for CD concepts, and higher-order reasoning structures for CR concepts.

A.1 Context-Independent Concepts (Cl)

A concept is defined as context-independent if its identity can be determined primarily by
intrinsic visual appearance and semantic attributes, without requiring explicit reasoning about
surrounding context or relationships. Typical examples include common object classes, man-
made artifacts, and fine-grained biological species. CI concepts correspond to appearance-driven
recognition and represent the baseline level of perception in generalized segmentation. Formally,
a segmentation target belongs to the CI category if the mapping between an input image x and
its segmentation output y can be determined from a single observation:

y = fonx” (10)

In this setting, the target concept has a self-contained semantic identity. The prediction does
not depend on external reference images, relational constraints, or logical inference beyond
appearance-based recognition.

A.2 Context-Dependent Concepts (CD)

A concept is defined as context-dependent if its identification requires understanding relation-
ships between the target and its surrounding environment. These relationships may involve
foreground-background contrast, transparency, occlusion, or domain-specific context such as
industrial anomalies or medical lesions. In contrast to CI concepts, the identity of the target
cannot be determined solely from intrinsic appearance, but instead emerges from its interaction
with environmental context. Representative examples of CD concepts include saliency, where
the target stands out from the background; camouflage, where the target blends into its sur-
roundings; transparency or shadows, where the target appearance is altered by contextual visual
interactions; industrial anomalies, whose definition depends on manufacturing conditions and
requirements; and medical lesions, which must be interpreted relative to anatomical context.
Formally, the segmentation of a CD concept depends on the contextual structure in which the
concept is semantically situated:

y = fep.x, G (11)

where C, denotes contextual information within the image, such as background structure, spatial
relationships, or domain-specific conditions. The role of C, is not merely auxiliary. It is part of
the semantic definition of the concept itself. This formulation emphasizes that the segmentation
decision relies on relational perception rather than isolated object recognition.

A.3 Context-Reasoning Concepts (CR)

A concept is defined as context-reasoning if its semantic identity is specified by higher-order
reasoning structures, such as cross-instance correspondence, scene differences, temporal relations,
or other rules derived from reference information. Unlike CD concepts, whose identities arise
from local or domain-specific relations within an environment, CR concepts are defined
by abstract relational rules that may span multiple observations, modalities, time steps, or
logical constraints. Typical reasoning scenarios include consistency reasoning to establish
correspondences across multiple images, difference reasoning to identify changes between
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scenes, logical reasoning to determine functional relationships, and spatio-temporal reasoning to
track objects across time or viewpoints. These represent the higher level of cognitive complexity
in the proposed taxonomy because their identities are not directly tied to fixed appearance or
local context, but to inferred relational structures. Formally, the semantic specification of a CR
concept can be expressed as a two-step process of rule abstraction and application:

= .,m 1,My,..., mk” (12)
Y = fcraX, " (13)

where fm 1, my, ..., mrgdenotes a set of mixed-type reference inputs (such as support images
and guiding texts). ,” denotes the reasoning operator that abstracts these references into a
defining rule , and fcr, " applies this rule on the target input x. This formulation explicitly
captures the rule-defined nature of CR concepts.

A.4 Unified Concept Definition from the CR Perspective

From the perspective of CR concepts, the preceding CI, CD, and CR formulations can be
unified by treating as the variable component that determines the source of concept identity.
Specifically, the general rule-based formulation in equation (13) can be extended to all three
concept levels by defining as follows:

%; for CI concepts % ferx, )
= _C, for CD concepts ) y = 3 fepwx, C7 (14)

§m 1,my,...,mg” for CR concepts Zfcr X, sm o1,mp, ..., mg”

Here, ; indicates that no additional defining rule is introduced.

A.5 Prompt-Based Instantiation of Concept Rules

The unified formulation above provides a direct motivation for the prompt-based design of our
model. While specifies the intrinsic concept source of semantic identity, our model instantiates
it dynamically through a prompt-conditioned rule derived from visual references and textual
guidance. As stated in § 3.2, given a target image | and a textual prompt T , we construct a
visual reference set R. The concept rule is then obtained by:

= ,RT" (15)
y=rfal" (16)

where ,” instantiates the prompt-conditioned rule from the reference inputs, and f, , ” applies
this rule to the target image. A critical question arises: How can a unified framework accommodate
such divergent abstraction levels, ranging from isolated appearance filtering to complex logical deduction?
This is achieved by formulating textual instructions and visual references as complementary
sources for concept rule induction.

3

Instead of pre-defining separate relational structures for different concept categories, the same
formulation = ,R,T” allowstheinducedrule to varyaccording to the semantic or reasoning
demand specified by T . Based on the aforementioned concept definitions, this prompt-based
formulation therefore manifests as three distinct rule induction demands under a unified
framework. Here, { denotes the expected implicit abstraction behavior induced by the unified
operator ,,” , rather than an explicitly pre-constructed input structure. The symbol $ is used to
indicate the intended semantic interaction or relational dependency between different sources,
rather than a specific architectural operation.

For CI concepts, the rule induction is strictly object-centric and focus on object-level appearance
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abstraction. The textual instruction T %™ provides the semantic anchor, while the reference
objects fo igf\i , from visual references R = fv igf.i , provide appearance evidence of the target
concept. Under this demand, the induced rule should emphasize the shared intrinsic
appearance of the target objects:

a= R T {T *"sfo gl (17)

For CD concepts, the rule induction shifts from isolated object appearance to intra-sample
contextual abstraction. The semantic instruction T **™ acts as a relational query that specifies
the contextual pattern to be identified. Under this demand, the induced rule should capture
how the target foreground o; is defined through its interaction with the environmental context
C,;, and distill the invariant contextual dependency across references:

0= R T=™ {T *™gfo ;$C, g, (18)

For CR concepts, the rule induction further shifts toward complex relational rule deduction
across the entire reference set. The reasoning instruction T " specifies the task demand and
conceptual premise of the target rule. Under this demand, the induced rule should be derived
from the joint interpretation of the reasoning instruction and the available visual references
fo igfil B

R= RR,T™{T ™8 018028 $v y (19)

When multiple visual references are available, this rule induction may involve inter-sample
relational reasoning aligned with the reasoning instruction. When only a single reference
image is available, the inter-sample relation naturally degenerates, and the rule is constructed
primarily from the text-defined reasoning premise while being grounded by the available
visual evidence.

This framework explains how the identical cross-modal architecture can adapt its rule induction
behavior under different concept complexities. It shifts fluidly from object-level appearance
abstraction (CI), to intra-sample contextual abstraction (CD), and ultimately to complex relational
rule deduction (CR), thereby supporting a unified modeling of highly heterogeneous concept
categories.

A.6 Visualizing Dependency and Reasoning Conditions

CI concepts, such as people, vehicles, or ships, are relatively stable and environment-invariant,
making their identities straightforward to determine from intrinsic appearance alone. In
contrast, CD or CR concepts require additional forms of dependency beyond object identity. As
shown in Fig. 6, several representative CD and CR concepts are illustrated together with the
conditions that distinguish them as different concept categories. CD concepts primarily rely
on foreground-background dependence, where the target’s visibility and concept identity are
determined by its relationship to the surrounding context. For instance, camouflage is defined by
visual similarity between the target and its background, transparency depends on background
refraction and scene composition, industrial anomalies are determined through comparison
with the structural regularity of the product body, and medical lesions become identifiable only
under imaging conditions relative to surrounding healthy tissue. These examples demonstrate
that CD targets often lack clear semantic meaning in isolation and can be reliably identified only
through contextual contrast. CR concepts require multi-hop reasoning across entities, relations,
and attributes. Identification is achieved through a sequential inference process that integrates
visual and textual cues. For instance, locating a “pure black dog sitting under the tree” requires
first grounding the tree, establishing the spatial relation “under”, and then filtering by the
attribute “pure black”. Similarly, tasks such as logical compatibility, functional equivalence, or
temporal consistency depend on reasoning over relationships rather than visual contrast alone.
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Figure 6. Visual comparison between CD and CR Concepts.

B Hierarchical Concept Segmentation Benchmark Suite

We curate a hierarchical concept segmentation benchmark suite to evaluate the out-of-distribution
generalization of ConceptSeg-R1 across CI, CD, and CR concepts. As summarized in Tab. 5, this
suite integrates a series of existing benchmarks and is organized into a training split for rule
induction and an evaluation split structured according to the proposed CI/CD/CR taxonomy.
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Table 5. Concept segmentation dataset overview. “*” denotes re-organized or modified datasets (§ B).

Concept Dataset #Images Description

Training Split  (Total: 42,860 images)

D Saliency DUTS-TR [36] 10,548 Large-scale salient object, diverse natural scenes
Camouflage =~ COD10K-TR [37] 4,040 Camouflaged animals/objects in natural habitats
FSS-1000R [38] 10,000 Few-shot segmentation, diverse object classes
CR Consistency MGrounding?* [39] 9,102  Reasoning to identify co-existing objects across images
CoSOD3K [40] 3,316 Co-salient objects in relevant image groups
Difference  MGrounding* [39] 5854  Reasoning to identify distinct objects between images

Evaluation Benchmark  (Total: 29,696 images)
Living Classes COCO20i* [41] 1,700 (17 Classes) Common living object classes for base segmentation
a Artifact Classes COCO20i* [41] 6,244 (63 Classes) Man-made artifact categories in complex scenes
Fine-grained Classes iNaturalist* [6] 5,325 (2,537 Classes) Fine-grained species recognition localization
Ultra Rare Classes iNaturalist* [6] 52 (26 Classes) Long-tail distribution, extremely rare species
Optical Property (Transparency) Trans10K [42] 4,428 Transparent object segmentation in real scenes
Optical Property (Shadow) SBU [43] 638 Shadow detection and reflection surface analysis
Camoulflage COD10K-TE [37] 2,026 Held-out camouflaged object evaluation split
CD Saliency DUTS-TE [36] 5,017 Standard salient object detection test split
Industrial Anomaly ESDIs-SOD* [44] 717 (12 classes) Surface defects in diverse industrial materials
Polyp Lesion ~ Colon Polyp [45] 798 Clinical colonoscopy images for polyp detection
Breast Lesion BUSI [46] 161 Breast Ultrasound images (Normal, Benign, Malignant)
Skin Lesion ISIC18 [47] 808 Skin lesion analysis and dermoscopy segmentation
Common Consistency MIG* [39] 477 Identify shared concepts among diverse images
Correspondence Consistency MIG* [39] 84 Semantic matching and pixel-level correspondence
Reference Consistency MIG* [39] 93 Locate targets based on specific reference prompts
CR Static Difference MIG* [39] 187 Discriminate varied objects from reference set
View Difference MIG* [39] 85 Identify changes across different viewpoints
Logical Rationality MIG* [39] 89 High-level logical inference and attribute mapping
Cross-View Spatio-temporality MIG* [39] 224 Consistency across multi-angle scene captures
Cross-Frame Spatio-temporality MIG* [39] 543 Dynamic reasoning for temporal object persistence

Table 6. Additional evaluation benchmarks. Generic segmentation benchmarks evaluate whether
ConceptSeg-R1 preserves the native segmentation capability inherited from SAM 3, while reasoning-
oriented benchmarks assess external reasoning-grounded segmentation ability.

Concept Task Dataset #Images Purpose
CI Urban Scene Semantic Segmentation Cityscapes [22] 500 (19 Classes) Scene-level robustness

. . ReasonSeg-Val [17] 200 Evaluation of basic reasoning logic
CR Reasoning Segmentation ReasonSeg-Test [17] 779 Intricate reasoning and world knowledge

In addition, we introduce supplementary evaluation benchmarks in Tab. 6.

Training Sets. The training split focuses on CD and CR concepts, since SAM 3 already provides
strong native capability for many CI concepts. For CD concepts, we use salient object detection
and camouflaged object detection as a reciprocal pair to strengthen foreground-background
contrast perception. For CR concepts, we use consistency reasoning and difference reasoning
datasets to encourage the model to distinguish shared patterns from discriminative variations
across images. This design encourages ConceptSeg-R1 to learn transferable rules while preserving
the inherent segmentation ability of the SAM 3 backbone.

Dataset Reconstruction. We detail the reconstruction and modification of existing datasets (“*”
in Tab. 5) to construct our benchmark:

COCO20i [41]: We manually partition data classes into Artifact and Living Classes. For each
class, we randomly sample up to 100 images. For the classes with fewer than 100 images, all
available samples are included.

iNaturalist [6]: Classes are stratified into Fine-grained and Ultra Rare Classes based on SAM 3’s
prediction confidence. The bottom 1% of classes by confidence are designated as Ultra Rare.
For each class, we sample 10% of the images, ensuring a minimum of two images per class.
ESDIs-SOD [44]: We preserve most classes with precise annotations and discard the 3" and
5t classes due to their diffuse and loosely distributed labeled areas, which do not meet our
quality standards.
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MGrounding [39]: We repurpose the MGrounding dataset by elevating its bounding box
annotations to pixel-level masks via SAM 3.

MIG [39]: Based on the multi-task grounding framework in MIG, we convert bounding
boxes into high-quality masks via SAM 3 and manually filter out low-quality samples. A
rigorous manual audit was conducted to prune instances with ambiguous boundaries or
low-quality masks, ensuring a clean and dense supervision signal for the concept query
learning. To construct our reasoning-heavy benchmark, we systematically adapted the original
MIG grounding tasks into eight segmentation sub-tasks:

Common Consistency from Common Object Grounding;

Correspondence Consistency from Correspondence Grounding;

Reference Consistency from Referring Grounding;

Static Difference from Static Difference Grounding;

View Difference from View Difference Grounding;

Logical Rationality from Reasoning Grounding;

Cross-View Spatio-temporality from Multi-View Grounding;

8. Cross-Frame Spatio-temporality from Object Tracking.

NG LN

Evaluation Benchmark. The main evaluation benchmark in Tab. 5 is organized into three levels

of cognitive complexity to decouple intrinsic recognition from context-aware and reasoning-
intensive segmentation. CI concept segmentation tasks evaluate appearance-driven recognition,
including common classes, artifact classes, fine-grained classes, and ultra-rare long-tail concepts.
CD concept segmentation tasks evaluate optical properties, camouflage, saliency, industrial
anomalies, and medical lesions, where targets are defined by their relations to the environment.
CR concept segmentation tasks evaluate multi-step visual-textual reasoning, including consis-
tency, difference, logical rationality, and spatio-temporality, requiring cross-image dependencies
or higher-order relational understanding. This hierarchy provides a unified protocol for assessing
generalized concept segmentation across perception, contextual understanding, and reasoning.

Supplementary Evaluation. Asshown in Tab. 6, we further introduce several external benchmarks
to provide a broader evaluation of ConceptSeg-R1. These benchmarks can still be interpreted
within our concept framework, but we report them in their original benchmark form rather than
further subdividing them by concept category, so as to examine performance preservation and
facilitate comparison with existing methods under existing used evaluation protocols. Specifically,
in Tab. 2, we evaluate the model on Cityscapes [22], a generic segmentation benchmark that
conforms to our CI concept definition, as its semantic categories are primarily determined
by stable visual semantics. This evaluation verifies that reasoning-oriented training does not
compromise the general-purpose, Cl-style segmentation ability inherited from SAM 3. We also
include ReasonSeg-Val/Test [17] as an external reasoning-grounded segmentation benchmark
in Tab. 3. ReasonSeg mainly evaluates single-image reasoning-grounded segmentation with
textual instructions, and can be viewed as a CR-style evaluation closely related to logical
rationality.

C Implementation Details

Our training process consists of two primary stages: supervised fine-tuning for alignment and
cognitive reinforcement learning for reasoning optimization. All experiments are conducted
using the AdamW [48] optimizer with a linear learning rate scheduler, where reference and
reasoning images are uniformly resized to 600 600 pixels. To ensure reproducibility, the random
seed is fixed at 42.
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Table 7. Hyper-parameters configuration.

(a) Stage 1: Supervised Fine-Tuning. (b) Stage 2: Cognitive Fine-Tuning.
Configuration Value Configuration Value
Training Epochs 20  Training Epochs 2
Batch Size 128  BatchSize 64
SAM 3 Image Size 1008 1008 ~ SAM3Image Size 1008 1008
Learning Rate 3 10 ° Lear.rupg Rate 110
Optimizer AdamW Optimizer AdamW

ptm } Learning Rate Scheduler Linear
Learning Rate Scheduler Linear . = Prompt Length 2048
Max Prompt Length 2048 pfax Completion Length 768
Max Completion Length 768 Concept Query Length (L») 8
Concept Query Length (L) 8  GRPO Group Size (G) 8
GRPO Beta () 0.04  GRPO Beta () 0.04
Trainable Parameters CTM Trainable Parameters MLLM, CTM
Random Seed 42  Random Seed 42

C.1 Stage 1: Supervised Fine-Tuning

In the first stage, we focus on aligning the multi-modal reasoning capabilities with the concept
translation module (CTM). We employ an image resolution of 1008 1008 for the SAM 3 backbone
and 600 600 for reference images. During this stage, only the parameters of the CTM are
updated. Detailed hyper-parameters are provided in Tab. 7a.

C.2 Stage 2: Cognitive Reinforcement Learning

In the second stage, we utilize Meta-GRPO to enhance the model’s deductive reasoning and
rule-following abilities. The learning rate is reduced to 1 10 © to maintain training stability. We
jointly optimize the MLLM and the CTM. For each prompt, we sample a group of G = 8 outputs
to calculate the relative advantage within GRPO. The detailed configurations are summarized in
Tab. 7b.

D Prompt Templates

In this section, we detail the structured prompt templates employed in ConceptSeg-R1. To
bridge the gap between low-level visual features and high-level conceptual reasoning, we adopt
a hierarchical instruction format that organizes input signals into Support, Proxy, and Query
components.

D.1 Standard Instruction Template

Our template is designed to elicit explicit chain-of-thought (CoT) rationales before generating
spatial coordinates. The system prompt enforces a strict rule-induction protocol, requiring the
model to verify induced rules on a specific sub-region (the “Check” step) before finalizing the
target localization.

System Prompt & Template

Instruction: Your task is to locate the object matching problem in the target image.

Reference Image: Bounding boxes provided at reference_boxes.
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Target Image: The image for grounding.

Protocol: Think through the reasoning process in your mind, induce the visual rule and check it by
locating the missed bounding box in the reference image, apply this rule to locate the corresponding
object in the Target Image.

Output strictly in the following format: <think>[Your step-by-step analysis and reasoning]</think>
<rule>Visual rule of the reference targets</rule> <check>[x1, y1, x2, y2]</check> <bbox>[x3, y3,
x4, y4]</bbox> <answer>concise noun phrase for target object</answer>

D.2 Token Representations and Semantic Placeholders

To ensure the multi-modal large language model (MLLM) correctly interprets the input data, we
define the following special tokens and placeholders:

[problem] : A natural language query or conceptual description (e.g., “the most fragile object”).
[reference_boxes] : Normalized coordinates »Xin, Ymin, Xmax, Ymax - Lepresenting the Support
set targets.

<think> : Dedicated tags for the Reasoning-Chain (CoT), incentivized via GRPO to perform
rule induction.

<rule>: A concise linguistic abstraction representing the relational mapping between the
reference and target images. It encapsulates the underlying logic of the task (e.g., identity,
difference, or functional scaling).

<check> : A diagnostic bounding box used to verify the induced rule on the reference image’s
“proxy query”.

<bbox>: The final predicted coordinates for the Target Image.

<answer> : A brief, 1-3 word noun phrase identifying the segmented concept to ensure linguistic
grounding, which are subsequently passed to the Segment Anything Model (SAM 3).

D.3 Compositional Sensitivity and Mosaic Processing

The template is highly adaptive to various input configurations and data augmentations:

Support/Proxy Scaling (K2-shot): The template dynamically accommodates K? support
samples. As K increases, the [reference_boxes] list expands, facilitating complex cross-
instance comparisons.

Reference Image Mosaic Strategy: To handle multi-image context within a fixed window,
reference images are organized into a K K mosaic. Each image is resized to a specific
sub-region (e.g., 1/2 size fora2 2 grid). Original masks and bounding box coordinates
undergo a corresponding scale transformation to fit the new mosaic layout.

Global Coordinate Normalization: All spatial coordinates within the template are globally
normalized relative to the entire mosaic canvas. This ensures a consistent spatial reference
frame for rule induction and proxy verification across diverse aspect ratios.

Proxy Query Presence: The template facilitates toggling the “Proxy Query” (i.e., the inten-
tionally omitted bounding box in the reference image). When activated, it functions as an
intermediate reasoning anchor for rule verification. In single-reference scenarios, the model
directly induces the task rule and proceeds to localize the target object.

E Comprehensive Quantitative Results

In this section, we provide a comprehensive performance comparison between ConceptSeg-R1
and existing methods.

Metrics: Beyond the metrics discussed in the main text, we introduce four additional evaluation
metrics: Mean Absolute Error (MAE), Balance Error Rate (BER), S-measure (S;,), and Mean Dice
(mDice). These metrics validate the superior performance of ConceptSeg-R1 across multiple
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Table 8. Per-dataset results and mean performance.

CI Concepts CD Concepts CR Concepts
Living | Artiact - Fine grained - Ul Rare Optcal Property  Comouflage Saliency ! Folyp - Breast - Skin Consistency Difference  Rationality  Spatio-temporality
Classes  Classes  Classes Classes i ¥ Anomaly Lesion  Lesion  Lesion Y
Metric  COCO20i  COCO20i iNaturalist  iNaturalist ~ Mean SBU Transl0K CODIOK-TE DUTSTE  ESDIs-SOD  Colon Polyp BUSI ISICIS Mean Common Correspondence Reference  Static  View Logical View Frame ~Mean
SAM 3 [6]
MAE # 220 1.98 0.50 057 131 610 3.75 23.55 1643 10.55 2488 1201 50.53 18.48 - - - - - - - - -
BER # 6.37 7.93 170 187 447 13.03 4.60 23.32 3219 22.79 36.26 2191 37.99 24.01 - - - - - - - - -
S 86.28 80.11 96.03 9572 89.54 79.67 91.46 51.28 38.06 51.48 17.46 4957 41.86 52.60 - - - - - - - - -
Sm " 87.73 82.14 93.50 9591 89.82 79.30 91.23 62.59 58.46 66.22 4550 67.35 37.00 63.46 - - - - - - - - -
mIoU " 88.66 85.40 96.74 96.47 91.82 81.49 91.34 61.43 58.97 66.17 4491 6553 3631 63.27 - - - - - - - - -
mDice " 87.23 81.58 96.07 95.86 90.19 80.70 92.87 54.44 39.70 53.11 21.61 53.79 4834 5557 - - - - - - - - -
LENS-3B [16]
MAE # 6.49 4.16 123 096 321 1525 14.80 6.17 6.08 19.47 1058 923 1335 11.87 20.07 10.36 8.33 1401 589 690 492 312 9.20
BER # 16.86 17.00 249 232 9.67 3233 18.25 18.74 12.98 32.45 2045 2337 13.60 21.52 40.14 29.65 33.31 35.60 32.53 40.86 37.01 14.88 33.00
FS" 64.18 55.70 89.98 87.74 74.40 43.20 68.88 58.08 76.90 51.34 4991 4408 7391 58.29 28.41 20.87 30.77 2228 2898 1952 2573 6161 29.77
Sm " 73.94 71.81 92.23 90.83 82.20 58.15 72.46 73.15 81.72 61.38 68.78 65.12 76.63 69.67 48.64 53.93 5894 5217 59.93 5354 58.03 77.82 57.88
mIoU " 74.29 72.51 92.39 91.71 8273 58.85 71.91 73.08 81.05 60.17 67.72 65.00 74.68 69.06 51.08 54.43 60.04 53.10 60.43 55.08 58.76 77.63 58.82
mDice " 65.58 57.98 91.43 89.17 76.04 43.90 70.24 60.42 77.15 50.38 53.42 4855 7524 59.91 28.18 24.01 3252 24.88 30.60 2052 26.85 6412 31.46
Seg-Zero-7B [15]
MAE # 291 2.57 0.62 0.49 1.65 13.50 9.31 5.89 10.58 26.92 1532 800 1200 12.69 23.53 7.86 817 763 3.67 917 613 7.99 9.27
BER # 7.99 10.57 197 1.39 5.48 26.32 10.25 11.35 9.49 28.39 20.82 19.94 19.12 1821 4347 471 4299 4642 4883 46.11 4737 4823 46.02
ol 82.80 73.28 95.10 96.03 86.80 54.33 79.81 74.95 72.76 5143 5118 56.24 7331 64.25 22.25 7.20 18.89 932 172 9.80  7.50 6.80 10.44
S " 85.62 79.19 95.31 93.58 88.43 63.33 81.54 82.06 80.26 58.20 67.27 7164 7520 72.44 43.96 4747 5234 4779 47.16 47.88 48.03 4695 47.70
mIoU " 86.29 81.63 95.91 96.47 90.08 65.00 81.21 81.11 78.56 57.12 6572 70.70 73.07 71.56 45.74 49.19 53.89 49.54 48.78 4929 4971 4879 49.37
mDice " 83.81 75.18 95.46 96.31 87.69 56.05 82.95 76.82 76.34 52.36 5429 59.77 7280 66.42 24.45 8.09 1950 997 217 10.64  7.89 7.26 11.25
SAM3-Agent-3B [6]
MAE # 7.33 598 4.83 278 523 1622 16.75 11.52 9.61 17.19 14.84 2357 51.88 20.20 16.47 4.69 332 482 337 696 201 5.41 5.88
BER # 26.56 33.89 17.40 1321 22.77 3348 24.57 29.37 23.35 4522 46.66 4140 5846 37.81 34.68 18.99 30.53 29.55 32.22 3148 21.13 4423 30.35
S 45.11 34.53 66.11 74.84 5515 40.80 54.17 45.36 59.47 20.59 10.06 19.92 2123 33.95 25.78 118 3400 144 470 2028 976 1054 13.46
Sm" 62.60 61.68 77.84 8430 71.61 57.62 65.94 64.91 72.08 49.20 4724 4671 2540 53.64 50.13 17.35 60.90 2815 3391 46.40 28.84 50.82 39.56
mIoU " 62.51 62.05 79.91 8492 7235 5822 65.75 64.76 72.07 49.14 47.03 46.28 30.95 54.30 50.66 17.75 61.04 28.03 33.81 46.90 29.03 51.92 39.89
mDice " 44.82 34.38 65.89 74.67 54.94 40.98 55.03 45.87 59.08 19.12 1039 21.04 2278 34.29 25.95 148 3394 138 453 2048 975 11.20 13.59
SAM3-Agent-7B [6]
MAE # 4.44 3.35 0.98 0.97 244 10.09 10.64 10.20 7.75 22.64 2094 2567 57.19 20.64 9.43 2.65 315 563 282 375 071 722 442
BER # 18.69 20.96 7.26 473 12.91 23.66 13.98 23.32 16.03 40.25 45.07 35.83 61.10 32.53 19.24 20.78 3145 2837 31.34 28.62 1219 3822 26.28
F$ " 68.32 60.60 86.31 91.79 76.76 61.33 75.21 58.86 7443 3145 17.30 3248 2550 47.07 47.39 1.38 31.37 25.05 2829 2925 1376 1316 23.71
S " 77.23 73.45 88.72 9336 83.19 68.84 78.69 71.79 80.10 48.85 4713 5115 2264 5859 59.24 19.97 59.78 48.52 56.63 5278 2335 4951 46.22
mIoU " 7746 7498 91.61 94.11 8454 7025 7844 71.65  80.20 49.03 4691 5070 29.93 59.64  60.00 20.62 59.89 4887 57.39 5326 2390 50.29 46.78
mDice " 67.88 60.56 86.20 91.58 76.56 60.99 76.44 59.25 74.04 30.36 17.97 3342 2688 47.42 47.65 1.65 3144 2535 2837 29.03 1354 1501 24.01
ConceptSeg-R1-3B
MAE # 227 217 0.40 0.49 133 610 3.73 2.52 418 10.97 637 693 836 6.15 5.87 1141 199 995 236 655 431 135 547
BER # 6.38 813 1.03 163 429 13.03 4.60 6.98 4.66 18.28 16.60 14.82 10.63 11.20 9.92 18.33 10.14 2124 19.66 28.06 2693 584 17.52
S 86.17 79.93 96.92 96.45 89.87 79.82 91.57 83.65 88.96 61.52 58.96 66.75 81.14 76.55 80.11 34.59 77.07 49.68 55.78 46.57 4990 7951 59.15
S " 87.52 81.80 93.65 96.07 89.76 79.22 91.12 88.19 90.80 7159 75.09 77.54 8296 82.06 84.80 60.03 8553 67.34 73.14 6749 69.62 8749 74.43
mIoU " 88.55 85.20 97.38 96.87 92.00 81.56 91.37 87.65 90.47 7097 7431 7633 8150 81.77 85.77 59.69 8557 6821 7541 68.49 70.24 88.05 75.18
mDice " 87.09 81.36 97.16 96.61 90.56 80.84 92.94 84.87 89.74 62.57 61.40 69.92 8155 77.98 81.39 38.67 78.24 51.85 56.80 47.03 4995 81.83 60.72
ConceptSeg-R1-7B
MAE # 217 2.19 0.39 0.43 130 6.06 3.74 218 1.92 9.35 611 587 758 535 4.80 5.23 165 397 218 322 3.01 1.01 3.13
BER # 6.46 8.68 0.98 1.09 430 13.00 4.61 6.93 278 17.59 1510 1542 1040 10.73 8.23 19.47 11.10 1626 24.33 19.38 21.79 548 15.82
F$ 86.86 79.39 96.56 96.76 89.89 79.84 91.57 84.75 92.65 66.67 65.01 69.56 8222 79.03 83.42 49.81 77.13 64.98 48.99 60.22 5812 81.39 65.51
Sm " 87.63 81.73 96.05 93.62 89.76 79.22 91.11 88.75 93.65 74.47 78.50 79.39 83.93 83.63 86.99 68.03 8525 76.41 70.18 76.27 7396 8875 78.23
mIoU " 88.77 85.32 97.19 9724 9213 81.57 91.37 88.28 93.53 74.10 7720 7817 8248 83.34 87.87 69.60 8553 77.80 72.12 76.69 7447 89.14 79.15
mDice " 87.18 80.76 96.88 96.99 90.45 80.85 92.94 85.76 93.19 67.04 66.57 71.31 82.63 80.04 84.71 52.03 77.72 6592 49.48 61.56 58.68 83.02 66.64

Table 9. Ablation study of reward components in ConceptSeg-R1-3B. Results are averaged over all
concepts in CI, CD, and CR under all evaluation metrics.

CI Concepts CD Concepts CR Concepts

Method MAE # BER # F®" S, " mIoU" mDice " MAE # BER# F®" S," mIoU" mDice" MAE# BER# F®" S," mIoU" mDice

w/obox & meta 156 478 89.81 89.29 91.70 90.33 743 11.22 7585 80.94 80.67 77.56 944 1865 4744 6770 67.69 51.05
w/omask Ryask 155 469 89.82 89.31 9173 90.38 6.73 10.89 76.82 8174 8148 78.57 691 1756 5405 7145 71.84 56.68
All Reward 1.33 429 89.87 89.76 92.00 90.56 615 1120 76.55 82.06 81.77 77.98 547 17.52 59.15 7443 75.18 60.72

dimensions, including pixel-level precision, error distribution, and structural similarity, where
higher values are better for S, and mDice, while lower values are preferred for MAE and BER. All
results are reported in percentage (%).

Results: To evaluate model robustness across the cognitive spectrum, we report comprehensive
results for the CI, CD, and CR concepts, as shown in Tab. 8. We provide a granular per-
dataset breakdown for existing methods and our ConceptSeg-R1, complemented by the mean
performance calculated for each concept category at the dataset level. This extensive reporting
provides a transparent view of how different architectures handle specific domain challenges,
e.g., long-tail distributions in CI or complex spatial constraints in CD. The results consistently
demonstrate that ConceptSeg-R1 outpaces representative models like LENS, Seg-Zero, and
SAMB3-Agent variants across most benchmarks. The rationale behind this superior performance
lies in our the Meta-GRPO reinforcement learning strategy and Concept Translation. Specifically,
while conventional models often struggle with domain shifts, our framework utilizes rule
induction to extract transferable knowledge from reference samples and deductive reasoning to
maintain high precision in zero-shot scenarios. The inclusion of metrics like mDice and S, further
highlights that our model not only identifies the correct objects but also maintains superior
structural integrity and boundary accuracy in complex environments.
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Table 10. Ablation study of Shortcut Router between SAM 3 and the reasoning branch in ConceptSeg-R1-
3B. The routing rate denotes the proportion of samples directly processed by SAM 3.

F$ " mIoU "

Concept Routing Rate (%) SAM 3 Only Full Reasoning Adaptive Reasoning ~ Gains SAM 3 Only Full Reasoning Adaptive Reasoning  Gains

ClI Concepts
Living Classes 97.60 86.28 72.45 86.17 +13.72 88.66 80.54 88.55 +08.01
Artifact Classes 96.10 80.11 61.91 79.93 +18.02 85.40 75.56 85.20 +09.64
Fine-grained Classes 86.50 96.03 96.65 96.92 +00.27 96.74 97.24 97.38 +00.14
Ultra Rare Classes 7.70 95.72 95.58 96.45 +00.87 96.47 96.37 96.87 +00.50

CD Concepts
Optical Property (Shadow) 99.50 79.67 43.45 79.82 +36.37 81.49 58.50 81.56 +23.06
Optical Property (Transparency) 99.90 91.46 69.70 91.57 +21.87 91.34 74.37 91.37 +17.00
Camouflage 8.40 51.28 83.94 83.65 -00.29 61.43 87.96 87.65 -00.31
Saliency 0.00 38.06 88.96 88.96 0.00 58.97 90.47 90.47 0.00
Industrial Anomaly 0.00 51.48 61.52 61.52 0.00 66.17 70.97 70.97 0.00
Polyp Lesion 0.00 17.46 58.96 58.96 0.00 4491 74.31 74.31 0.00
Breast Lesion 0.70 49.57 66.90 66.75 -00.15 65.53 76.52 76.33 -00.19
Skin Lesion 0.00 41.86 81.14 81.14 0.00 36.31 81.50 81.50 0.00

CR Concepts
Common Consistency 0.00 - 80.11 80.11 0.00 - 85.77 85.77 0.00
Correspondence Consistency 0.00 - 34.59 34.59 0.00 - 59.69 59.69 0.00
Reference Consistency 0.00 - 77.07 77.07 0.00 - 85.57 85.57 0.00
Static Difference 0.00 - 49.68 49.68 0.00 - 68.21 68.21 0.00
View Difference 0.00 - 55.78 55.78 0.00 - 75.41 75.41 0.00
Logical Rationality 0.00 - 46.57 46.57 0.00 - 68.49 68.49 0.00
Cross-View Spatio-temporality 0.00 - 49.90 49.90 0.00 - 70.24 70.24 0.00
Cross-Frame Spatio-temporality 0.00 - 79.51 79.51 0.00 - 88.05 88.05 0.00

F Reward Configuration Evaluation

We conduct reward ablation experiments to analyze the contribution of different reward
components in ConceptSeg-R1-3B, including mask reward, box reward, and meta reasoning
reward. As shown in Tab. 9, removing either the box & meta reward or the mask reward
consistently degrades performance across CI, CD, and CR concepts. Among all settings,
the full reward formulation achieves the best overall performance on nearly all metrics. In
particular, removing the box and meta reward leads to a significant performance drop on CR
concepts, indicating that structural grounding and reasoning-aware supervision are critical for
complex reasoning segmentation. Meanwhile, removing the mask reward mainly affects CI and
CD concepts, demonstrating the importance of pixel-level spatial supervision for perception-
oriented segmentation. These results suggest that the different reward components provide
complementary optimization signals, jointly improving spatial accuracy, structural consistency,
and reasoning correctness in generalized concept segmentation.

G Routing Strategy Evaluation

In Tab. 10, we compare three routing strategies: always using the direct SAM 3 segmentation
pathway (SAM 3 only), always executing the full reasoning pipeline (Full Reasoning), and
the proposed adaptive routing strategy (Adaptive Reasoning). The results demonstrate that
adaptive routing effectively balances efficiency and reasoning capability across different concept
regimes. On CI concepts, where strong reasoning is unnecessary, the adaptive strategy achieves
performance comparable to the direct SAM 3 pathway while consistently outperforming the full
reasoning pipeline, indicating that the router preserves the native segmentation capability of
SAM 3 without introducing unnecessary reasoning overhead. More importantly, the routing
behavior adapts to task complexity within the CI regime. For relatively simple categories such
as living and artifact classes, the routing rate remains above 95%, and the adaptive performance
matches the direct SAM 3 results. In contrast, for more challenging categories such as fine-
grained and ultra rare classes, an increasing portion of samples is routed to the reasoning
branch. Specifically, on fine-grained classes, both “Full Reasoning” and “Adaptive Reasoning”
outperform the “SAM 3 Only”, indicating the benefit of reasoning for subtle visual distinctions.
On ultra rare classes, “Full Reasoning” alone slightly underperforms “SAM 3 Only”, whereas
the proposed “Adaptive Reasoning” consistently achieves the best performance. These results
demonstrate that the router dynamically balances perception and reasoning according to task
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Figure 7. Impact of the concept query length (L) on concept segmentation benchmarks. Results for mIoU
and F® are reported as dataset-level averages.

difficulty. On CD concepts, the adaptive strategy yields substantial improvements over always
reasoning, particularly in shadow and transparency concepts, where gains of up to +0.23 mIoU
are observed. A closer inspection reveals distinct routing patterns across different CD concept
understanding tasks. For shadow and transparency concepts, the direct SAM 3 pathway already
achieves strong performance and significantly outperforms the “Full Reasoning”, indicating
that these tasks primarily depend on accurate visual perception rather than complex reasoning.
In contrast, for other CD concepts, the “Full Reasoning” consistently surpasses the “SAM 3
Only”, demonstrating the necessity of contextual reasoning in these scenarios. Importantly, the
proposed “Adaptive Reasoning” strategy learns to route samples accordingly: the routing rate
approaches 100% for shadow and transparency concepts, while remaining near zero for other
CD concepts. This behavior confirms that the router performs precise sample-level decision,
activating reasoning only when beneficial and preserving direct perception when sufficient.
On CR concepts, the routing rate consistently drops to zero, meaning that all samples are
processed through the reasoning branch. This result validates that the router correctly identifies
reasoning-intensive tasks and fully engages the reasoning pipeline when multi-step inference is
necessary. Overall, these findings verify that the Shortcut Router enables dynamic allocation
of computational resources, preserving efficiency on simple cases while maintaining strong
reasoning performance on complex concept understanding tasks.

H Concept Query Sensitivity

We analyze the impact of varying the number of learnable concept queries (i.e., L in C 2 Rl2 ¢
as stated in § 3.3 and equation (3)), to assess the module’s sensitivity to contextual information,
as illustrated in Fig. 7. Our analysis reveals two key insights:

Semantic Bottleneck. When L, = 1, performance across all concept segmentation benchmarks
is markedly suboptimal. This degradation stems from a semantic bottleneck between reasoning
and segmentation: a single query token is insufficient to encapsulate the high-dimensional
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Table 11. Evaluation of ConceptSeg-R1 under different randomly sampled reference prompts (mean
std over three runs).

Concept MAE # BER # Ja Sy mIoU" mDice "
CI 1.350.02 4.380.12 89.760.16 89.550.29 91.890.16 90.440.16
CD 6.060.12 11.190.01 76.300.35 81.940.18 81.750.03 77.860.17
CR 544005 1731029 59.140.01 74.360.10 75.170.02 60.69 0.05

Table 12. Ablation experiments of different reference configurations (1 1vs. 2 2).

Concept Reference MAE# BER#  F® " Su" mIoU" mDice"
11 1.40 453 89.54 89.27 91.70 90.24
CI 22 1.33 4.29 89.87 89.76 92.00 90.56
Gains  +0.07 +0.24 -0.33 -0.49 -0.30 -0.32
11 7.22 11.23 75.01 80.77 80.58 76.92
CD 22 6.15 11.20 76.55 82.06 81.77 77.98
Gains +1.07 +0.03 -154 -1.29 -1.19 -1.06
CR Default 5.47 17.52 59.15 74.43 75.18 60.72

reasoning outputs from the MLLM, thereby failing to provide SAM 3 with effective guidance
for pixel-level localization.
Robustness and Convergence. As L, increases, we observe a consistent performance gain that
converges at L, = 8. This trend suggests that the model is highly robust once the query length
exceeds this threshold, as L, 8 effectively alleviates the bottleneck by providing sufficient
semantic bandwidth to convey refined prompt for SAM 3. Consequently, to maintain an
optimal trade-off between computational efficiency and segmentation accuracy, we fix L, = 8
for our final configuration.

I Reference Robusthess and Configuration

We evaluate the robustness of ConceptSeg-R1 under different reference prompts and analyzes
the impact of reference configurations.

Random Reference Stability. We first evaluate the stability of ConceptSeg-R1 using randomly
sampled reference prompts across three independent runs with different random seeds. As
shown in Tab. 11, the model achieves highly consistent performance across CI, CD, and CR
concepts, with all standard deviations remaining very small under different metrics. Among
the three concept regimes, CI concepts exhibit the highest stability, while CD and CR concepts
also maintain robust performance despite involving more complex contextual dependency and
reasoning processes. During training, the reference prompts are randomly composed from
different support examples, forcing the model to induce transferable task rules rather than
overfitting to fixed prompt layouts or specific instances. This randomized prompt composition
improves robustness to diverse reference configurations and enhances generalization under
varying prompt distributions. These results demonstrate that ConceptSeg-R1 is insensitive to
specific reference selections and generalizes reliably across diverse prompt compositions.
Reference Configuration Ablation. We further compare different reference configurations by
evaluatingal 1 single-reference setting and a2 2 mosaic-reference setting. As reported in
Tab. 12, the2 2 configuration consistently outperforms the1l 1 setting on both CI and CD
concepts across nearly all metrics. The performance improvement is especially significant
on CD concepts, indicating that multiple references provide richer contextual diversity and
stronger cross-image consistency for task rule induction. In contrast, single-reference prompts
are more susceptible to ambiguity and stochastic bias, making it harder for the model to infer
reliable task-level concepts. For CR concepts, we adopt the default reference configuration
due to the stronger dependence on reasoning-oriented prompt composition.
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ConceptSeg ConceptSeg
Reference Image Ground Truth -R13B R17B Think Rule

i o . The presence of
The question asks for an object in the second image that can h apples in the .
prevent illness, as su?ﬁ;ested by the saying 'an apple a day keefr second image is
octor away.' In the second image, there is a ?reen a{)ple indicative of the
prominently displayed among other fruits. This aligns with the  object that
traditional health advice. corresponds to
the saying.

Problem:As the saying goes, eat which object of im@geveryday can keep the people of
imagel away? Find it and locate it in the second image.

The woman in the first image is holding a phone to her ear, ~ ldentify the

suggesting she is talking on e phone. In ﬁwe Becond image, the Co%ﬁgﬂﬁ%t?én
a computer monitor and a keyboard, |nd_|cat|ngf<that Bob might b devices such as
using the computer. However, the question asks f hones or
would use to interact with the woman, which implies he might b

using the phone or another device like a tablet if present. (8714 image.

Problem:Assume Bob is in Imageinteracting with the woman in Imagl which object
may Bob most likely to use? Ground it in ImagEind it and locate it in the second image.

The task involves identifying the camouflaged object in the seco Bounding boxes
image that correspondsto the bounding boxes in the first image identify the
The bounding boxes in the first image indicate objects that are presence of
relatlveIK_sma and distinct. In the second image, there is a sinc _objects in the
large object that matches the size and shape of these boundin image and their
boxeS. The bounding box in the second image should be centere approximate
this object. location.

Problem:camouflagedbbject segmentation

_ The task involves identifying objects that are camouflaged in the seco X
image based on the boundln% boxes from the first image. In the firstim Bounding boxes
there are three distinct objects (a moray eel, a lizard, and another ~in the Tirst
unidentified object). In the second image, there is no direct presence image are used
these objects, but we need to identify something that could be ~  to identify the
camouflaged. The bounding box in the first image suggests that the liz  camouflaged
is the most likely candidate for camouflage due to its size and positio objects in'the
near the water's edge. Applying the bounding box coordinates to the second image.
Problem:camouflaged object segmentation second image, | identify the area where {fgard might be hidden

Figure 8. Visualization of the correctness relationships among segmentation prediction, reasoning
trajectory (Think), and induced rule (Rule) in reasoning segmentation.

J Beyond Mask Accuracy: Decomposing Reasoning Segmentation

Existing reasoning-oriented segmentation benchmarks primarily evaluate the final segmentation
mask, typically using overlap-based metrics such as mIoU or cIoU. However, a correct mask does
not necessarily imply correct reasoning. A model may produce visually plausible predictions
while relying on incorrect rules, spurious correlations, or shortcut reasoning paths. Therefore,
evaluating only the final segmentation result is insufficient for understanding the true reasoning
capability of concept segmentation systems.

To further analyze this issue, we provide a qualitative decomposition of the reasoning process
in Fig. 8. Instead of evaluating only the final prediction, we explicitly examine the consistency
among three components: the inferred reasoning trajectory (Think), the induced rule (Rule), and
the final segmentation result (Prediction). Each component may independently succeed or fail,
leading to different forms of reasoning correctness and failure cases. For example, a model may
generate the correct segmentation mask while relying on incorrect reasoning logic, indicating
shortcut learning rather than genuine concept understanding. Conversely, a model may induce
semantically correct rules but fail during the final segmentation execution due to inaccurate
grounding or imperfect mask decoding. These observations suggest that reasoning segmentation
should be evaluated as a multi-stage process involving rule induction, reasoning consistency,
grounding correctness, and final mask quality, rather than a single end-point prediction task. We
hope this analysis can motivate future research toward more comprehensive evaluation protocols
for reasoning segmentation, including intermediate reasoning supervision, rule consistency
verification, and causal grounding assessment.

K Qualitative Visualization

We provide additional qualitative comparisons across CI, CD, and CR concepts, as shown
in Figs. 9 to 14.
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L Limitations and Future Works

As an initial step toward segmenting any concept, our ConceptSeg-R1 still presents several
limitations and opportunities for future improvement. ) Dependence on Representative Support
Examples. The effectiveness of rule induction relies on the quality and representativeness
of the provided support examples. When support instances are highly ambiguous, visually
noisy, or weakly aligned with the target concept, the inferred rule may be incomplete or
suboptimal, potentially affecting downstream segmentation accuracy. Future work may address
this limitation by incorporating automated support selection mechanisms, active example
filtering, or confidence-aware retrieval strategies to improve the reliability of rule induction under
challenging conditions. I) Scalability to Extremely Long Reasoning Chains. Current reasoning
procedures are performed within a fixed context window and are primarily optimized for short
to moderate reasoning sequences. Tasks requiring very long reasoning chains, complex temporal
dependencies, or hierarchical multi-step planning may exceed the effective reasoning capacity
of the current architecture. Future research could explore hierarchical reasoning structures,
memory-augmented reasoning modules, or external reasoning buffers to support more scalable
reasoning workflows. Ill) Sensitivity to Routing Decisions in Dynamic Inference. The shortcut
routing mechanism improves efficiency by dynamically selecting between lightweight and full
reasoning pipelines. However, incorrect routing decisions may occasionally lead to suboptimal
performance, particularly when the input complexity lies near the boundary between concept
categories. Future work may improve routing robustness through uncertainty-aware routing
policies, adaptive threshold learning, or lightweight verification stages that reduce the impact of
routing errors. V) Computational Overhead in Reasoning-Enhanced Segmentation. Although
ConceptSeg-R1 maintains practical inference latency, reasoning-enhanced segmentation generally
introduces additional computational cost compared to purely feed-forward segmentation models.
This overhead may become more pronounced in large-scale deployment scenarios or real-time
applications with strict latency constraints. Future optimization efforts may focus on model
compression, dynamic reasoning pruning, or hardware-aware scheduling to further improve
computational efficiency while preserving reasoning capability.
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ConceptSeg ConceptSeg
Class Reference Image Ground Truth -R13B -R17B LENS SegZero

Living Classes

Carrot

Person

Artifact Classes

Bus

Vase

Finegrained Classes

Caerulescens

Ciconia

Ultra Rare Classes

Clemmys
Guttata

Plectrophe
Naxnivalis

Figure 9. Qualitative comparison on diverse CI concepts.
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ConceptSeg ConceptSeg
Reference Image Ground Truth -R13B R17B LENS SegZero

Optical Property (Shadow

Optical Property (Transparenc

Figure 10. Qualitative comparison on optical property concepts.
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Ground ConceptSegConceptSeg
Referenc  Image Truth R13B -R17B

Think Rule

Camouflage

The task involves identifying objects that are camouflaged in the second imi Bounding boxes
based on the bounding boxes from the firstimage. In the first image, there ¢identify the regions
insects and an owl that are segmented. In the second image, there are bir where objects are
that blend into the environment. The bounding box in the second image hidden within their
should include these birds. environment.

The task involves identifying objects that match the segmentation criteria Bounding boxes
from the reference image in the target image. In the reference image, there jgentify objects
four bounding boxes indicating segmented objects. In the target image, an that are_
are the main objects, but they are not camouflaged. However, the questiol segmented in the
asks for a camouflaged object, which suggests looking for something les: first image ant
obvious than the ants. Upon closer inspection, there might be some ants th then locate similar
blend into the background due to their size and coloration. The bounding b~ camouflaged
in the reference image includes a crab, which is not present in the target im: soé’égﬁ[g I'rrT"g‘%
Thus, the ants themselves are the main objects. g

The task involves identifying the camouflaged object in the second image tt  Bounding boxes
corresponds to the bounding boxes in the first image. In the first image, the identify the regions
are several ammals that blend into their surroundlngs In the second imag: where objects are
the highl, agail . The ing | hidden within their
in the second image should include the entire seahorse. environment.

The task involves identifying the camouflaged object in the second image tl h,% ?ﬁ; rs‘gg?ngox

corresponds to the bounding boxes in the firstimage. In the firstimage, the  image should
are three objects that appear to be octopuses or similar creatures. In the include the entire
second image, there is a single frog that blends into the leaves. The bound frog, ?Sleﬂr"lg%l‘ is

box in the second image should include the frog. co"ecﬂy

The task involves identifying objects that match the segmentation criteria Bounding boxes in
from the reference image in the target image. In the reference image, there . _the ref g'e"‘?eh
specific bounding boxes indicating objects that need to be segmented. In tl "I,Téas%%gé clo?itee‘cl%
target image, the presence ofa cennpede suggests that the task is to ident poh ects that r?eed
its box. image includes parts o be camouflage
the centlpede |n the target |mage whlch should be segmented in the target image.

The task involves identifying the camouflaged object in the second image tt .deﬁ{f{,',dt'ﬂg %Bfgﬁs

corresponds to the bounding boxes in the first image. In the first image, the where the object is
are three bounding boxes indicating objects that blend into their surroundin¢  located and

In the second image, the insect appears to be-aaihouflaged against the matches the
tree trunk. The bounding box in the second image should include the insec Casmggrf:g?;g‘gme

The salient objects in the reference image include animals and a person. In 3

target image, the child is the most object. The box shot 04 centerz?ix;?
include the child and any significant elements like toys or the floor. The o' 25 objects in

bounding box for the child is straightforward, but ensuring the bounding bo: ™™ the image
includes the entire child and some context around them is important.

The salient objects in the reference image include the dog, person, truck, &

panda. In the target image, the group of people standing in front of the Bounding boxes

terraced | is the most p box should incluc 'dgg}ggt‘sh,ﬁ ’t';g'"
these indivi The ‘box he image is of image

salient objects, so | WI|| use that as a gulde

The salient objects in the reference image include the woman, the boat, th
candle, and the eagle. In the target image, the penguins are the main objec gou{ndlr‘! boxes
The boundlng boxes in the reference image indicate that we should focus i ggjlefz Iﬁ w‘:"
the main elements in the image. For the target image, the bounding box image
should include all three penguins.

The salient objects in the reference image include the cup, egg, woman, a
snake. In the target image, the main subjects are the two individuals in thc Bounding boxes
foreground. The bounding boxes should |nc|ude these individuals and the identify the main

bicycles. The box for the i ,butthe  objects in the
bounding box for the bicycles needsbtﬁ be adjusted to include the full extent
e bikes.

Bounding boxes
The salient objects in the reference image include the pencil, ladybug, and ¢ identi gahem

In the target image, the horses are the most prominent objects. The boundi  objects in the
box should include all the horses. The rule involves identifying the largest & relerence image
most central objects in the image. map them to
the target image.

The salient objects in the reference image include people and an object ( 3
purse). In the target image, the main objects are children playing in a sandk gﬁ’e“ggmg’z%x:ﬁ
The bounding boxes should include the children and their activities. The o \hain elements
bounding box in the reference image includes three individuals and one obji ~ i, the image.
which matches the number of bounding boxes in the target image.

Figure 11. Qualitative comparison on camouflage and saliency concepts.
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Ground ConceptSegConceptSeg
Referenc Image Truth -R13B -R17B LENS SegZero Think

Industrial Anomaly

Rule

The bounding boxes in the reference image indicate specific rec
. that need fo be matched in the target image. The task involve
|dem|fy|ng these regions in the target image. The bounding box
the top-left corner of the reference image suggests that the defe

Bounding boxes
should cover the
__entire region of
interest in the target
image.

is localized in the hand area. In the target image, the entire han

visible, so the bounding box should include the entire hand. T

bounding box in the target image is already covering the entir«
hand, indicating that the defect is encompassed.

The bounding boxes in the reference image indicate specific rec

that contain defects. In the target image, there is a large area w

a defect that matches these regions. The bounding box in the

reference image includes the areas where the defects are loca

Applying the same logic to the target image, | identify the bound
box that corresponds to the defect.

Bounding boxes are
used to identify and
locate the defective
regions in both
images.

The bounding boxes in the reference image indicate specific re¢c Bounding boxes are
that contain defects. In the target image, there is a single large ¢ identified based on
that corresponds to these regions. The bounding box in the  the presence of
reference image includes the areas with distinct shapes and distinct shapes and
textures. ly_aplylng the same logic to the target image, | identify t textures within the
bounding box that matches the defect size and location. image.

Polyp Lesion

The task involves identifying polyps in the colon that corresponc .
the bounding boxes in the reference image. In the reference im: Bounding boxes are
there are three bounding boxes indicating potential polyps. In tl used to identify and
target image, there is a single area that could be interpreted as  compare the
olyp due to its irregular shape and size. Applying the boundir presence of polyps
ox coordinates from the reference image, I'identify the target ~ across images.
region in the center of the image.

The task involves identifying polyps in the colon that corresponc
the bounding boxes in the reference image. In the reference im:
there are three bounding boxes indicating ?olyps. In the targe
image, the presence of a single large structure suggests a sin
polyp. The bounding box in the reference image is indicative of
location of the polyp, which should be mapped to the target imar
The bounding box in the target image corresponds to the are:
where the polyp would be located.

The task involves identifying the presence of polyps in the colc
._images. In the reference image, there are bounding boxes
indicating specific areas where polyps might be located. In th:

target image, there is a single red spot that could represent a pc

The bounding box in the reference image sugg$ss that the pol'
e bounding box

e target image, |

Bounding boxes in
the reference image
map to the location

of the polyp in the

target image.

Bounding boxes in
_the reference image
indicate the

are relatively small and localized. Applying1
coordinates from the reference image to
identify the red spot as the equivalent object.

Skin Lesion

The task involves identifying the skin lesion in the target image
corresponds to the bounding boxes in the reference image. Tt
bounding boxes in the reference image indicate specific areas

interest on the skin. In the target image, there is a single larg:

lesion that matches the size and location of the bounding boxes

the reference image. Therefore, the bounding box in the targe
image should be centered on this Tesion.

Bounding boxes in
the reference image
identify the lesion
locations, which are
then matched in the
target image.

i . . ) .. Bounding boxes in
The reference image contains multiple bounding boxes indicati the reference image
skin lesions. In the Iar%et image, there is a single large lesion t indicate the presence
matches the size and shape of the bounding boxes in the refere of lesions. The target
image. The bounding box in the reference image is indicative of image has one large
lesion in the tar%et image. The bounding box in the target ima¢ lesion that
should be centered on this lesion. corresponds to these
bounding boxes.

The task involves identifying the skin lesion in the target image !
corresponds to the bounding boxes in the reference image. Tt
bounding boxes in the reference image indicate areas of intere

within the skin lesions. In the target image, there is a single les

that matches the size and shape of the boundnng box in the

reference image. The bounding box in the target image should
centered on this lesion.

Bounding boxes in
the target image
should match the size
and location of the
lesions in the
reference image.

Breast Lesion

Bounding boxes in
that correspond to potential breast tumors. In the target image thde referfﬁg?ulmgrge
there is a single large area that matches the size and shape of t
. bounding boxes. The bounding box in the reference image i<
indicative of the tumor location, and the target image has a sin¢
large structure that fits this description. Thus, the bounding box
the target image should be centered on this large structure.

The bounding boxes in the reference image indicate specific rec
imag

locations, and the
tar%e; image should
contain a single large
structure that
corresponds to these

i i i i s Bounding boxes in
The bounding boxes in the reference image indicate specific re¢ 0" oforance image

that correspond to potential breast tumors. In the target image f
there is a large, irregularly shaped mass that matches the size ﬁi%?fggs'hﬁé?cﬂ‘gre
location of the bounding boxes in the reference image. The h 0" natthed in the
bounding box in the target image should be centered on this me target image.

The bounding boxes in the reference image indicate areas th: Bounding boxes in
might correspond to breast tumors. In the target image, there is the reference image
single area with a marked region that could be indicative of a identify the tumor

tumor. The bounqu]_box in the reference image suggests that location, and the
tumor is located within a specific area, which in the target imac target image should
corresponds to the central area with the marked region. The  include the marked
bounding box in the target image should include this marked region as the
region. bounding box.

Figure 12. Qualitative comparison on industrial anomaly and medical lesion concepts.
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