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Fig. 1: Our method grounds parts coarse-to-fine: locate the object, then the part within
it, then self-checks, re-encoding the predicted crop to refine.

Abstract. Multimodal large language models (MLLMs) ground whole
objects well from free-form language queries, but they struggle when
the query names a part rather than the object. We trace this to a
missing object-part hierarchy, since parts are localized in the same sin-
gle step used for objects. We propose Object-Part Hierarchical Reflec-
tive Grounding (OP-HRG), a coarse-to-fine reasoning-guided grounding
strategy that first localizes the parent object and then the part within it.
A self-check then reflects on the result, with an extension to re-encode
the predicted crop to inspect the region it is correcting. We introduce
a part-aware GRPO framework to train our pipeline with stage-wise re-
wards. A 4B model trained this way outperforms 7B grounding LLMs and
SAM3 across PascalPart, PartImageNet, and InstructPart, and transfers
to reasoning segmentation. 1

1 Introduction

Localizing the parts of an object is a core requirement in many real-world set-
tings. A robot told to “grasp the mug (object) by its handle (part)” must dis-
tinguish the handle from the body, and a clinician reading a scan must isolate
specific anatomical structures (parts) rather than whole organs (objects). We
use part in the sense established by part-segmentation benchmarks [8,14,49,51]:
a constituent sub-region of a parent object – such as a car’s wheel or a mug’s
1 Code and models will be available at https://github.com/sajeedmehrab/op-hrg.

https://github.com/sajeedmehrab/op-hrg
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handle – that is defined relative to the whole object and is often tied to a spe-
cific function or affordance. Localizing a part is harder than localizing the object
that contains it: rather than finding a self-contained entity, a model must reason
about spatial layout and containment relative to the parent object, much as a
person first locates the mug and only then its handle.

Multimodal large language models (MLLMs) such as Qwen-VL [1, 50] per-
form this localization through visual grounding – producing a box or mask for
the image region named by a free-form query. The strongest publicly available,
widely used MLLMs are now strong zero-shot object grounders, yet the same
models remain weak when the query names a part rather than a whole object.
When asked to ground a mug’s handle, an MLLM is likely to return the entire
mug instead (Figure 1). Two factors underlie this gap. First, vision-language pre-
training is dominated by object-level descriptions, with part annotations com-
paratively rare and costly to obtain [14, 49, 51], biasing models toward coarse
entities. Second, grounding MLLMs typically handle every query the same way.
A part query goes through the same single-step localization as an object, with
no mechanism to exploit the natural hierarchy between an object and its parts.

Prior part-grounding approaches span supervised segmenters, token-based
MLLMs, and decoupled MLLM-to-SAM pipelines (Sec. 2). The closest to ours,
Seg-Zero [30] and VisionReasoner [32], ground whole objects well, but like other
grounding MLLMs they localize every query in a single step with no signal for
object-part reasoning. We posit that MLLMs already have the capacity for hier-
archical reasoning, but it stays dormant without a structured way to activate it,
and reinforcement learning offers a direct way to reward and strengthen object-
part reasoning.

We therefore propose Object-Part Hierarchical Reflective Grounding (OP-
HRG), a prompting paradigm that guides MLLMs to observe, reason, and lo-

calize in a structured coarse-to-fine manner. Under OP-HRG, the model first
decides whether the query refers to an object or a part. If it is a part, the model
localizes the parent object as an anchor, then generates an initial part local-
ization within that anchor. As a complementary step, the model reflects on its
own answer, checking whether an adjustment is needed before producing the
final result. This step-by-step structure mirrors how careful human observation
works: locate the object, focus on the part, then verify. We pair this prompt-
ing paradigm with a dedicated part-aware Group Relative Policy Optimization
(GRPO) framework. Unlike prior RL-based grounding methods that optimize
a single localization reward, our reward provides separate, verifiable signals for
each stage of the OP-HRG output: parent-object and part localization accuracy,
part-in-object containment, self-reflection consistency, and improvement of the
final answer over the initial one.

We evaluate our approach in the cross-dataset zero-shot setting on Pascal-
Part [8, 51] and PartImageNet [14] – benchmarks that part-specific segmenters
typically train on, so we compare against MLLM-grounding methods that typi-
cally share our zero-shot setting. Using the Qwen3-VL-Instruct-4B model as our
backbone, smaller than the 7B models used by competing methods, our method
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outperforms these baselines on both object and part categories. Ablation stud-
ies confirm that both the OP-HRG prompting and the part-aware rewards are
necessary. Our contributions are:
– We analyze the part-grounding gap in MLLMs and show that current pipelines,

including RL-optimized ones, underperform on part queries.
– We propose OP-HRG, a structured prompting paradigm that guides MLLMs

through object-first hierarchical localization, complemented by a self-reflective
step and an active visual perception extension that re-encodes predicted re-
gions as visual evidence for the critique. Our analysis shows the self-reflective
step acts mainly as a train-time regularizer.

– We introduce a part-aware GRPO reward framework with stage-wise, ver-
ifiable rewards covering parent-object accuracy, part containment, critique
consistency, and answer improvement.

– Across three benchmarks, our 4B-parameter model improves part ground-
ing over strong MLLM-grounding baselines – cross-dataset zero-shot on Pas-
calPart and PartImageNet, and in-domain on InstructPart, scales to an 8B
backbone, shows only a modest trade-off in general object referring (RefCO-
CO/+/g), and transfers to reasoning segmentation (ReasonSeg).

2 Related Work

Part-Level Segmentation. Part segmentation has traditionally been approached
through supervised methods trained on fixed label sets, evaluated on bench-
marks such as PartImageNet [14], PascalPart [8], and InstructPart [49]. Open-
vocabulary extensions [11,23,48] generalize to unseen parts through cross-modal
correspondence learning or cost aggregation, while unified formulations such as
Semantic-SAM [22] unify object-level and part-level predictions within a sin-
gle framework. However, these approaches rely on part-specific segmentation
supervision or learned visual–semantic correspondences, limiting their flexibil-
ity. Our work is different from this paradigm: rather than training a pixel-level
part-segmentation model, we elicit part localization through structured MLLM
reasoning and reinforcement learning with dedicated part-aware rewards. We
target part grounding within MLLMs rather than part segmentation in general.
Promptable Segmentation Models. The Segment Anything Model (SAM)
[19] established promptable segmentation at scale, producing high-quality masks
from spatial prompts such as points and boxes. SAM2 [40] improves upon SAM-
v1 for image segmentation from spatial prompts, and SAM3 [5] adds text-
conditioned segmentation, predicting masks directly from short phrases. Because
these models decode accurate masks from lightweight prompts, they serve as a
common mask decoder in the MLLM-based grounding methods discussed below.
Visual Grounding with MLLMs. Recent MLLMs have enabled zero-shot vi-
sual grounding by localizing image regions from natural-language queries. Special-
token methods such as LISA [21], GLaMM [39], Sa2VA [56], PixelLM [42], and
UniPixel [29] embed segmentation tokens into the LLM output to condition a
jointly trained mask decoder, the dominant MLLM-grounding paradigm. Refer-
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Fig. 2: Overview of the action steps and reward evaluation for OP-HRG.

ring frameworks [54, 57] and open-set detectors such as Grounding DINO [28]
and Grounded SAM [41] further advance visual grounding. More recently, rein-
forcement learning has emerged as an effective alignment strategy for grounding
MLLMs. GRPO [43] removes the critic network to improve training efficiency and
has been widely adopted in visual reasoning [9,33,37,46,53] and visual ground-
ing [3,4,15,45,55,61,62], typically with IoU-oriented rewards. Most closely related
to us are the decoupled MLLM-to-SAM pipelines Seg-Zero [30] and VisionRea-
soner [32], which pair GRPO-based optimization with a frozen mask decoder for
reasoning-aware segmentation – the same paradigm we adopt. However, both
treat all queries uniformly and optimize a single-stage localization reward, with-
out modeling the object-part hierarchy or providing part-specific reward signals.
Our framework extends this line of work by introducing object-part hierarchical
reasoning and dedicated part-aware rewards into the GRPO alignment process.
Chain-of-Thought and Structured Reasoning for Visual Tasks. Multi-
modal chain-of-thought methods [13,38,59,60] improve reasoning through inter-
mediate rationales, and spatially grounded approaches [6, 25, 36, 44] align rea-
soning steps with image regions. Reflection-oriented paradigms [17,35] add self-
critique to improve model’s behavior and final answer quality. Our OP-HRG
strategy builds on these directions: it enforces spatially grounded hierarchical
reasoning through object-first localization and combines it with a self-reflective
check for part-level grounding refinement and verification.

3 Method

In this section, we describe our model-agnostic reinforcement learning frame-
work for grounding objects and object parts using the reasoning capabilities
of multimodal LLMs (MLLM). Our approach combines a structured object-
part prompting paradigm, which we term Object-Part Hierarchical Reflective
Grounding (OP-HRG), with a part-aware reinforcement learning objective based
on Group Relative Policy Optimization (GRPO). Figure 2 gives an overview of
the action steps and reward evaluation.
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1. Decide whether the query is an object or part
2. If it is a part, locate the parent object that contains it 
3. Predict tight boxes and a point enforcing point-inside and part-of constraints
4. Reflect on what the boxes enclose. State whether adjustment is needed
5. Refine the coordinates into final boxes and points for mask decoding

<locate> reasoning about what to locate </locate>
<target> object | part </target>
<object_hint> [{"bbox": [x1, y1, x2, y2]} </object_hint>
<first_answer> [{"bbox": [x1, y1, x2, y2], "point": [x, y]}] </first_answer>
<criticism> reflection on answer. ADJUSTMENT: YES | NO </criticism>
<answer> [{"bbox": [x1, y1, x2, y2], "point": [x, y]}] </answer>

Prompt Instructions

Output Structure

Fig. 3: High-level structure of OP-HRG prompt and corresponding output format.

3.1 Problem Formulation

We consider the task of visual grounding of objects and object parts.
Our system receives an RGB image I 2 RH⇥W⇥3 and a natural language query
q. The query may denote a whole object category (e.g., “cat”) or a semantic
part of an object (e.g., “cat’s tail”). During inference, the model must interpret
the image and the query and return spatial localizations for the visual entity
described by q, even when the object or part name has not been observed during
training. Specifically, our end goal is to predict a binary segmentation mask that
delineates q.

3.2 Decoupled Reasoning and Segmentation Architecture

Recent multimodal LLMs, like Qwen-VL [1, 50], demonstrate strong reasoning
and coordinate generation abilities, while large vision models such as the Seg-
ment Anything Model (SAM) [5, 19, 40] predict accurate, dense segmentation
masks from geometric prompts. This complementarity motivates separating se-
mantic reasoning from pixel segmentation, a decoupled design also adopted by
recent grounding MLLMs [21,29,30,32,39,42,56]. We adopt this design.

In our pipeline, the MLLM reads (I, q) and generates bounding boxes and
representative points O. These localization primitives are then passed, together
with the image, to a mask decoder, which outputs a segmentation mask S 2

{0, 1}H⇥W . Concretely, for each input (I, q), the MLLM produces a set of lo-
calization primitives

O = {(bi, pi)}
K

i=1
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3.3 Object-Part Hierarchical Reflective Grounding

To address the challenges of grounding object parts, we introduce Object-Part
Hierarchical Reflective Grounding (OP-HRG), a structured prompting paradigm
that explicitly encodes the object-part hierarchy and incorporates self-reflective
refinement. Figure 3 illustrates the high-level structure of the OP-HRG prompt
and the corresponding expected output format. The full prompt and example
outputs are in the Appendix C.

First, the model reasons about the query and determines whether it refers to
a whole object or a part. This early decision governs the subsequent steps and
enforces an explicit distinction between object-level and part-level grounding.
Second, when the query refers to a part, the model localizes the parent object
before the part itself, enforcing a coarse-to-fine process in which part localization
is conditioned on object-level context, mirroring how humans search for object
parts. Third, the model produces an initial localization as bounding boxes and
representative points; for parts, these must respect the structural constraint that
part boxes lie within the predicted object boxes. Finally, OP-HRG incorporates
a self-reflective verification step in which the model critiques its own initial
prediction, assesses whether the localization is tight and accurate, and decides
whether adjustment is necessary, then either retains the initial prediction or
produces a refined one. During training, this reflect-and-revise step provides a
complementary corrective check on the initial localization.

As shown in Figure 3, the prompt enforces this reasoning as a fixed sequence
of tagged outputs that expose intermediate reasoning states and localization
decisions (reasoning trace, target decision, object hint, initial answer, critique,
and refined answer). This structured format serves two purposes. First, it induces
the desired hierarchical reasoning behavior during inference. Second, it enables
fine-grained, verifiable reward signals for our reinforcement learning framework.

3.4 Active Visual Perception

In the OP-HRG formulation above, the self-reflective step reasons only over the
textual bounding-box and point coordinates of the initial prediction. The reflec-
tive step therefore needs to resolve these coordinates against the whole image,
rather than being able to inspect the enclosed image region of the model’s first
answer directly. We therefore extend OP-HRG with an active visual perception

(AP) step that grounds the reflective step in fresh visual evidence. After the ini-
tial localization (<first_answer>), generation pauses and the predicted boxes
are used to crop the corresponding regions from the input image. Each crop is
re-encoded by the model’s pretrained vision encoder and injected back as in-
terleaved visual tokens, so the model performs its critique and reaches the final
answer (<criticism> and <answer>) on this fresh visual evidence. This loop is
applied both during training and at inference, so the policy learns to exploit the
re-encoded crops when deciding if it needs to adjust its prediction.
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3.5 Reinforcement Learning with Part-Aware Rewards

Although pretrained MLLMs possess substantial visual and semantic knowl-
edge, they exhibit a bias toward coarse object-level grounding, in part due to
the scarcity of part-centric supervision in large-scale MLLM training [14,27,49].
Reinforcement learning offers a potential mechanism for correcting this bias –
it lets us reward tight, compact localizations and enforce structural constraints
such as part–object containment and consistency between intermediate reasoning
and final outputs. While prior work shows GRPO [43] is well-suited for align-
ing instruction-tuned MLLMs for visual grounding [30,32], these models remain
weak at grounding object parts, motivating a dedicated framework for part-
centric localization and object-part reasoning. We therefore train our multimodal
LLM with GRPO under a composite, part-aware reward, using its reasoning to
produce more accurate and compact object- and part-level bounding boxes and
representative points. The reward is built from modular, verifiable components
in three groups: base rewards, hierarchical grounding rewards, and reflec-
tive refinement rewards, described below. All components are normalized to
[0, 1] (or [�1, 0] for penalties) and combined into a total reward normalized by
the maximum achievable score (full normalization in Appendix D). We detail
the GRPO objective in Section 3.6 and the detailed reward implementation in
Appendix D.

Base Rewards. These rewards apply to every query regardless of whether it
targets an object or a part.

The format compliance reward scores adherence to the OP-HRG tag sequence
and the validity of JSON content within each tag, assigning individual credit
for well-formed <object_hint>, <first_answer>, <answer>, and <criticism>

blocks, normalized by the maximum achievable format score. The target decision

reward is a binary signal that rewards correct classification of the query as
object or part, which determines whether the model activates the object-part
hierarchical reasoning path.

The localization rewards assess the geometric quality of predicted bounding
boxes and representative points, computed identically for the initial and final
predictions (<first_answer> and <answer> respectively) to provide signal at
both stages. When multiple instances are present, we construct a cost matrix
C = 1 � IoU(B̂,B⇤) between the M predicted and N ground-truth boxes and
solve the assignment via the Hungarian algorithm [20], scoring matched pairs and
averaging over max(M,N) to penalize both missing and spurious detections. We
reward three localization components:
– IoU Reward : the mean IoU over matched pairs.
– L1 Distance Reward : for each matched pair (i, j), the mean absolute coordi-

nate difference `1,ij under an adaptive threshold ⌧
(`1)

j
= ↵`1 ·dj , where dj is the

diagonal of the j-th ground-truth box, ↵`1 a scaling factor, and the threshold
is clamped to ⌧

(`1)
max, giving the per-pair reward max(0, 1� `1,ij/⌧

(`1)

j
).
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– Point Accuracy Reward : a predicted point receives credit only if it lies inside
its own predicted box and its distance to the matched ground-truth point falls
within ⌧

(p)

j
= ↵p · dj , similarly clamped to ⌧

(p)

max.
Scaling the tolerance by the ground-truth box diagonal judges accuracy rel-

ative to region size, which matters for small part boxes that a fixed threshold
would treat too permissively. We use a tighter scaling factor for box coordinates
(↵`1) than for representative points (↵p), since a point may lie anywhere within
the target region whereas box boundaries must align tightly with ground truth.

The compactness reward encourages tight spatial coverage by scoring each
Hungarian-matched pair (i, j) with two complementary terms over the pre-
dicted box b̂i and its matched ground-truth box b

⇤
j
: a precision term ⇢ij =

|b̂i \ b
⇤
j
| / |b̂i|, the fraction of the predicted box overlapping ground truth, and

an over-prediction penalty !ij = �min
�
1, max(0, |b̂i|/|b⇤j | � 1)

�
, saturating at

�1 once the predicted box reaches twice the ground-truth area. The reward is
the mean of ⇢ij + !ij across matched pairs, favoring tight boxes; this benefits
object parts in particular, where even modest over-prediction can encompass
neighboring parts or the parent object.

The non-repetition reward penalizes degenerate chain-of-thought outputs by
checking for repeated sentences in the reasoning trace. The reward drops to zero
if two or more exact sentence duplicates are detected.

Hierarchical Grounding Rewards. These components are active only for
part queries and directly correspond to the object-part hierarchy introduced by
OP-HRG.

The object hint reward evaluates the predicted parent-object boxes, which
are matched to ground-truth object boxes via Hungarian matching on IoU, and
the reward is the normalized average IoU over matched pairs.

The part containment reward enforces structural constraints on the final part
predictions. For each predicted part box b̂

part, we verify three conditions against
the predicted and ground-truth object boxes: (i) b̂

part is spatially contained
within at least one object box, (ii) it is not identical to that object box, and
(iii) its area is strictly smaller, |b̂part| < |b̂

obj
|. Conditions (ii) and (iii) prevent

the policy from trivially replicating the object box as the part prediction to sat-
isfy containment without performing real part localization. The reward is the
fraction of predicted parts satisfying all three conditions.

Reflective Refinement Rewards. These components incentivize the self-
reflective loop in OP-HRG.

The improvement reward encourages meaningful refinement from the initial
to the final prediction. For IoU, it is defined as

R
IoU

improv
= max

⇣
0, Rfinal

IoU
�max

�
R

initial

IoU
, �IoU · IoUbaseline

�⌘
, (2)

where IoUbaseline is the precomputed IoU of a strong external baseline, so the
model earns reward only when it surpasses the stronger of its own first answer or
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that baseline. This is critical for preventing reward exploitation: by rewarding
the initial prediction independently and competing against the baseline, the
policy has no incentive to produce deliberately poor first answers to inflate the
improvement margin. WWe validate this design in Appendix D (Fig. 6), where
removing the baseline reference causes the initial IoU to collapse toward zero.
We similarly compute improvement rewards for the L1 and point rewards, and
apply an explicit penalty R

final

IoU
�R

initial

IoU
when the final IoU degrades relative to

the initial prediction, discouraging harmful refinement.
The adjustment consistency penalty penalizes contradictions between the

model’s adjustment intent and its actual behavior: declaring ADJUSTMENT: YES

with identical initial and final coordinates, or ADJUSTMENT: NO with changed
coordinates, incurs a penalty of �1, while consistent behavior incurs none. This
enforces honest self-reflection and prevents gaming of the critique mechanism.

3.6 Overall Training Objective

The pretrained multimodal LLM is adapted using GRPO with the composite re-
ward above. Let ⇡✓0 denote the frozen reference policy and ⇡✓ the updated policy.
For each image–query pair (I, q), GRPO samples a group G = {yj}

|G|
j=1

of struc-
tured outputs, scores each with the normalized reward R(yj) =

P
k
�kRk(yj),

and computes advantages Aj as deviations from the group mean, eliminating
the need for an explicit value function. The policy is optimized via a clipped
surrogate objective with a KL-divergence regularizer:

LGRPO = �
1

|G|

|G|X

j=1

min(⇢jAj , clip(⇢j , 1�✏, 1+✏)Aj) + �DKL(⇡✓k⇡✓0) , (3)

where ⇢j = ⇡✓(yj |I, q) /⇡✓0(yj |I, q) is the importance ratio, ✏ the clipping thresh-
old, and � the KL strength. The clipped surrogate restricts update magnitudes
for training stability, while the KL term keeps the policy from drifting from its
pretrained behavior, so that improvements in part-centric localization preserve
object-level performance rather than degrading the model’s broader competence.

4 Experiments

4.1 Models

Reasoning Model. We use Qwen3-VL-Instruct as our reasoning component.
We adopt the Instruct variant for two reasons. First, OP-HRG relies on ex-
plicit, step-by-step adherence to a structured prompt rather than free-form la-
tent reasoning, and the instruction-tuned variant is well suited to following this
fixed sequence of tagged steps. Second, on Qwen3-VL’s own grounding evalu-
ations [1], the Instruct variants attain stronger object detection performance
than the Think variants at both the 4B and 8B scales, indicating they are the
stronger starting point for spatial localization. We adopt the compact 4B model
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as our main configuration to demonstrate that structured reasoning and tar-
geted rewards, rather than scale alone, drive the gains, and additionally report
an 8B configuration (Table 3) to show that the framework scales with backbone
size. We do not perform a supervised fine-tuning cold-start, since Qwen3-VL
is already instruction-tuned to emit bounding boxes and representative points.
We apply the OP-HRG prompt structure and train from the pretrained weights
with GRPO under our verifiable part-aware rewards, which directly reinforce
and sharpen this existing capability rather than learning it from scratch.

Mask Decoder. For pixel-level segmentation, we employ the pretrained
SAM2-Large model as our main frozen mask decoder. We use SAM2 for two
reasons. First, prior baselines like [32] use the same decoder, and this ensures
a fair comparison. Second, prior literature demonstrates that SAM-style mod-
els already produce high-quality masks from spatial prompts such as boxes and
points. We therefore keep the SAM2 parameters frozen, isolating all improve-
ments to the reasoning-guided localization abilities of the MLLM.

4.2 Datasets and Preprocessing

General Object Data. We use the 7k multi-object dataset of [32], which
provides bounding boxes and representative points paired with free-form text
queries. The purpose of this dataset is to train the model on visual grounding
on a general, multi-object dataset that is not specific to object parts.

For part-level supervision, we employ the InstructPart train split [49] con-
taining 1200 images. The dataset provides curated, part-focused images with
object–part structure. The dataset provides part masks but no bounding boxes
or representative points. Since we need bounding boxes and points as localiza-
tion primitives to train our reasoning LLM, we derive these from the masks: each
connected component is converted into a bounding box, and the deepest interior
pixel is selected via the Euclidean distance transform as the representative point.

Baseline Signals. As described in our reward design, the improvement re-
ward credits gains only when the final prediction surpasses the stronger of the
model’s own initial answer and an external baseline. For this external refer-
ence, we use SAM3 [5], which generates segmentation masks from short textual
phrases. We pre-compute baseline IoU scores by passing all training queries to
SAM3, measuring predicted box overlap with ground truth, and storing the re-
sults as an additional field in the training data.

4.3 Results

We evaluate on three benchmarks: InstructPart [49] (600 queries, 600 images),
PascalPart [8] (specifically the PascalPart-116 split [51], which contains 1K
object + 10K part queries across 851 images), and PartImageNet [14] (14K
part queries across 4589 images), reporting gIoU (the mean IoU across all test
queries). InstructPart is evaluated on the test split of the dataset used for part-
level training, whereas PascalPart and PartImageNet are fully cross-dataset zero-
shot – our model has seen neither images nor annotations from either benchmark.
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Table 1: Results on part-grounding benchmarks (gIoU). Our 4B model surpasses larger
7B grounding LLMs and SAM3 on cross-dataset zero-shot part grounding (PascalPart,
PartImageNet), while leading on objects. †InstructPart is evaluated on its test split;
our RL training uses the InstructPart train split.

Parts Objects

Model InstructPart
†
PascalPart PartImgNet Pascal-Obj

Token-based grounding MLLMs
LISA-7B [21] 43.26 13.82 29.91 83.50
Sa2VA-4B [56] 50.15 14.67 38.13 77.02
PixelLM-7B [42] 44.41 16.57 35.25 81.71
UniPixel-3B [29] 59.68 30.64 46.18 85.54

Decoupled MLLM-to-SAM
Molmo + SAM3 (point) [5, 12] 51.02 8.87 17.30 57.57
Grounding DINO + SAM3 (box) [5, 28] 33.74 13.13 31.38 79.25
VisionReasoner-7B [32] 59.38 27.44 45.59 86.68

Text-promptable segmentation
ClipSeg [34] 31.85 12.51 33.45 70.51
SAM3 (text) [5] 71.06 33.05 53.89 85.32

Qwen3-VL-Instruct-4B + SAM2
zero-shot OP-HRG prompt 31.45 12.83 21.95 36.91
+ RL using InstructPart (Ours) 75.56 38.59 56.87 87.50

� vs. best baseline +4.50 +5.54 +2.98 +0.82

Both feature diverse, naturally occurring scenes at far larger scale than the In-
structPart training set, making them a challenging test of generalization. There-
fore, the gains there show that training on just 1200 part-focused images with
our method improves part grounding.

Table 1 compares our pipeline against baselines that span different paradigms
for visual grounding. We first compare against a set of special-token grounding
LLMs (LISA-7B [21], Sa2VA-4B [56], PixelLM-7B [42], and UniPixel-3B [29]),
which embed segmentation tokens into the LLM output to condition a jointly
trained mask decoder. All underperform our method on parts, with the strongest
(UniPixel-3B) trailing by 15.88, 7.95, and 10.69 gIoU on InstructPart, Pascal-
Part, and PartImageNet parts.

Next, we compare against decoupled MLLM-to-SAM pipelines, which, like
ours, prompt a frozen mask decoder with MLLM predictions. Since this design
relies on the MLLM producing bounding boxes and representative points as
prompts, we first consider two baselines that isolate each modality. Molmo [12],
a strong pointing model, is paired with SAM3 to generate masks from single-
point predictions; Grounding DINO [28], a state-of-the-art open-set detector,
is paired with SAM3 to generate masks from predicted bounding boxes. Both
perform substantially worse than our method on parts, confirming that neither
strong pointing nor strong detection alone suffices for part grounding. Vision-
Reasoner [32] pairs a Qwen2.5-VL-7B model with SAM2 and uses RL alignment
for grounding; with a smaller 4B model, our method improves on it by +16.18,
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Table 2: Frozen mask-decoder swap
with our trained MLLM fixed (gIoU).

Parts Obj

Decoder InstP
†

PascP PartIN PascO

SAM2 (Ours) 75.56 38.59 56.87 87.50
SAM3 75.77 39.05 56.23 87.73

Table 3: Active visual perception.
Parts Obj

Model InstP
†

PascP PartIN PascO

Ours (4B) 75.56 38.59 56.87 87.50
+ AP (4B) 76.34 39.04 55.98 88.09
AP (8B) 77.00 40.28 58.19 89.62

Table 4: Referring grounding (Acc@0.5) on
RefCOCO/+/g.
Model RefC RefC+ RefCg Avg

testA testA test

Specialist grounding models
GLIP-T (ZS) [24] 54.3 52.8 66.9 58.0
MDETR [18] 89.6 84.1 80.9 84.9
GDINO-T [28] 91.9 87.4 84.9 88.1

Multimodal LLMs
Shikra-7B [7] 90.6 87.4 82.2 86.7
InternVL2-8B [10] 91.1 87.9 82.7 87.2
Qwen2.5-VL-7B [2] 91.7 88.2 85.7 88.5
Qwen3-VL-Instruct-4B [1] 92.7 88.7 87.8 89.7
VisionReasoner-7B [32] 90.6 87.9 87.5 88.7
Ours-4B 89.3 83.3 86.9 86.5

+11.15, and +11.28 gIoU on InstructPart, PascalPart, and PartImageNet parts,
demonstrating the effectiveness of structured hierarchical reasoning and part-
aware rewards. SAM3 [5], the latest model in the Segment Anything family, is
trained to segment visual concepts from textual phrases and is the strongest
baseline. Nevertheless, our method outperforms SAM3 both on in-domain (In-
structPart) and zero-shot parts evaluation. Finally, we compare against our base
model: Qwen3-VL-Instruct-4B paired with SAM2 under the OP-HRG prompt,
without any RL training. This vanilla configuration scores far below our trained
model across every benchmark, on the identical architecture and prompt, isolat-
ing the impact of our reinforcement learning framework with part-aware rewards.
Beyond parts, our method also achieves the strongest object-level performance
(87.50 gIoU on Pascal-Obj) compared to all baselines in Table 1. This shows
that part-centric training improves object-level grounding on these benchmarks.

Our decoupled design treats the mask decoder as a frozen, interchangeable
module, raising the question of whether our gains depend on the specific decoder
rather than the reasoning-guided localization. To test this, we hold our trained
Qwen3-VL-Instruct-4B fixed and replace only the decoder, prompting SAM3 [5]
with the same predicted boxes and points in place of SAM2. As Table 2 shows,
the swap does not significantly shift the gIoU, confirming that the quality of
our MLLM-generated prompts, not the decoder, drives performance; we retain
SAM2 by default to match prior decoupled pipelines [32].

Table 3 reports our model with the active visual perception step introduced
in Section 3.4. At 4B, conditioning the final answer on re-encoded crops improves
performance on three of the four splits. The 8B configuration improves over its
4B counterpart, demonstrating that our framework scales to larger models.

We next verify that part-centric training does not compromise general object-
level grounding. Table 4 reports referring grounding accuracy (Acc@0.5) on Re-
fCOCO/+/g. Our 4B model attains 86.5 average accuracy, competitive with
the 7B VisionReasoner [32] (88.7) and within roughly three points of its own
Qwen3-VL-Instruct-4B base [1] (89.7). This trade-off is modest relative to the
large part-grounding gains in Table 1, indicating that reinforcing fine-grained
part localization largely preserves whole-object referring. Beyond explicit part



Reasoning-Guided Part-Level Visual Grounding 13

Table 5: Reasoning segmenta-
tion on ReasonSeg (gIoU). Our
4B model surpasses baselines, in-
cluding the 7B VisionReasoner,
showing that part-centric training
also benefits reasoning-driven ob-
ject segmentation.

Model ReasonSeg

ReLA [26] 21.3
LISA-7B [21] 36.8
Qwen2.5-VL-7B [2] 52.1
SegZero-7B [31] 57.5
VisionReasoner-7B [32] 63.6
GenSeg-R1-4B [16] 68.4
Ours-4B 69.6

Table 6: Inference cost comparison

Model Time (s) Avg. tokens

VisionReasoner-7B [32] 1.86 272
ZS OP-HRG Prompt 3.31 607
Ours 2.87 564

Table 7: Ablation on the InstructPart test set.

Model gIoU

(a) Is part-level training data sufficient?
VisionReasoner (Qwen2.5-VL-7B + SAM2) 59.38

+ GRPO on InstructPart 62.33

(b) Are both OP-HRG components necessary?
Ours w/o hierarchy & refinement 70.32
Ours w/o hierarchical grounding 73.77
Ours w/o reflective refinement 73.98
Ours 75.56

and object grounding, we assess whether our structured reasoning transfers to
tasks requiring implicit multi-step inference. Table 5 reports gIoU on ReasonSeg,
a reasoning-driven segmentation benchmark. Our 4B model reaches 69.6 gIoU,
surpassing the baselines and indicating that the reasoning induced by OP-HRG
benefits segmentation broadly, not only part localization.

Finally, we examine inference cost. Table 6 reports MLLM wall-clock time
and average generated tokens on an NVIDIA L40 at batch size 32. Our method
runs faster than the same base model under the OP-HRG prompt without RL,
because GRPO training discourages unconstrained reasoning and yields more
compact outputs (564 vs. 607 tokens). Relative to VisionReasoner, our hierar-
chical, self-reflective procedure adds about one second of overhead, a modest
cost given the substantial part-grounding gains in Table 1. We provide qual-
itative examples illustrating our model’s predictions across all benchmarks in
Appendix H.

4.4 Ablation Studies

We conduct ablation experiments on the InstructPart test set [49], as shown in
Table 7. We choose InstructPart for this analysis because it is drawn from the
same domain as our part-level training data, allowing us to directly isolate the
contribution of each architectural and reward component without conflating the
effects of cross-dataset distribution shift.

Is part-level training data sufficient? VisionReasoner [32] achieves 59.38
gIoU on InstructPart using its original training and reward design. To test
whether simply exposing a strong baseline to part data closes the gap, we retrain
VisionReasoner on the InstructPart train split using GRPO with its original re-
ward function, without OP-HRG prompting or our part-aware rewards. This
yields a gain to 62.33 gIoU vs our 75.56, indicating that part data adaptation
alone is insufficient.
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Query: “Cow’s Head” First IoU: 48% Final IoU: 60% (+12%)
Criticism: The provided bounding boxes are too large and don’t tightly enclose the “cow’s head”. The first box includes the entire cow, which is not 
what is being asked for. The second box is also too large and includes the entire body of the cow. I need to adjust the first box to only cover the head 
region (from top of the head to the neck) and the second box to cover only the head of the second cow. ADJUSTMENT: YES

Query: “Cat’s Torso” First IoU: 60% Final IoU: 71% (+11%)
Criticism: The bounding box and the point doesn’t tightly enclose the torso. Current box includes parts of cat’s head and paws, which are not part of 
torso. The torso is defined from the chest to the base of the tail, excluding head and limbs. The point should be centered around the torso, not near 
the head. ADJUSTMENT: YES

First Final GT Mask First Ans Mask Final Ans MaskGT Box

Fig. 4: Examples of the reflective step from an intermediate model checkpoint.

Are both object-part hierarchy and the reflective refinement com-
ponents necessary? We ablate the two core mechanisms of OP-HRG indepen-
dently. Training with only standard localization rewards (IoU, L1, point accu-
racy) and no OP-HRG structure reaches 70.32 gIoU, which confirms that GRPO
alignment helps but trails our full method. Removing hierarchical grounding –
the object-first localization stage, the part containment constraint, and the ob-
ject hint reward – while keeping reflective refinement reduces performance to
73.77 gIoU; conversely, removing reflective refinement – the self-critique loop,
the two-answer structure, and the improvement reward – while keeping hierar-
chical grounding gives 73.98 gIoU. Both underperform the full pipeline, showing
that hierarchical grounding and reflective refinement are complementary and
individually necessary.

4.5 Analyzing the Reflective Step

The ablation above shows that reflective refinement contributes a modest gain
(+1.58 gIoU on InstructPart). We find that this gain acts primarily as a train-
time regularizer rather than a test-time process: a model trained with the full
objective but evaluated with a plain single-answer prompt retains nearly all of
it (75.40 vs. 75.56), so the benefit is internalized into the weights rather than
supplied by the prompt at test time.

Refinement is active early and progressively internalized. We check-
point the model every 50 steps and trace its refinement behavior on InstructPart
(Figure 5). Early in training the model revises often, with a net positive IoU
change (top), confirming the reflective step does real corrective work. Figure 4
shows two such cases. The model tightens an over-broad box that had included
the cat’s head and paws down to just the torso (IoU 0.60 vs. 0.71), and narrows
a whole-cow box to the queried cow’s head alone (0.48 vs. 0.60). The bottom
panel shows the initial- and final-answer gIoU: early on, the final sits above
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the initial, but the two converge as training proceeds. Once the model achieves
its best possible first answer, the reflective step increasingly acts as verification
rather than correction, as further mentioned in Sec. 5.

5 Limitations

Fig. 5: Refinement behavior over training.
Top: revision rate and mean IoU gain. Bot-
tom: initial vs. final gIoU.

We observe that as training pro-
gresses over many steps, the reason-
ing model converges toward produc-
ing higher quality predictions at the
initial stage, which in turn leads to
the reflective mechanism consistently
declining to adjust. This is a natu-
ral consequence of optimization: as
the model’s first-answer accuracy im-
proves towards the best that it can
achieve, there is less need for refine-
ment, and our reward discourages un-
necessary changes. However, this con-
vergence effectively reduces the reflec-
tive refinement loop to a verification
step rather than an active correction
mechanism. Future work could explore the utility of the reflective stage even as
the base localization quality improves. Our part containment reward is satisfied
whenever a predicted part box falls within any parent object box. A part local-
ized within the wrong object of the same category can still be scored as valid.
As most of our InstructPart training data does not contain such multi-instance
scenes, this has limited effect, and we leave this to future work.

6 Conclusion

We presented Object-Part Hierarchical Reflective Grounding (OP-HRG), which
addresses a basic weakness of current multimodal LLMs that ground whole ob-
jects well but fail on fine-grained parts. OP-HRG works coarse-to-fine. It first
localizes the parent object, then the part within it, and refines and verifies
the result with a self-check. We train it with a part-aware GRPO framework
whose stage-wise rewards supervise each step. With a compact 4B-parameter
model, our method outperforms larger baselines on PascalPart and PartIma-
geNet (cross-dataset zero-shot) and InstructPart (in-domain) with only a modest
trade-off in general object referring, and it transfers to reasoning segmentation.
Ablations show that hierarchical grounding and reflective refinement contribute
comparable, complementary gains, with the reflective step’s benefit largely inter-
nalized during training. These results suggest that the capacity for fine-grained
spatial reasoning already exists within pretrained MLLMs and can be drawn out
through structured prompting and targeted reward design.
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