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Open Ad-hoc Segmentation Builds Visual Concepts on the Fly
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Figure 1: Open ad-hoc segmentation requires constructing visual concepts on the fly, not merely
retrieving common ones. We compare LISA [9], Seg-Zero [10], SAM3 Agent [1], and VASA (our
proposed vision harnessing agent), on three prompts for the same image. Row 1 asks for a known
visual whole, cat; all methods succeed. Row 2 asks for an ad-hoc collection, the cat’s right paw and
the stick she is reaching for; baselines retrieve only one part of the requested composition, while
VASA captures both. Row 3 asks for an exclusion-defined concept, the cat’s head without the ears
and eyes; baselines confuse it with cat head or cat, while VASA constructs the requested mask. The
comparison illustrates the central challenge of open ad-hoc segmentation: The required grounding
may not exist as a single learned concept and must be built from parts, relations, and exclusions.

be included or excluded. In open ad-hoc segmentation, the grounding may not already exist as a
single learned mask and must instead be constructed from image evidence during inference.

Fig. 1 illustrates the gap between retrieving a known visual concept and constructing an open ad-hoc
one. 1) Segmenting cat is straightforward; the cat is a common visual whole. 2) Segmenting the
cat’s right paw and the stick she is reaching for is harder: The concept combines a part of one object
with a related separate object. 3) Segmenting the cat head without ears and eyes is harder still: The
concept is defined by exclusion of other concepts, where each primitive concept may be familiar in
language, but the requested visual mask is not. Parts are weakly annotated, often visually subtle, and
less stable than object wholes. Such part combinations are effectively long-tailed. No amount of
ordinary concept scaling can exhaust the space of visual concepts users may define on demand.

A common way to handle an inexhaustible concept space is to compose new concepts from simpler
ones. Prompting, context design, and chain-of-thought reasoning have shown that LLMs and VLMs
can decompose hard tasks into executable steps. Existing reasoning-segmentation methods typically
finetune VLMs to produce intermediate segmentation representations, such as the [SEG] token in
LISA [9], or box and point prompts in Seg-Zero [10]. SAM3 Agent [1] goes further: It treats SAM3
as a tool invoked by a VLM agent, which interprets a complex query, proposes better text prompts to
SAM3, examines the resulting segmentation result, and tries again.

However, such agents are mostly language-led, and even their language reasoning remains shallow.
They may try related prompts, but do not organize them into a visual composition such as head minus
ears minus eyes. Their reasoning advances as text queries, while their visual solution does not build
up. In Fig. 2, to segment the cat head without ears and eyes, SAM3 Agent tries prompts such as
cat head, cat muzzle, and cat nose. These prompts are treated as alternative retrieval attempts, not
connected visual operations. Each attempt starts over. The visual workspace does not record that the
head has been found, that the ears should be removed, or that the eyes remain to be excluded. The
agent remembers the conversation, but not the visual construction. Nothing visual sticks.

We address open ad-hoc segmentation with vision harness engineering: Designing the workflow
around VLMs and segmentation tools so that visual progress becomes persistent, inspectable, and
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Table 1: VASA outperforms all baselines on both ad-hoc and common concepts in PARS,
approaching fully supervised closed-world methods. We reproduce all baselines and report gIoU,
cIoU, and the proposed xIoU metric for cross-concept confusion. VASA substantially improves
upon its underlying segmentation tool, SAM3, and consistently outperforms prior agentic methods,
particularly SAM3 Agent. ⇤ VLPart is trained on PartImageNet, from which PARS is derived, and is
excluded from direct comparison; nevertheless, VASA achieves comparable performance without
task-specific training. † Semantic-SAM uses a ground-truth-derived point prompt for inference.

Method VLM Version Train.
Free

Ad-hoc Concepts Common Concepts Total

gIoU cIoU xIoU# gIoU cIoU xIoU# gIoU cIoU xIoU#
Trained on PartImageNet
VLPart⇤ N/A N/A 55.2 53.8 35.1 60.5 73.3 10.7 57.5 63.2 23.9

Open-Vocabulary Segmentation
OVSeg N/A N/A 34.4 27.6 42.2 46.0 43.0 20.7 39.3 34.2 33.5
Semantic-SAM† N/A N/A 39.2 30.4 45.2 51.7 53.7 25.7 44.5 39.4 38.4
SAM3 N/A N/A 34.1 36.1 59.8 41.8 57.8 30.6 37.3 45.0 48.9

VLM as Visual Reasoner
LISA Llama2 13B 7 37.9 39.9 45.0 49.0 59.7 19.2 42.6 49.4 32.9
LISA++ LLaVA1.5 7B 7 35.2 33.7 52.6 51.8 50.4 25.4 42.3 41.5 41.0
VisionReasoner Qwen2.5-VL 7B 7 27.2 28.8 47.9 29.4 41.9 16.5 28.1 35.0 34.5
Seg-Zero Qwen2.5-VL 7B 7 40.8 39.6 58.2 57.2 66.9 30.3 47.8 50.8 47.4
RESAnything Qwen2.5-VL 7B 3 33.1 34.0 49.7 45.2 51.0 22.8 38.2 41.8 38.1

Context Agent for Segmentation
CoReS LLaVA 7B 7 33.0 34.1 36.2 42.2 53.4 19.7 36.9 44.0 27.5
SegAgent-SC Qwen-VL 7B 7 34.6 34.8 46.6 48.2 61.8 20.9 40.4 47.9 33.8
SegAgent-SAM Qwen-VL 7B 7 33.1 31.7 48.2 45.9 56.0 19.8 38.5 43.1 35.0
SAM3 Agent Qwen3-VL 32B 3 40.5 39.1 58.8 55.0 62.1 27.5 46.4 48.1 48.0

Vision Harnessing Agent for Segmentation
VASA (ours) Qwen3-VL 32B 3 54.0 56.9 33.5 60.8 77.0 10.0 56.9 66.5 22.9
v.s. prior SOTA +13.5 +17.8 +25.3 + 5.8 +14.9 +17.5 +10.5 +18.4 +25.1

3. Results on PARS. We compare VASA with baseline methods under increasing levels of VLM
harnessing, including open-vocabulary segmentation without VLMs, VLMs as visual reasoners, and
VLMs as agents based on context engineering (Table 1). The consistent performance gap between
common and ad-hoc concepts across all methods confirms the intended difficulty of the open ad-hoc
split in PARS. Despite the difficulty, VASA outperforms all baselines across all metrics on both the
ad-hoc and common splits of PARS. On the ad-hoc split, VASA improves over SAM3 Agent by
13.5% in mIoU and 17.8% in cIoU, while reducing xIoU by 25.3%, indicating fewer confusions with
semantically related concepts. Similar improvements are also observed on the common split. The
gains highlight the effectiveness of VASA’s complete vision harness workflow.

Moreover, while SAM3 performs poorly on PARS, VASA achieves strong results using SAM3 via
vision harness engineering. This contrast supports our insight that the bottleneck for open ad-hoc
segmentation lies not in the segmentation foundation model, but in how it is harnessed. Remarkably,
despite using no task-specific training, VASA matches the performance of VLPart, a fully supervised,
closed-world method trained directly on PartImageNet, from which PARS is derived.

4. Results on RefCOCOm. We again group the baseline methods by their level of VLM harnessing
(Table 2). VASA achieves the best performance across all subsets under both part- and object-level
evaluation. The most pronounced improvement appears on testA, where VASA outperforms the
closest competitor, SAM3 Agent, by 8.8% in gIoU for part-level concepts and 5.9% in gIoU for
object-level concepts, indicating that vision harness engineering benefits not only open ad-hoc
concepts but also conventional referring segmentation across multiple granularities.

The gains are especially pronounced at the part level, where smaller, fine-grained targets are easily
confused with others and require careful reasoning and verification. This setting stresses the same
capabilities required by open ad-hoc segmentation: maintaining visual state, inspecting intermediate
masks, and correcting errors before prediction. VASA provides a stronger segmentation workflow
without requiring specialized fine-tuning of the VLM or the segmentation foundation model.
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VASA Reasons, Constructs, Validates the Solution for OAS

PARS Benchmark: PartImageNet Ad-hoc Referring Segmentation SOTA on Multi-Granularity Referring Segmentation RefCOCOm

SOTA on Ad-hoc Referring Segmentation PARS

4 Experiments on Open Ad-hoc Segmentation

VASA tackles open ad-hoc segmentation with a vision harness workflow, featuring a long-horizon
reasoning process over persistent visual states through the interaction between a VLM and SAM3. We
evaluate VASA on our new open ad-hoc segmentation benchmark and an existing multi-granularity
referring segmentation benchmark. Additional analysis demonstrates the ability of VASA to follow
detailed long-form queries for open ad-hoc concepts, benefiting from additional reasoning steps.

1. Datasets. We first evaluate VASA on PARS (PartImageNet Ad-hoc Referring Segmentation), a
new benchmark we construct from PartImageNet [14] for open ad-hoc segmentation. PartImageNet
provides part-level annotations for common objects, such as the “head/arm/foot/tail” of a “gorilla”
and the “body/tire/side mirror” of a “car”. We focus exclusively on the “body” class because it
is defined differently across objects, making it ad-hoc, and challenging to segment. We replace the
original short category labels with detailed long-form segmentation descriptions that precisely specify
what to include, what to exclude, and how the target concept should be identified (Fig. 4). We then
divide the object classes into open ad-hoc concepts and common concepts. In total, PARS includes
2,021 images, with 937 open ad-hoc examples and 1,084 common-concept examples.

Figure 4: PARS provides detailed long-form descriptions for open ad-hoc concepts via a semi-
automated pipeline. Given a small set of annotated examples for each concept, we prompt a VLM
to disambiguate the target concept and what to include or exclude, as if producing segmentation
guidelines for human annotators. Manual verification is then applied for quality control.

We additionally evaluate on RefCOCOm, a multi-granularity referring segmentation benchmark
containing both part- and object-level concepts. We use its validation, testA, and testB sets, which
contain 12,690 parts and 3,811 objects, 9,666 parts and 1,975 objects, and 4,119 parts and 1,810 ob-
jects, respectively. Unlike PARS, we use the original referring expressions without further processing.
This evaluation assesses whether the benefits of vision harness engineering generalize beyond open
ad-hoc segmentation to referring segmentation with fine-grained part- and object-level localization.

2. Evaluation metrics. Following prior works [1, 9], we adopt generalized Intersection-over-
Union (gIoU) and cumulative Intersection-over-Union (cIoU), and introduce xIoU for evaluating
cross-concept confusion in datasets like PARS, where all relevant parts of each object are annotated.

Formally, given predicted mask Pi, ground-truth target mask Gi, and Oi, the union of all other
annotated concept masks in the same image excluding the target concept, the metrics are defined as:

gIoU =
1

N

X

i

|Pi \Gi|
|Pi [Gi|

, cIoU =

P
i |Pi \Gi|P
i |Pi [Gi|

, xIoU =
1

N

X

i

|Pi \Oi|
|Pi|

. (1)

Intuitively, xIoU measures how often predictions incorrectly include regions belonging to other
annotated concepts in the same image. The “x” in xIoU denotes both “cross”-concept confusion and
the “error” rate from overlapping incorrect concepts. xIoU captures fine-grained mistakes that cause
only small IoU drops, such as including small regions that should be excluded, but are critical for
perfect segmentation and concept-level correctness. Since xIoU can be trivially reduced by overly
conservative masks, we use it as a secondary diagnostic metric alongside gIoU and cIoU.
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where Pi is the prediction, Gi is the GT, Oi is the union of all GT except the target
Figure 6: Additional reasoning steps correlate with im-
proved segmentation quality. The x-axis shows the num-
ber of more reasoning steps used by VASA than SAM3
Agent, while the y-axis shows the corresponding gIoU im-
provement. Darker colors indicate bins containing more
instances. Positive correlations suggest that additional
long-horizon reasoning and refinement are often beneficial
for challenging open ad-hoc concepts. VASA updates a
persistent working mask after each segmentation step, nat-
urally resulting in more reasoning steps than SAM3 Agent.

Image SAM3 Agent VASA (ours) GT Image SAM3 Agent VASA (ours) GT

Segment the main structure of taxi, but no tires or side mirrors Legs of the man facing us in the middle

Segment the shark from where the head ends to just before the tail fin Torso of the guy on the right

Segment the dog from below the neck to above the legs Green beret arm

Figure 7: Qualitative comparisons between SAM3 Agent and VASA on PARS (left) and Ref-
COCOm (right). SAM3 Agent often oversegments semantically related regions or confuses nearby
concepts, while VASA precisely follows the text query through visual reasoning and iterative mask
refinement. This enables VASA to isolate fine-grained target regions in both open ad-hoc and referring
segmentation. PARS prompts are shortened for clarity, while RefCOCOm prompts are original.

steps than SAM3 Agent, which uses the segmentation output from SAM3. Each box groups examples
by the additional reasoning steps over SAM3 Agent, while the y-axis shows the gIoU improvement
of VASA over SAM3 Agent. Larger reasoning gaps are associated with larger gains, suggesting that
VASA ’s additional reasoning is often needed to resolve challenging open ad-hoc concepts.

7. Qualitative Results. Fig. 7 presents qualitative comparisons on both PARS and RefCOCOm.
Across diverse examples, SAM3 Agent often collapses to semantically related but overly broad
concepts, such as the entire taxi, despite queries specifying structurally constrained subregions. In
contrast, VASA more faithfully follows the detailed query and isolates the requested regions through
iterative visual reasoning, intermediate mask inspection, and persistent mask editing. These examples
further show that open ad-hoc segmentation requires not only recognizing visual concepts, but also
reasoning about composition, exclusion, spatial relations, and structural constraints expressed in
language. Additional qualitative results with complete queries are provided in Appendix C.

Summary. We present VASA, the first vision harnessing agent for open ad-hoc segmentation, aiming
to segment arbitrary user-defined concepts based on the purpose at hand. Built on SAM3, VASA
improves over SAM3 Agent through a visual workflow for state management, tool invocation, action
constraints, long-horizon planning, visual scrutiny, and error recovery. We introduce PARS, a dataset
with detailed long queries for open ad-hoc concepts. Experiments demonstrate great improvements
over all prior work on open ad-hoc and multi-granularity referring segmentation. Our work points
to a path for AI agents beyond wrapping foundation models as tools: Programming them with task
knowledge, VLM behavior, visual routines, working memory, and failure-aware workflows.

Limitations and broader impacts are provided in Appendix D and E.
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Method
val testA testB

Part +Obj Part +Obj Part +Obj
X-Decoder 16.2 29.5 13.6 23.6 20.3 33.8
SEEM 16.1 29.4 13.6 23.4 20.4 33.9
UniRES 19.6 34.3 16.4 27.8 25.2 41.7
SAM3 12.3 17.3 9.0 13.0 20.7 26.1

LISA 21.3 34.3 18.5 28.6 25.7 40.1
GSVA 11.4 23.1 9.2 19.2 16.8 28.2
GLaMM 21.4 35.3 18.6 29.5 26.9 41.1
M2SA 22.4 35.5 19.9 30.1 27.1 41.4
RESAnything 27.6 - 26.5 - 25.8 -

CoReS 21.2 29.5 17.3 24.0 20.6 30.6
SegAgent-SC 19.7 33.4 16.8 27.3 22.9 38.0
SegAgent-SAM 19.7 32.9 16.9 27.1 22.6 36.7
SAM3 Agent 40.2 48.1 34.4 41.5 41.3 50.4

VASA (ours) 45.0 51.1 43.2 47.4 47.6 54.1
v.s. prior SOTA +4.8 +3.0 +8.8 +5.9 +6.3 +3.7

Table 2: VASA achieves state-of-the-art
performance on the multi-granularity
referring segmentation benchmark Re-
fCOCOm. We compare against refer-
ring segmentation methods, reasoning seg-
mentation methods, and agentic segmen-
tation frameworks under both part-only
and part-and-object settings, focusing on
gIoU. VASA consistently outperforms
prior methods across all subsets and set-
tings, with especially strong gains over
the closest competitor, SAM3 Agent. The
gains are particularly notable in the part-
only setting, where targets are more fine-
grained and ambiguous, requiring careful
reasoning and verification. We reproduce
SAM3 and all agentic methods, while the
remaining results are reported by .

Table 3: Detailed long-form queries
improve VASA but overwhelm SAM3
Agent. Results are reported on the to-
tal split of PARS. “short/long” denote
the original class labels and the long
queries used in PARS. Long queries im-
prove VASA by 5.9% in gIoU, but re-
duce SAM3 Agent by 22.1% in gIoU.

Method Text gIoU cIoU xIoU#
SAM3 Agent short 46.4 48.1 48.0
SAM3 Agent long 24.3 34.5 30.7
VASA (ours) short 51.0 51.3 41.7
VASA (ours) long 56.9 66.5 22.9

S.A. short S.A. long VASA short VASA long

Figure 5: Effect of detailed long-form queries. Short
query: “the body of polar bear”. Long query (shortened):

“Segment the torso of the polar bear, starting from below the
head to just above the legs.”. The short query is ambiguous,
leading both methods to segment the entire bear. The long-
form query resolves the ambiguity, but SAM3 Agent (S.A.)
completely fails. In contrast, VASA successfully follows
the query and isolates the requested torso region.

5. Effect of detailed queries in PARS. Open ad-hoc concepts are often task-specific and defined by
the purpose at hand, making detailed long-form queries necessary to precisely specify the target. We
compare VASA and SAM3 Agent using short, ambiguous category names and our generated detailed
queries for each concept in Table 3. Detailed long-form queries substantially improve VASA while
significantly degrading SAM3 Agent. Specifically, switching from short to long queries improves
VASA by 5.9% in gIoU and 4.8% in cIoU, while reducing xIoU by 18.8%. In contrast, SAM3 Agent
drops by 22.1% in gIoU and 13.6% in cIoU, while increasing xIoU by 17.3%. This contrast highlights
a fundamental difference between the two methods. SAM3 Agent treats long descriptions as prompts
for direct concept retrieval, making it sensitive to complex queries. In contrast, VASA reasons over
the query and uses detailed descriptions as step-by-step guidance to progressively construct the target
through persistent visual states and iterative mask editing.

Fig. 5 presents a concrete example on “the body of polar bear”. Even with the long, precise query,
SAM3 Agent fails to preserve the exclusion constraints and instead segments the entire bear. In
contrast, VASA successfully isolates the requested region by progressively refining the segmentation
through persistent visual states and iterative mask editing. This result suggests that long-form
descriptions are not merely longer prompts but provide structured guidance for decomposing and
constructing open, ad-hoc visual concepts when coupled with an appropriate vision harness.

6. Benefits from extra reasoning steps. VASA features a long-horizon reasoning process that
iteratively inspects the intermediate results and refines. We study the correlation between extra
reasoning steps and improved segmentation performance compared to SAM3 Agent (Fig. 6). We
define a reasoning step as either a segmentation tool invocation or a working-mask update operation.
Since VASA maintains and refines a persistent working mask, it naturally performs more reasoning

8

VASA Effectively Handles Detailed Long Queries
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form query resolves the ambiguity, but SAM3 Agent (S.A.)
completely fails. In contrast, VASA successfully follows
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5. Effect of detailed queries in PARS. Open ad-hoc concepts are often task-specific and defined by
the purpose at hand, making detailed long-form queries necessary to precisely specify the target. We
compare VASA and SAM3 Agent using short, ambiguous category names and our generated detailed
queries for each concept in Table 3. Detailed long-form queries substantially improve VASA while
significantly degrading SAM3 Agent. Specifically, switching from short to long queries improves
VASA by 5.9% in gIoU and 4.8% in cIoU, while reducing xIoU by 18.8%. In contrast, SAM3 Agent
drops by 22.1% in gIoU and 13.6% in cIoU, while increasing xIoU by 17.3%. This contrast highlights
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for direct concept retrieval, making it sensitive to complex queries. In contrast, VASA reasons over
the query and uses detailed descriptions as step-by-step guidance to progressively construct the target
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Fig. 5 presents a concrete example on “the body of polar bear”. Even with the long, precise query,
SAM3 Agent fails to preserve the exclusion constraints and instead segments the entire bear. In
contrast, VASA successfully isolates the requested region by progressively refining the segmentation
through persistent visual states and iterative mask editing. This result suggests that long-form
descriptions are not merely longer prompts but provide structured guidance for decomposing and
constructing open, ad-hoc visual concepts when coupled with an appropriate vision harness.

6. Benefits from extra reasoning steps. VASA features a long-horizon reasoning process that
iteratively inspects the intermediate results and refines. We study the correlation between extra
reasoning steps and improved segmentation performance compared to SAM3 Agent (Fig. 6). We
define a reasoning step as either a segmentation tool invocation or a working-mask update operation.
Since VASA maintains and refines a persistent working mask, it naturally performs more reasoning
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Figure 6: Additional reasoning steps correlate with im-
proved segmentation quality. The x-axis shows the num-
ber of more reasoning steps used by VASA than SAM3
Agent, while the y-axis shows the corresponding gIoU im-
provement. Darker colors indicate bins containing more
instances. Positive correlations suggest that additional
long-horizon reasoning and refinement are often beneficial
for challenging open ad-hoc concepts. VASA updates a
persistent working mask after each segmentation step, nat-
urally resulting in more reasoning steps than SAM3 Agent.

Image SAM3 Agent VASA (ours) GT Image SAM3 Agent VASA (ours) GT

Segment the main structure of taxi, but no tires or side mirrors Legs of the man facing us in the middle

Segment the shark from where the head ends to just before the tail fin Torso of the guy on the right

Segment the dog from below the neck to above the legs Green beret arm

Figure 7: Qualitative comparisons between SAM3 Agent and VASA on PARS (left) and Ref-
COCOm (right). SAM3 Agent often oversegments semantically related regions or confuses nearby
concepts, while VASA precisely follows the text query through visual reasoning and iterative mask
refinement. This enables VASA to isolate fine-grained target regions in both open ad-hoc and referring
segmentation. PARS prompts are shortened for clarity, while RefCOCOm prompts are original.

steps than SAM3 Agent, which uses the segmentation output from SAM3. Each box groups examples
by the additional reasoning steps over SAM3 Agent, while the y-axis shows the gIoU improvement
of VASA over SAM3 Agent. Larger reasoning gaps are associated with larger gains, suggesting that
VASA ’s additional reasoning is often needed to resolve challenging open ad-hoc concepts.

7. Qualitative Results. Fig. 7 presents qualitative comparisons on both PARS and RefCOCOm.
Across diverse examples, SAM3 Agent often collapses to semantically related but overly broad
concepts, such as the entire taxi, despite queries specifying structurally constrained subregions. In
contrast, VASA more faithfully follows the detailed query and isolates the requested regions through
iterative visual reasoning, intermediate mask inspection, and persistent mask editing. These examples
further show that open ad-hoc segmentation requires not only recognizing visual concepts, but also
reasoning about composition, exclusion, spatial relations, and structural constraints expressed in
language. Additional qualitative results with complete queries are provided in Appendix C.

Summary. We present VASA, the first vision harnessing agent for open ad-hoc segmentation, aiming
to segment arbitrary user-defined concepts based on the purpose at hand. Built on SAM3, VASA
improves over SAM3 Agent through a visual workflow for state management, tool invocation, action
constraints, long-horizon planning, visual scrutiny, and error recovery. We introduce PARS, a dataset
with detailed long queries for open ad-hoc concepts. Experiments demonstrate great improvements
over all prior work on open ad-hoc and multi-granularity referring segmentation. Our work points
to a path for AI agents beyond wrapping foundation models as tools: Programming them with task
knowledge, VLM behavior, visual routines, working memory, and failure-aware workflows.

Limitations and broader impacts are provided in Appendix D and E.
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1.The open ad-hoc segmentation task.

2.VASA, the first vision harnessing agent 
with persistent visual state and long-
horizon visual construction for OAS.

3.PARS, a dataset with detailed long-form 
queries for evaluating the OAS task.

4.SOTA on both PARS and RefCOCOm.

5.Points to a path for AI agents beyond 
wrapping foundation models as tools: 
programming them with task knowledge, 
VLM behaviors, visual routines, working 
memory, and failure-aware workflow.

Method
val testA testB

Part +Obj Part +Obj Part +Obj
X-Decoder 16.2 29.5 13.6 23.6 20.3 33.8
SEEM 16.1 29.4 13.6 23.4 20.4 33.9
UniRES 19.6 34.3 16.4 27.8 25.2 41.7
SAM3 12.3 17.3 9.0 13.0 20.7 26.1

LISA 21.3 34.3 18.5 28.6 25.7 40.1
GSVA 11.4 23.1 9.2 19.2 16.8 28.2
GLaMM 21.4 35.3 18.6 29.5 26.9 41.1
M2SA 22.4 35.5 19.9 30.1 27.1 41.4
RESAnything 27.6 - 26.5 - 25.8 -

CoReS 21.2 29.5 17.3 24.0 20.6 30.6
SegAgent-SC 19.7 33.4 16.8 27.3 22.9 38.0
SegAgent-SAM 19.7 32.9 16.9 27.1 22.6 36.7
SAM3 Agent 40.2 48.1 34.4 41.5 41.3 50.4

VASA (ours) 45.0 51.1 43.2 47.4 47.6 54.1
v.s. prior SOTA +4.8 +3.0 +8.8 +5.9 +6.3 +3.7

Table 2: VASA achieves state-of-the-art
performance on the multi-granularity
referring segmentation benchmark Re-
fCOCOm. We compare against refer-
ring segmentation methods, reasoning seg-
mentation methods, and agentic segmen-
tation frameworks under both part-only
and part-and-object settings, focusing on
gIoU. VASA consistently outperforms
prior methods across all subsets and set-
tings, with especially strong gains over
the closest competitor, SAM3 Agent. The
gains are particularly notable in the part-
only setting, where targets are more fine-
grained and ambiguous, requiring careful
reasoning and verification. We reproduce
SAM3 and all agentic methods, while the
remaining results are reported by .

Table 3: Detailed long-form queries
improve VASA but overwhelm SAM3
Agent. Results are reported on the to-
tal split of PARS. “short/long” denote
the original class labels and the long
queries used in PARS. Long queries im-
prove VASA by 5.9% in gIoU, but re-
duce SAM3 Agent by 22.1% in gIoU.

Method Text gIoU cIoU xIoU#
SAM3 Agent short 46.4 48.1 48.0
SAM3 Agent long 24.3 34.5 30.7
VASA (ours) short 51.0 51.3 41.7
VASA (ours) long 56.9 66.5 22.9

S.A. short S.A. long VASA short VASA long

Figure 5: Effect of detailed long-form queries. Short
query: “the body of polar bear”. Long query (shortened):

“Segment the torso of the polar bear, starting from below the
head to just above the legs.”. The short query is ambiguous,
leading both methods to segment the entire bear. The long-
form query resolves the ambiguity, but SAM3 Agent (S.A.)
completely fails. In contrast, VASA successfully follows
the query and isolates the requested torso region.

5. Effect of detailed queries in PARS. Open ad-hoc concepts are often task-specific and defined by
the purpose at hand, making detailed long-form queries necessary to precisely specify the target. We
compare VASA and SAM3 Agent using short, ambiguous category names and our generated detailed
queries for each concept in Table 3. Detailed long-form queries substantially improve VASA while
significantly degrading SAM3 Agent. Specifically, switching from short to long queries improves
VASA by 5.9% in gIoU and 4.8% in cIoU, while reducing xIoU by 18.8%. In contrast, SAM3 Agent
drops by 22.1% in gIoU and 13.6% in cIoU, while increasing xIoU by 17.3%. This contrast highlights
a fundamental difference between the two methods. SAM3 Agent treats long descriptions as prompts
for direct concept retrieval, making it sensitive to complex queries. In contrast, VASA reasons over
the query and uses detailed descriptions as step-by-step guidance to progressively construct the target
through persistent visual states and iterative mask editing.

Fig. 5 presents a concrete example on “the body of polar bear”. Even with the long, precise query,
SAM3 Agent fails to preserve the exclusion constraints and instead segments the entire bear. In
contrast, VASA successfully isolates the requested region by progressively refining the segmentation
through persistent visual states and iterative mask editing. This result suggests that long-form
descriptions are not merely longer prompts but provide structured guidance for decomposing and
constructing open, ad-hoc visual concepts when coupled with an appropriate vision harness.

6. Benefits from extra reasoning steps. VASA features a long-horizon reasoning process that
iteratively inspects the intermediate results and refines. We study the correlation between extra
reasoning steps and improved segmentation performance compared to SAM3 Agent (Fig. 6). We
define a reasoning step as either a segmentation tool invocation or a working-mask update operation.
Since VASA maintains and refines a persistent working mask, it naturally performs more reasoning
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