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grasp the white iphone box

<think>

path 1:  (1016, 1135)→  (1504, 534)

path 2:  (1016, 1135)→  (554, 960)   

</think>

<answer>

(plier; (1504, 534));

(chicken leg toy; (554, 960)) 

</answer>

<think>

iphone box at (1016, 1135) is obstructed by 
plier at (1504, 534) with the obstruction ratio 
of 21%; plier at (1504, 534) is not obstructed. 

iphone box at (1016, 1135) is obstructed by 

chicken leg toy at (554, 960) with the 
obstruction ratio of 33% chicken leg toy at 
(554, 960) is not obstructed. 

</think>

iphone box at 

(1016, 1135)
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Figure 1. UNOGrasp performs multi-step obstruction reasoning for robotic grasping in cluttered scenes. Given an RGB-D image and
a natural-language goal (e.g., grasp the white iphone box), UNOGrasp reasons and grounds spatial information to infer the
sequence of steps to unobstruct a requested object. We also introduce UNOBench to comprehensively benchmark obstruction reasoning.

Abstract

Successful robotic grasping in cluttered environments not
only requires a model to visually ground a target object
but also to reason about obstructions that must be cleared
beforehand. While current vision-language embodied rea-
soning models show emergent spatial understanding, they
remain limited in terms of obstruction reasoning and acces-
sibility planning. To bridge this gap, we present UNOGrasp,
a learning-based vision-language model capable of perform-
ing visually-grounded obstruction reasoning to infer the
sequence of actions needed to unobstruct the path and grasp
the target object. We devise a novel multi-step reasoning
process based on obstruction paths originated by the target
object. We anchor each reasoning step with obstruction-
aware visual cues to incentivize reasoning capability. UN-
OGrasp combines supervised and reinforcement finetuning
through verifiable reasoning rewards. Moreover, we con-
struct UNOBench, a large-scale dataset for both training and
benchmarking, based on MetaGraspNetV2, with over 100k
obstruction paths annotated by humans with obstruction
ratios, contact points, and natural-language instructions.
Extensive experiments and real-robot evaluations show that
UNOGrasp significantly improves obstruction reasoning and
grasp success across both synthetic and real-world environ-
ments, outperforming generalist and proprietary alternatives.
Project website: https://tev-fbk.github.io/UnoGrasp/.

1. Introduction

Making robots interact with highly cluttered and unstruc-
tured 3D environments, such as bin-picking or object assem-
bly following natural-language instructions, is an important
skill for robotic manipulation [28]. Successful grasping
of a target object that is requested in natural language, de-
mands Vision-Language Models (VLMs) [4] to not only
visually ground and differentiate the target object, but also
understand inter-object physical dependencies. When ob-
jects impose on one another, the resulting physical obstruc-
tion can make manipulators fail in cluttered settings, as it
prevents the robot’s end-effector from successfully accessing
the target object [12]. While detection-based approaches can
estimate obstruction relationships [18], their design does not
extend to broader embodied reasoning or multi-step action
planning required by VLMs. Although VLM-based spa-
tial reasoning is crucial for robotic manipulation, emerging
benchmarks [10, 15, 24, 29] reveal that existing VLMs are
generally limited in spatial reasoning necessary for physical
interaction in the embodied context. The challenge inherent
to dense, cluttered scenes, where objects physically obstruct
one another, still remains largely underexplored.

Preliminary research by Jiao et al. [12] explores VLMs’
zero-shot ability, exploiting Molmo [9] for visual ground-
ing and prompting GPT-4o [2] to reason whether to clear
obstructing objects first. The recent release of (proprietary)
Gemini Robotics ER [1] features a generalist model that
exhibits interesting spatial understanding and grounding abil-
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ities. While promising, current research [1, 12] remains shal-
low in the task formalization and lacks in-depth investigation
on how to evaluate and promote obstruction reasoning.

In addition, while classical grasp planning methods typ-
ically address cluttered manipulation through grasp affor-
dance modeling and action selection [5, 8, 26, 35], we in-
stead study obstruction understanding as a spatial perception
and reasoning problem, abstracted from low-level control.

We advance embodied spatial reasoning for robotic grasp-
ing in clutter, primarily focusing on obstruction reasoning
with the objective of identifying obstruction paths directed
from user-requested target objects. We aim to benchmark
and enhance existing VLMs on obstruction reasoning ca-
pability, in order to unobstruct the paths and promote suc-
cessful grasp of the target object. To this end, we introduce
UNOBench, a dataset for both training and benchmarking
VLMs’ obstruction reasoning. UNOBench is based on Meta-
GraspNetV2 [11], featuring diverse daily objects in both
synthetic and real scenes. We associate each object with a
human-annotated natural-language description to uniquely
identify the instance in clutter. UNOBench provides 100k+
obstruction paths with rich metadata, e.g. obstruction ratios,
contact points, natural-language descriptions. We also pro-
pose a set of evaluation metrics to quantify models’ reason-
ing performance at both object and obstruction-path levels.

Moreover, we introduce UNOGrasp, a VLM equipped
with novel visually-grounded obstruction reasoning ability
for inferring the sequence of accessible obstructing objects
that must be removed. UNOGrasp addresses obstruction
reasoning via formulating a directed graph with objects as
nodes and obstruction relations as edges, allowing it to ef-
fectively infer accessible obstructors. UNOGrasp is trained
on UNOBench using a two-stage approach: supervised fine-
tuning (SFT) to initialize its reasoning capability, then rein-
forcement fine-tuning (RFT) based on verifiable rewards and
obstruction-aware visual cues to boost the model’s reason-
ing. We benchmark UNOGrasp against Gemini Robotics-ER
1.5 [1] and Qwen2.5-VL [4] baselines. UNOGrasp outper-
forms these baselines in both synthetic and real scenes of
UNOBench. Notably, we also conduct real-world robotic
experiments in a laboratory environment, confirming UNO-
Grasp’s advantage over Gemini Robotics-ER 1.5 in terms of
obstruction reasoning. Unlike proprietary models, we will
release data, model and code publicly.
In summary, our main contributions are:
• We pioneer the deep study of spatial obstruction reasoning

for robotic grasping in challenging cluttered scenes.
• We introduce UNOBench, the first large-scale benchmark

for training and testing obstruction reasoning, with evalua-
tion protocols and metrics to quantify reasoning accuracy.

• We propose UNOGrasp, a VLM trained with a novel graph-
based recipe that encourages obstruction reasoning with
obstruction-aware visual cues, like occlusion ratio.

• UNOBench confirms that obstruction reasoning remains
an open challenge in embodied spatial reasoning, while
UNOGrasp achieves state-of-the-art performance.

2. Related work
Spatial reasoning with VLMs. VLMs are limited in 3D
spatial reasoning despite high VQA performance [15, 29].
Research addresses this by fine-tuning models with explicit
3D knowledge, such as metric distances (SpatialVLM [7])
or depth inputs (SpatialBot [6]). Further progress utilizes re-
inforcement learning for robotic manipulation tasks [25, 38],
exploits intermediate representations [34] or descriptive
scene graphs [16], and employs visual prompting tech-
niques (e.g., Set-of-Mark [31, 32]) to enhance reasoning.
Affordance understanding is also being integrated (Robo-
Point [33], A0 [30]), and VISO-Grasp [23] tackles visibility
constraints. Yet, most works do not consider scenarios where
target objects are obstructed, thus hindering successful ma-
nipulation, while UNOGrasp addresses this exact challenge.
Obstruction reasoning in robotic grasping. Classical clut-
tered grasping methods formulate the problem as grasp af-
fordance prediction and sequential manipulation planning
based on physical feasibility [5, 8, 26, 35]. Grasping under
obstruction requires inferring object geometry and feasi-
ble grasps from partial observations [14, 27]. An equally
important challenge is inferring the sequence of actions
needed to clear complex arrangements (e.g., stacked ob-
jects) for access [12, 18, 36]. Recent VLM approaches for
cluttered grasping include dedicated planners like Relation-
Grasp [13], and reasoning models like ThinkGrasp [17] and
FreeGrasp [12], which use LLMs for object removal plan-
ning and visual prompting, respectively. Unlike prior meth-
ods that construct scene-level graphs over all objects [11, 18],
UNOGrasp builds a compact obstruction graph centered on
the target object, focusing on its accessibility.
Datasets and benchmarks on obstruction reasoning.
Progress in obstruction reasoning include early works like
VMRN [36] and REGRAD [37] that use object relation-
ships to formulate obstruction graphs, while MetaGrasp-
NetV2 [11] and amodal segmentation datasets like UOAIS-
SIM [3] focus on occlusion-related challenges. However,
these datasets are not aligned with complex, reasoning-
oriented manipulation tasks that require understanding
multi-object obstruction chains. VLM benchmarks (e.g.,
EmbSpatial-Bench [10], Spatial457 [29], CAPTURe [15])
primarily test static perception rather than action-centric ob-
struction reasoning (i.e., planning clearance actions). How-
ever, most datasets lack language annotations, limiting their
utility for VLMs and preventing linguistically-grounded ob-
struction reasoning. To bridge this gap, we introduce UN-
OBench, the first benchmark with annotated free-form lan-
guage object descriptions to enable VLMs to jointly reason
about occlusions and corresponding unobstructing actions.
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Figure 2. UNOBench features two unique characteristics: (i) human-annotated free-form language instructions about objects in cluttered
bins, and (ii) per-bin obstruction graphs for grounded spatial reasoning. Human annotators through the Prolific platform were involved to
refine the initial GPT-4o generated annotations. UNOBench features three levels of difficulty and introduces novel evaluation metrics.

3. UNOBench

UNOBench is built upon MetaGraspNetV2 [11] dataset, and
is both for training and benchmarking (Fig. 2). MetaGrasp-
NetV2 provides amodal segmentation and object geometry,
but it lacks explicit supervision for high-level reasoning and
language grounding. UNOBench introduces two unique
characteristics: (i) human-annotated free-form language in-
structions of objects in cluttered bins, (ii) per-bin obstruction
graphs for grounded spatial reasoning. UNOBench enables
obstruction-aware and language-guided grasping through,
structured obstruction reasoning construction to enrich each
scene with physical obstruction information, object-centric
graphs, and semantic knowledge, and obstruction-aware
VQA synthesis to transform these structured annotations into
a VQA dataset suitable for model training and evaluation.

Structured obstruction reasoning construction. We semi-
automatically construct a symbolic representation encod-
ing visual obstruction structures in four steps: (a) Set-of-
Marks (SoM) preparation: we overlay unique numeric marks
[31] on each object instance in the ground-truth masks, as-
signing an ID and centroid (x, y); (b) Obstruction informa-
tion: from amodal masks, we compute contact points, ob-
struction ratios, and obstruction degrees (slightly, partially,
mostly, heavily obstructed); (c) Object-centric obstruction
graph: for each target, we build a directed graph where
nodes are SoM IDs and edges represent “the obstructed
→ the obstructing” relations with associated obstruction
attributes; (d) ID-name-coordinate association: GPT-4o pro-
cesses mark-based prompts to generate names for all IDs,
forming (id, name, (x, y)) triplets. We rely on human anno-
tators to refine 5,400 challenging images, where 196 native
speakers on Prolific reviewed 41,193 object names (80 min-
utes per person), followed by expert rechecking of all scenes,
resulting in 4,678 corrected images and 17,261 revised object

names, ensuring linguistic accuracy and visual consistency.
Obstruction-aware VQA synthesis. We generate two com-
plementary datasets following the structured <think> and
<answer> format. These two datasets form a unified
benchmark: the Oracle with Set-of-Mark (SoM) dataset as-
sesses structured reasoning with explicit grounding, while
the Natural Language Prompting dataset evaluates obstruc-
tion reasoning and grounding based on free-form instruc-
tions. Specifically: (i) Oracle (SoM): Starting from the
object-centric obstruction graph (OG), we use predefined
templates to generate questions and reasoning traces. All
instances are represented by numeric IDs only (no names or
coordinates). This setting solely evaluates the model’s rea-
soning capability, as all object instances are unambiguously
identified via SoM. (ii) Natural Language Prompting: Build-
ing upon the Oracle formulation, this setting better reflects
real-world robot usage, where users’ prompts are questions
given in free-form language without explicit IDs or coor-
dinates. The model-generated <think> and <answer>
traces include both object names and coordinates at each
reasoning step, reflecting realistic human–robot interaction.
This dataset measures a model’s ability on both obstruction
reasoning and spatial grounding with linguistic instructions.
Dataset statistics. UNOBench comprises synthetic and real
scenes. The former includes 6,255 scenes with 25,020 view
images, 97,066 object instances annotated with names, and
108,174 reasoning paths. The latter includes 520 scenes with
one view per scene, 2,232 object instances annotated with
names, and 2,552 obstruction paths.

3.1. Evaluation protocol
We introduce our metrics and benchmark split below.
Outcome-level metrics. For each target object, we quantify
the correctness of the final answer (the predicted top-level
obstruction set, Fpred(ot)) against the ground truth (FGT(ot)).
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We report Success Rate Precision (SR-P), Recall (SR-R), and
the F1-score, which collectively measure the accuracy of the
model’s final action output in the <answer> section.
Reasoning-level metrics. We assess the model’s reason-
ing ability in <think> at two levels. Object-level reason-
ing is computed using Object Triplet Precision (OP), Re-
call (OR), and F1rel, as in [18]. For each pair of objects,
we deem a true positive when both objects and their ob-
struction relationship are correctly identified. Path-level
reasoning is computed using our new metric Multi-Path
Normalized Edit Distance (MP NED). MP NED measures
the structural alignment between predicted (P={pi}mi=1)
and ground-truth (G={gj}nj=1) reasoning paths. Formally,

NED(pi, gj) =
EditDist(pi,gj)
max(|pi|,|gj |) , where EditDist is the Leven-

shtein distance. We then find the minimal-cost assignment
via the Hungarian algorithm using Cij = NED(pi, gj) as
the cost matrix. MP NED is the mean cost over matched
pairs: MP NED = max(m,n)−1

∑
(i,j)∈match Cij . A lower

MP NED indicates closer structural alignment of the reason-
ing paths. More details are referred to Supp. Mat.
Difficulty-based evaluation split. We categorize the dif-
ficulty of each target object based on its obstruction graph
depth (Kmin) and the number of distinct reasoning paths
(|P |). We divide the benchmark into four difficulty levels
(No-Occ, Easy, Medium, and Hard), as summarized below:

Level Condition Interpretation

No-Occ Kmin = 0 No obstruction
Easy Kmin = 1, |P | = 1 Single-path reasoning

(Kmin = 1, |P | > 1) or
Medium (Kmin = 2, |P | ≤ 2) Multi-path or shallow depth

Hard Kmin ≥ 3 or (Kmin = 2, |P | > 2) Deep or complex reasoning

4. UNOGrasp

Problem formulation. Let us define a cluttered workspace
with a set of N visible objects as O = {o1, o2, . . . , oN}
(Fig. 2). Given an RGB-D observation I = (Irgb, Id) and
a free-form textual instruction q ∈ L (e.g., grasp the
white box on the leftmost) that uniquely refers
to a target object ot ∈ O, we aim to produce an unobstruc-
tion plan to grasp ot. Irgb is used for reasoning and action
sequence planning. Id is used to estimate 3D grasping points.
If ot is unobstructed, UNOGrasp instructs a direct grasp.
Otherwise, UNOGrasp identifies the minimal sequence of
actions to access ot. This sequence begins by identifying all
top-level obstructing objects, those that obstruct ot but are
themselves accessible, i.e. free of obstruction. Each action
corresponds to an object removal. Note that our action plan
is purely based on the obstruction’s existence. Various ob-
structions may impede grasping differently, thus quantifying
obstruction severity is highly challenging and application-
dependent, out of the scope of this paper.

UNOGrasp formulates obstruction reasoning as a directed
graph. We train it on a portion of UNOBench’s synthetic set
using a two-stage approach: supervised fine-tuning (SFT)
to initialize its reasoning capability, then reinforcement fine-
tuning (RFT) based on obstruction-aware visual cues to boost
model’s reasoning. Fig. 3 illustrates UNOGrasp stages.

4.1. Target-centric obstruction graph
Given the instruction q in free-form language, the model
performs spatial reasoning to ground the linguistic reference
in Irgb and identify ot among all visible objects. If ot is not
initially visible (e.g. deeply beneath), the model uses contex-
tual cues to infer the most plausible candidate. Once ot is
localized, we model its visual obstruction. Instead of reason-
ing over all possible pairwise obstruction relations [18], we
construct a target-centric obstruction graph that exclusively
captures the objects relevant to the accessibility of ot.

The sequence of actions required to unobstruct the target
object ot can be modeled as a directed graph, Gt = (Vt, Et).
The node set Vt includes the target object ot and all ob-
jects that directly or indirectly obstruct it. A directed edge
(oi, oj) ∈ Et indicates that object oi is obstructed by object
oj when viewed from the camera viewpoint. Edges are di-
rected from the obstructed object to the obstructors, forming
one or more obstruction paths that originate at the target ob-
ject ot and terminate at the accessible top-level obstructors.
Any object that appears along one of these obstruction paths
can be considered an ancestor of ot, and must be removed
before ot becomes fully accessible. Let A(ot) be the set of
ancestor objects of ot that is defined as

A(ot)={ oi∈O | ∃ a directed path [ot, · · ·, oi]∈Gt }. (1)

Objects that lie on top of the clutter are defined as

F(ot)={ oi∈A(ot) | ∄ oj s.t. (oi, oj)∈Et }. (2)

Each oi ∈ F(ot) is a visible and graspable object; removing
any of these will reduce the obstruction of ot.

Lastly, we express the reasoning objective as:

fΘ(I, q) =

{
A(ot) → F(ot), if ot is obstructed,
ot, otherwise.

(3)

fΘ is parametric, with Θ being its parameters. We aim
to train fΘ to output F(ot) through obstruction reasoning
A(ot). When multiple top-level obstructors exist, F(ot) pro-
vides a set of next-step candidates, from which the robot can
select based on constraints like graspability, or reachability.

Fig. 3 shows three examples of target-centric obstruction
graphs: G1, G2, and G3. For the light bulb (o1), which is
unobstructed, its graph G1 contains only the object itself.
G2 represents the obstruction graph of the stapler (o2). The
stapler is blocked by the yellow propeller (o4), which is
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by soap pouch at (693,451) with the obstruction ratio 

of 69%; soap pouch at (693,451) is not obstructed; 
path2: brown box at (768,631) is obstructed by blue 
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Figure 3. UNOGrasp is a VLM trained through supervised fine (SFT) on UNOBench to learn structured obstruction-path reasoning, and
through GRPO-based reinforcement finetuning (RFT) to further boost its reasoning ability using outcome-driven IoU and format rewards.
During inference, given an RGB image and a target object as language instruction, UNOGrasp reasons over multiple obstruction paths
(<think> traces) and directly outputs the sequence of actions (<answer>) required to remove obstructions and grasp the target.

further blocked by the orange toy gun (o5). Thus, both
objects are ancestors, A(o2) = {o4, o5}. However, only
the orange toy gun is itself unobstructed, making it the top-
level obstructing set: F(o2) = {o5}. In G3, both the soap
pouch (o6) and blue can (o7) obstruct the brown box (o3) and
are themselves unobstructed, meaning F(o3) = A(o3) =
{o6, o7}. Ultimately, the model’s objective is to accurately
infer these minimal obstruction sets, F(ot), which guide the
robot in deciding the next necessary action. We next describe
how fΘ is trained to achieve this reasoning capability.

4.2. Training pipeline
We develop a two-stage training pipeline to train fΘ (Eq. 3)
with visually grounded, obstruction-aware reasoning: i)
warm-start supervised finetuning (SFT) that encourages the
model to output visually grounded reasoning chains aligned
with the obstruction graph of the referred target; ii) reinforce-
ment finetuning (RFT) that optimizes task-relevant behaviors
using our novel obstruction-aware rewards.
SFT with visually-grounded chains. We finetune fΘ on
UNOBench (§3) to interpret free-form language instructions
(q) and associate them with a unique target object (ot) in
the visual scene. This grounding is supervised using two
methods for explicit reference: the object’s name and its
image coordinates {ot, (xt, yt)}, and a SoM visual prompt,
where objects are assigned unique IDs. These explicit cues
are essential for disambiguating multiple instances based
on spatial or relational cues in q. The fine-tuning instructs
fΘ to identify if (i) ot is unobstructed, (ii) ot has a single

obstruction path, and (iii) ot has multiple obstruction paths.
The model generates a step-by-step reasoning chain where
every step is anchored to a physically adjacent (contacting)
neighbor, ensuring the chain traverses valid obstructions.
We encourage fΘ to quantify obstruction levels as auxiliary
signals within the chain, aligning with findings that spatial
grounding encourages visual reasoning [20]. This process
strengthens the model’s ability to reconstruct complete ob-
struction paths and identify the top-level obstructors F(ot)
that constitute the next-step action set.
RFT with obstruction-aware rewards. Starting from the
SFT-bootstrapped model fΘ, we perform RFT to enhance its
grounded reasoning ability. The model produces a natural
language description and corresponding image coordinates
for each object, enabling fΘ to progressively refine its atten-
tion using task-relevant visual information [20]. We adopt
Group Relative Policy Optimization (GRPO) [21] to average
rewards across multiple sampled outputs, using a standard
formulation similar to related works [20, 38]. Importantly,
we define a novel, task-specific reward r as a weighted com-
bination of a format reward rfmt and a task reward rtask:

r = λfmt rfmt + λtask rtask. (4)

The format reward, rfmt, is binary (1 or 0), promoting struc-
tural validity by checking for the correct presence and clo-
sure of the reasoning <think> and action <answer> con-
texts. The task reward, rtask, supervises the grounded output
F(ot) (the content of the action context) using a set-level
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Table 1. Path-level reasoning results on UNOBench synthetic test set. ICL: In-Context Learning. SFT: Supervised finetuning. SR: Success
Rate; MP NED: Multi-Path Normalized Edit Distance; P: Precision; R: Recall; F1: F1-Score; Best results bold; second best underlined.

Method No obstructions Easy Medium Hard

SR (%)↑ MP NED↓ SR-P (%)↑ SR-R (%)↑ SR-F1 (%)↑ MP NED↓ SR-P (%)↑ SR-R (%)↑ SR-F1 (%)↑ MP NED↓ SR-P (%)↑ SR-R (%)↑ SR-F1 (%)↑ MP NED↓
Oracle (with SoM)

Gemini Robotics-ER 1.5 [1] 68.7 0.17 57.7 62.8 59.3 0.25 33.0 30.2 29.8 0.56 5.9 5.7 5.4 0.74
Gemini Robotics-ER 1.5 [1] (ICL) 54.6 0.25 67.1 73.3 69.1 0.20 41.8 39.7 38.7 0.50 14.9 14.8 13.8 0.68
Qwen2.5-VL [4] (ICL) 9.8 0.64 24.7 36.7 27.2 0.55 20.7 27.2 20.3 0.73 9.7 17.2 10.2 0.79
Qwen2.5-VL [4] (SFT) 88.7 - 69.6 70.3 69.8 - 64.2 53.1 56.5 - 38.1 33.3 34.3 -
UNOGrasp 94.8 0.03 82.8 84.4 83.3 0.11 74.8 67.2 69.1 0.37 56.8 55.3 54.5 0.51

Natural Language Prompting
Gemini Robotics-ER 1.5 [1] 50.2 0.88 51.8 52.8 52.1 0.84 36.9 30.9 32.5 0.87 11.7 9.4 10.1 0.91
Gemini Robotics-ER 1.5 [1] (ICL) 45.3 0.83 60.6 61.8 61.0 0.80 45.5 37.3 39.5 0.85 17.2 13.4 14.6 0.89
Qwen2.5-VL [4] (ICL) 11.2 0.84 11.8 13.1 12.2 0.86 11.8 10.8 10.6 0.88 9.7 9.4 8.9 0.89
Qwen2.5-VL [4] (SFT) 91.4 - 65.2 65.5 65.3 - 59.6 47.9 51.5 - 33.9 31.5 31.9 -
UNOGrasp 92.5 0.06 74.8 75.1 74.9 0.20 68.0 55.8 59.7 0.53 42.2 35.4 37.2 0.67

Table 2. Object-level reasoning results on UNOBench synthetic test set. ICL: In-Context Learning; SFT: Supervised fine tuning; OP: Object
triplet Precision; OR: Object triplet Recall; F1rel: Object triplet F1-Score; Best results bold; second best underlined.

Method Easy Medium Hard Overall

OP↑ OR↑ F1rel↑ OP↑ OR↑ F1rel↑ OP↑ OR↑ F1rel↑ OP↑ OR↑ F1rel↑
Oracle (with SoM)

Gemini Robotics-ER 1.5 [1] 56.0 62.3 57.9 57.0 30.6 37.4 46.1 14.4 20.8 56.0 51.2 50.6
Gemini Robotics-ER 1.5 [1] (ICL) 67.8 76.5 70.4 69.1 39.8 47.3 67.6 24.3 33.0 68.2 63.8 62.3
Qwen2.5-VL [4] (ICL) 19.6 33.3 22.8 21.4 19.7 18.5 13.9 10.8 10.6 20.0 28.5 21.1
UNOGrasp (ours) 81.3 85.9 82.6 77.8 57.3 62.0 63.0 43.6 48.7 79.7 76.0 75.3

Natural Language Prompting
Gemini Robotics-ER 1.5 [1] 2.5 2.7 2.6 4.6 2.1 2.8 7.8 2.0 3.1 3.3 2.5 2.6
Gemini Robotics-ER 1.5 [1] (ICL) 3.4 3.7 3.5 6.2 2.6 3.5 6.1 1.7 2.6 4.3 3.3 3.5
Qwen2.5-VL [4] (ICL) 2.1 3.6 2.5 4.0 2.9 3.1 3.7 2.2 2.7 2.7 3.3 2.7
UNOGrasp (ours) 65.6 67.4 66.1 57.4 33.0 39.5 44.6 20.1 25.7 62.6 56.0 57.2

(Intersection over Union) IoU metric:

rtask =
|Fpred(ot) ∩ Fgt(ot)|
|Fpred(ot) ∪ Fgt(ot)|

. (5)

This IoU provides a smoother optimization signal than bi-
nary correctness, rewarding partially correct predictions for
more stable learning. Although this reward only supervises
the final prediction F(ot), experiments in §5.2 show it also
contributes to improving the quality of the internal obstruc-
tion reasoning path A(ot). For completeness, a path-level
fidelity metric rpath is also evaluated post hoc.

5. Experiments
We compare UNOGrasp against two VLMs. We use Gemini
Robotics-ER 1.5 [1] as proprietary baseline in two variants:
base model, provided with a prompt and real output exam-
ples, and In-Context Learning (ICL), prompted with three
few-shot examples covering all obstruction types (no, single-
path, and multi-path obstruction). Coordinate expressions
are adapted to the model’s native syntax for both. We use
Qwen2.5-VL-3B [4] as open-source baseline in two variants:
ICL, prompted as for Gemini ICL; SFT, finetuned on UN-
OBench using the same supervised setup as UNOGrasp but
without the <think> reasoning part; UNOGrasp is built
on Qwen2.5-VL-3B, and trained with SFT and RFT. We
evaluate all methods on both the oracle (SoM) and natural
language prompting splits of UNOBench. The synthetic
scenes are split into training, validation, and testing sets with
a 7:1:2 ratio. All the real scenes are exclusively used for

testing. We follow the procedure detailed in §3.1.
Implementation details. We train fΘ on 4 A100-SXM-
64GB GPUs, using 2 epochs for SFT, and 1 epoch for RFT
(with a generation group size of 4). For Gemini Robotics-ER
1.5, temperature is set to 0.1, and thinking budget to 2000.

5.1. Quantitative analysis
Tab. 1 and 2 report path-level and object-level obstruction
reasoning results, respectively, on the UNOBench synthetic
test set. Similarly, Tab. 3 and 4 report these results on the
UNOBench real set. UNOBench enhances both reasoning
and decision accuracy. Models finetuned on UNOBench
(Qwen2.5-VL (SFT) and UNOGrasp) achieve important
gains in recognizing top obstructors compared to Qwen2.5-
VL (ICL). UNOGrasp improvement in reasoning quality is
larger, and surpasses the proprietary Gemini Robotics-ER
1.5 across most settings, even in real subsets that are never
seen during training. Reasoning ability is crucial for com-
plex scenes. As the obstruction level increases, the advantage
of reasoning supervision grows. On the synthetic hard split,
UNOGrasp surpasses Qwen2.5-VL (SFT) by +20.2% SR-
F1; on the real hard split, the margin widens to +38.0%,
confirming that process-level supervision is important for
multi-path reasoning. Hallucination might occur with no
obstructions. In both synthetic and real No obstructions
settings, Gemini Robotics-ER 1.5 attains low SR (68.7%
and 36.0%), often hallucinating obstructions even when the
target is fully accessible. Qwen2.5-VL (ICL) performs even
worse under the same condition. Reasoning quality aligns
with final accuracy. A clear correlation is observed between
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Table 3. Path-level reasoning results on UNOBench real set. ICL: In-Context Learning. SFT: Supervised fine tuning. SR: Success Rate;
MP NED: Multi-Path Normalized Edit Distance; P: Precision; R: Recall; F1: F1-Score. Best result bold; second best underlined.

Method No obstructions Easy Medium Hard

SR (%)↑ MP NED↓ SR-P (%)↑ SR-R (%)↑ SR-F1 (%)↑ MP NED↓ SR-P (%)↑ SR-R (%)↑ SR-F1 (%)↑ MP NED↓ SR-P (%)↑ SR-R (%)↑ SR-F1 (%)↑ MP NED↓
Oracle (with SoM)

Gemini Robotics-ER 1.5 [1] 36.0 0.85 47.7 48.3 47.9 0.80 40.8 28.2 32.1 0.90 31.8 27.3 28.8 0.91
Gemini Robotics-ER 1.5 [1] (ICL) 35.0 0.83 60.1 62.9 60.9 0.80 44.2 34.3 36.4 0.89 38.6 27.3 30.6 0.92
Qwen2.5-VL [4] (ICL) 1.3 0.56 42.4 47.2 43.5 0.37 38.3 28.2 30.0 0.68 24.4 26.1 22.7 0.79
Qwen2.5-VL [4] (SFT) 69.7 - 70.2 70.6 70.4 - 62.4 41.6 48.0 - 38.6 21.6 25.9 -
UNOGrasp 72.5 0.16 76.2 79.0 77.2 0.15 76.6 59.6 64.4 0.40 79.5 59.1 63.9 0.55

Natural Language Prompting
Gemini Robotics-ER 1.5 [1] 37.7 0.85 50.3 51.0 50.5 0.79 47.3 32.7 37.1 0.89 38.9 33.3 35.2 0.89
Gemini Robotics-ER 1.5 [1] (ICL) 35.1 0.83 60.5 63.3 61.4 0.80 44.7 34.6 36.8 0.88 38.6 27.3 30.6 0.92
Qwen2.5-VL [4] (ICL) 10.0 0.83 21.3 22.6 21.7 0.79 19.6 13.8 15.5 0.86 11.4 13.6 12.1 0.90
Qwen2.5-VL [4] (SFT) 70.0 - 64.0 64.5 64.2 - 61.6 37.9 45.4 - 29.5 19.3 21.8 -
UNOGrasp 70.0 0.23 71.1 71.8 71.3 0.26 62.9 40.1 47.3 0.63 54.5 35.2 40.3 0.76

Table 4. Object-level reasoning results on UNOBench real set. ICL: In-Context Learning; SFT: Supervised fine tuning; OP: Object triplet
Precision; OR: Object triplet Recall; F1rel: Object triplet F1-Score; Best results bold; second best underlined.

Method Easy Medium Hard Overall

OP↑ OR↑ F1rel↑ OP↑ OR↑ F1rel↑ OP↑ OR↑ F1rel↑ OP↑ OR↑ F1rel↑
Oracle (with SoM)

Gemini Robotics-ER 1.5 [1] 64.9 72.9 67.1 66.7 43.3 49.4 41.7 19.3 24.4 64.9 62.9 60.8
Gemini Robotics-ER 1.5 (ICL) [1] 74.6 81.8 76.7 75.0 46.6 54.3 56.4 18.0 26.4 74.3 69.9 68.8
Qwen2.5-VL (ICL) [4] 36.0 39.6 36.8 36.8 18.6 23.3 30.9 10.2 13.1 36.1 32.7 32.2
UNOGrasp 75.7 84.7 78.1 69.0 57.2 58.2 55.6 43.9 44.7 73.2 75.5 71.4

Natural Language Prompting
Gemini Robotics-ER 1.5 [1] 3.7 4.0 3.8 2.9 1.4 1.8 10.2 2.6 3.8 3.6 3.2 3.2
Gemini Robotics-ER 1.5 [1] (ICL) 3.2 3.6 3.4 4.8 2.5 3.2 9.1 1.7 2.8 3.8 3.2 3.3
Qwen2.5-VL [4] (ICL) 5.9 6.9 6.2 5.1 2.7 3.3 11.4 3.2 4.9 5.8 5.6 5.3
UNOGrasp 56.9 58.9 57.5 47.0 26.1 32.1 35.6 15.6 20.6 53.5 48.2 49.1

Table 5. Ablation study on SFT on synthetic set (Overall).
Method SR-F1 ↑ OR-F1 ↑ MP NED ↓
Baseline 74.7 71.9 0.220
+ Contact point 75.3 (+0.6) 72.5 (+0.6) 0.216 (-0.004)
+ Degree word 75.1 (+0.4) 72.5 (+0.6) 0.217 (-0.003)
+ Occlusion ratio 76.4 (+1.7) 73.3 (+1.4) 0.210 (-0.010)

MP NED and SR-F1, where lower MP NED consistently
coincides with higher SR across all difficulty levels. Lim-
ited effectiveness of ICL. ICL generally enhances reasoning
performance, but it tends to amplify hallucinations in non-
obstruction cases. Spatial grounding of multi-step reasoning
can fail. Baseline models often misalign reasoning steps
with object coordinates, causing identity confusion and a
high MP NED (> 0.8). The low scores (mostly below 10)
in Tab. 2 and 4 in the Natural Language Prompting setting
indicate poor performance in spatial grounding.

5.2. Ablation studies
SFT with obstruction information. Tab. 5 shows results
when adding obstruction cues during SFT instead of using
only the obstruction graph. Contact point, Degree word,
and Occlusion ratio cues improve success rates across all
difficulty levels, with the largest gains on Hard cases. Ratio
yields the most significant improvement (+5.8% SR-F1 on
Hard), increasing precision and decreasing the reasoning
error. The full table is provided in Supp. Mat.
RFT with obstruction-aware reward. Tab. 6 shows how
results change when applying a set-level IoU reward to the
predicted answers during RFT. This yields to consistent im-
provements across all metrics, with SR-F1 gains increasing

with complexity: Easy (+1.5%), Medium (+2.0%), and
Hard (+4.4%). Greater improvements under severe obstruc-
tion indicate the IoU reward effectively encourages complete
answer sets, proving beneficial over binary correctness when
multiple ground-truth obstructors exist. Though applied
only to <answer> output, reasoning metrics (OR-F1 and
MP NED) also improve, suggesting that promoting complete
answers indirectly guides more faithful reasoning traces.

5.3. Qualitative analysis
Fig. 4 visualizes obstruction reasoning traces produced by
UNOGrasp, Gemini Robotics-ER1.5 (ICL)[1], and Qwen2.5-
VL (ICL)[4] in both synthetic and real settings. For each
setting, we present examples across the three difficulty levels,
along with two failure modes: incorrect reasoning but correct
answers, and failures in both. We observe that Qwen2.5-VL
(ICL) struggles with spatial grounding even on easy cases.
Gemini tends to terminate prematurely during the multi-step
reasoning in complex scenarios, missing top-level obstruc-
tors when multiple obstruction paths exist. In contrast, UN-
OGrasp handles multi-path reasoning effectively but can fail
with visually similar objects or densely clustered groups.

5.4. Laboratory robotic experiments
We validate UNOGrasp on a UR5e robotic platform across
30 real-world scenarios with 25 distinct objects. Objects are
placed in a bin and captured by a top-down ZED 2 camera.
We compare against Qwen2.5-VL and Gemini Robotics-ER
1.5 (both ICL), using GroundedSAM [19] and GraspNet [11]
for grasp pose prediction [12]. Methods predict and execute
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Table 6. Ablation study on RFT (Synthetic set). The harder the scene is, the higher the contribution of RFT.

Variant Easy Medium Hard Overall

SR-F1↑ OR-F1↑ MP NED↓ SR-F1↑ OR-F1↑ MP NED↓ SR-F1↑ OR-F1↑ MP NED↓ SR-F1↑ OR-F1↑ MP NED↓
Baseline (SFT) 81.8 80.9 0.115 67.1 59.4 0.389 50.1 46.9 0.525 76.4 73.3 0.210
+ RFT on Answer 83.3 (+1.5) 82.6 (+1.7) 0.109 (-0.006) 69.1 (+2.0) 62.0 (+2.6) 0.370 (-0.019) 54.5 (+4.4) 48.7 (+1.8) 0.507 (-0.018) 78.2 (+1.8) 75.3 (+2.0) 0.201 (-0.009)
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Figure 4. Qualitative results on UNOBench different splits, and in two types of failure. Target object Top obstructor UNOGrasp Gemini Robotics-ER 1.5 Qwen2.5-VL (ICL)
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Qwen2.5-VL (ICL) predictions with their reasoning traces. (SR-F1/MP NED) scores
are reported at the bottom of each image.

Target object UNOGrasp Gemini Robotics-ER 1.5 Qwen2.5-VL (ICL)

 

LION
 LION

PANDA

 

 

Medium - Pliers

Target object UNOGrasp Gemini Robotics-ER 1.5 Qwen2.5-VL (ICL)

 

LION
 LION

PANDA

 

 

Hard - Red brush

Figure 5. Qualitative results from laboratory robotics experiments.
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8
SR=0/MP_NED=1
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Qwen2.5-VL (ICL). Labels are shown for mis-
aligned predictions (labels-spatial location disagreement). Diffi-
culty level and target prompt are display at the top of the figure.

the next object removal. We measure the success ratio, deem-
ing the action successful when all the objects are removed in
the correct order to achieve the final grasping goal.

In Tab. 7, UNOGrasp matches Gemini Robotics-ER 1.5
performance on Easy and Medium, despite training on open-
source synthetic data, and significantly outperforms it on
Hard (+30%). Real-world conditions can feature high-
contrast situations (Fig. 5), where black backgrounds and
white bins create over-exposure conditions to which Gemini
appears more robust. Both baselines exhibit similar failure
patterns identified in §5.3, i.e., regarding spatial grounding,
which become more frequent in longer obstruction chains.
Qwen2.5-VL demonstrates a tendency to over-reason, pre-
dicting the container itself as an obstruction even in trivial
target-only scenarios.

Table 7. Real-world robotic experiment with the UR5e, success
ratios across 30 scenarios with 25 objects.

Method Easy Medium Hard Average

Gemini Robotics-ER 1.5 [1] 80% 30% 10% 40%
Qwen2.5-VL [4] 10% 0% 0% 3%
UNOGrasp 80% 30% 40% 50%

6. Conclusions

We addressed the critical limitation of VLMs in obstruction
reasoning, which can be used for robotic grasping. Our con-
tributions are twofold: we introduced UNOBench, a novel
dataset, based on MetaGraspNetV2 [11], featuring 100k+
annotated obstruction paths for developing and benchmark-
ing; and we proposed UNOGrasp, a VLM trained via sequen-
tial SFT and RFT with visually-grounded and obstruction-
aware rewards. Experiments showed UNOGrasp signifi-
cantly improved obstruction reasoning, achieving 78.2% pre-
cision on average on UNOBench, and 50% success rate on
laboratory robotics experiments with a setup (e.g., objects,
camera) different from that of finetuning data. Importantly,
real-robot evaluations confirm the advantage of UNOGrasp
over existing generalist and proprietary model in difficult
scenes, with good generalization capability despite being
trained only with synthetic data. Future work can focus on
scaling UNOGrasp and UNOBench, incorporating multi-
view perception and further expanding the object diversity.
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