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Abstract

Flexible instruction-guided 6-DoF grasping is a sig-
nificant yet challenging task for real-world robotic sys-
tems. Existing methods utilize the contextual understand-
ing capabilities of the large language models (LLMs) to
establish mappings between expressions and targets, al-
lowing robots to comprehend users’ intentions in the in-
structions.  However, the LLM’s knowledge about ob-
jects’ physical properties remains underexplored despite
its tight relevance to grasping. In this work, we propose
GraspCoT, a 6-DoF grasp detection framework that inte-
grates a Chain-of-Thought (CoT) reasoning mechanism ori-
ented to physical properties, guided by auxiliary question-
answering (QA) tasks. Particularly, we design a set of
QA templates to enable hierarchical reasoning that in-
cludes three stages: target parsing, physical property anal-
ysis, and grasp action selection. Moreover, GraspCoT
presents a unified multimodal LLM architecture, which en-
codes multi-view observations of 3D scenes into 3D-aware
visual tokens, and then jointly embeds these visual tokens
with CoT-derived textual tokens within LLMs to generate
grasp pose predictions. Furthermore, we present Intent-
Grasp, a large-scale benchmark that fills the gap in pub-
lic datasets for multi-object grasp detection under diverse
and indirect verbal commands. Extensive experiments on
IntentGrasp demonstrate the superiority of our method,
with additional validation in real-world robotic applica-
tions confirming its practicality. The code is available at
https://github.com/cxmomo/GraspCoT.

1. Introduction

The language-guided 6-DoF grasp detection task tackles the
problem of robotic grasping that interprets human instruc-
tions and 3D environments [ 1, 27, 52]. This capability holds
critical importance for domestic assistance, healthcare, and
industrial automation. However, it presents greater com-
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Figure 1. Example of GraspCoT. Facing a rewatching TV request,
GraspCoT employs CoT reasoning, including target parsing, phys-
ical property analysis, and action selection, to interpret the scene
and predict 6-DoF grasp poses with confidence scores for critical
objects, namely remote control and glasses.

plexity than its language-agnostic robotic grasping counter-
parts [14, 16, 24, 35, 36], mainly due to the cross-modal
alignment between textual and visual representations. Con-
sequently, existing methods [19, 29, 37] use a text en-
coder [6, 17, 34] to map textual and visual features into a
unified latent space, enabling cross-modal correspondence
for instruction-guided grasping.

With the emergence of LLMs and their multi-modal vari-
ants (MLLMs), there has been a surge of research interest
in integrating semantic knowledge and common sense into
object grasping. Early works leverage LLMs mainly for se-
mantic understanding in task-oriented grasping. For exam-
ple, GraspGPT [38] uses LLMs to describe objects and task-
relevant information, enabling interaction with novel object
classes, while SemGrasp [18] fine-tunes an MLLM to gen-
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erate human-like grasps. These models primarily handle
explicit instructions, such as “Give me the remote control”,
where the target object and action are clearly stated. A
more recent trend focuses on exploring the reasoning abil-
ity of LLMs to interpret implicit grasping instructions. The
methods [13, 32] following this trend infer the intended ac-
tion from indirect cues, such as recognizing the need to
fetch a remote control from “I want to watch TV”. Such
practices makes human-computer interaction more natural
by understanding users’ intention. Nevertheless, merely
understanding the semantics or users’ intentions does not
fully leverage the common knowledge of LLMs to improve
grasp detection. The physical properties of objects, es-
sential for real-world manipulation, remain underexplored.
Beyond geometric similarity, effective grasping requires
reasoning about functional and physical attributes—for in-
stance, a fragile vase demands precise neck grasping to pre-
vent breakage, whereas a sturdy mug allows more flexible
handling based on material strength and texture.

By consolidating this idea, we explore a new paradigm
that can hierarchically integrate objects’ physics-centric
analyses into grasping by leveraging LLMs’ remarkable
reasoning capabilities. Besides, the previous methods gen-
erally assume that the grasping task only involves a single
object, we give up such an assumption to make the grasping
algorithm more applicable. Notably, in this work, we use
“flexible instruction” to indicate the expression that does not
explicitly specify the target object or even object quantity.

Formally, we introduce GraspCoT, a 6-DoF grasp de-
tection framework featuring a physical-property-oriented
chain-of-thought (CoT) [45] reasoning mechanism via aux-
iliary question-answering (QA) tasks. Specifically, we de-
velop QA templates for a three-stage CoT pipeline covering
target parsing, physical property analysis, and grasp action
selection. QA texts and flexible language instructions are
encoded as textual tokens. Fig. | provides an example of the
CoT reasoning process of GraspCoT. Departing from con-
ventional pipelines that decouple multimodal understand-
ing into isolated modules, our framework integrates visual-
textual comprehension directly into 6-DoF grasp pose pre-
diction, inspired by breakthroughs in 3D MLLM:s [2, 4, 50].
This unified architecture not only enhances cross-modal
feature alignment but also reduces system complexity. On
the visual side, we construct multi-view observations of the
3D scene by projecting colored point clouds into comple-
mentary RGB images and depths. The images are processed
into 2D patches via CLIP, enriched with depth-derived 3D
position embeddings, and back-projected into geometrically
grounded 3D tokens [33, 55, 56]. Finally, these 3D tokens,
along with textual tokens mentioned above, undergo deep
alignment within LLMs to predict grasp poses with confi-
dence scores for the target objects.

Besides, there is no public benchmark for evaluating

grasp detection under flexible instructions, especially for
grasping multiple target objects. To bridge this gap, we
propose IntentGrasp, a novel benchmark adapted from the
Grasp-Anything-6D dataset [30]. For each 3D scene, we
employ structured prompt templates processed by Llama-
3 [11, 39] to generate linguistically diverse requirements
that identify target objects through contextual clues rather
than explicit identifiers. This benchmark challenges robotic
systems to resolve referential ambiguity by joint visual per-
ception with textual semantics, thereby comprehensively
assessing their cross-modal cognitive abilities.

We evaluate GraspCoT on the IntentGrasp benchmark,
demonstrating the superiority of our proposed GraspCoT
for both pose estimation accuracy and collision avoidance
rate. Besides, we deploy the proposed GraspCoT on a Ki-
nova Gen3 robotic arm. This extended experiment further
validates its effectiveness in real-world robotic applications.

In summary, our main contributions are as follows:

* We propose a physical-property-oriented CoT reasoning
paradigm that bridges 3D scene understanding and grasp
detection via auxiliary QA tasks.

* We introduce a unified grasp detection framework, Grasp-
CoT, that deeply embeds LLM:s for the joint optimization
of textual-visual feature alignment via dual-task learning.

* We propose IntentGrasp, the first benchmark supporting
multi-target grasping under flexible instructions.

* We demonstrate the superior performance of GraspCoT
by comprehensive evaluations on the IntentGrasp bench-
mark and real-world deployment on the robot arm.

2. Related Work

Robotic Grasping. The emergence of grasping datasets [5,
7, 8, 25] lay the groundwork for data-driven grasping,
while later works extend these foundations to diverse and
task-aware scenarios. 6-DOF GraspNet [26] employs vari-
ational autoencoders to sample diverse poses from par-
tial observations, and AnyGrasp [9] introduces temporal
consistency for dynamic environments. Recognizing the
need for hardware generalization, UniGrasp [36] pioneers
gripper-agnostic frameworks through kinematic latent en-
coding, while optimization-centric paradigms like SE(3)-
DiffusionFields [4 1] reformulate grasping as gradient-based
pose-trajectory co-optimization. Recent efforts balance
these directions: Wang et al. [42] accelerates inference via
geometric heuristics, and Wang et al. [43] enhances physi-
cal interaction through auxiliary task learning. Collectively,
these works demonstrate a shift from isolated geometric
analysis to hybrid systems that embed functional adaptabil-
ity and computational efficiency within unified frameworks.

Language-guided Grasping. Recent advances in vision-
language models have revolutionized language-guided
robotic grasping by enabling semantic alignment between

10131



B —]
descriptor library
Sgﬁ hard
materia] — —obrittle

e
elastic rigid

slipperys Polished

@orgamc
hard

RreN

Multi-View RGB Images

Target Parsing

What objects need to be grasped?
0 Total number? =
- <obj;>, <abjy>,... Total <#ab/s>z( Qj A
Physical Property = - 9
B Describe targel ects % W
Analy51s Describe target objects in terms ] ~,§’a L= &

i Flexible Instruction :

i L:I'd like to have some
¢ thing juicy in my salad.

Voxelization
Pooling

Internal CoT Reasoning

of material, surface, and shape. o

porouse Surface 5 5 .
e The material properties of <obj,> Confidence
q o properties of <obj,
grooved “granglar ' ‘ are <8, > (hardness), <8,,> Grasp Pose Score
_oplanar . Action Selection (strength), and <8,,,> (elasticity).
Shape —easymmetric The surface properties ...
gp}\fengﬁ cylindrical '
smooll‘l\ spherical, QA Template [T/} T

Which is the appropriate action [REG Head (ﬁ,] [ CLS Head f“}]
verb for target objects?
The appropriate action to grasp T [ f

the <obj,;> is <8,.>. ...

Self-Attention (4] ]

!
DnEnmm 06600

(VXHXWXC)
3D Patches

Multi-View Sparse Depths

lFlat(en

[ Large Language Model ‘1]
DRDEE 590000

00000

@~® Vvirtual Views () 3D-Aware Visual Tokens m Reasoning Tokens

Figure 2. Overview of GraspCoT. Given a colored point cloud, we project it into multi-view RGB-D images. CLIP-encoded RGB patches
and depth-derived 3D positional embeddings are fused and back-projected into 3D patches, which are voxel-pooled and linearly projected
into 3D-aware visual tokens. We propose a three-stage Chain-of-Thought (CoT) framework based on fill-in-the-blank question-answering
(QA) templates. This framework consists of three stages: target parsing, physical property analysis, and action selection, all enhanced with
descriptor libraries. In this setup, the blank fields within the templates are represented as reasoning tokens, which the large language model
(LLM) resolves into physical or action descriptors in order to generate answers. The fixed textual components of the templates serve as
contextual QA tokens. After performing reasoning in the LLM, the autoregressive generated output tokens are all fed into a self-attention
layer, followed by parallel grasp pose regression and confidence prediction.

textual instructions and visual perception. Pioneering
works [19, 23, 28-30, 37, 46, 51] leverage a text back-
bone [6, 34] to embed textual features, where some explore
diffusion models for 3D manipulation—-3DAPNet [29] ex-
tends grasp pose prediction paradigm to open-vocabulary
affordance-pose joint learning, while LGrasp6D [30] in-
troduces the Grasp-Anything-6D dataset and incorporates
the negative prompt guidance for 6-DoF grasp detection.
OVGNet [19] proposes a unified visual-linguistic frame-
work combining CLIP-style cross-modal alignment with
grasp pose prediction, enabling generalization to unseen
categories without category-specific retraining. The emer-
gence of (M)LLMs [17, 22, 39] further expands the vi-
sual and textual interpretation capabilities in manipula-
tion tasks [18, 31, 38, 40]. ThinkGrasp [32] introduces
a language-guided, stepwise clutter removal strategy pow-
ered by GPT-40’s contextual inferring, enabling robotic
grasping in occluded environments through goal-oriented
obstacle displacement and few-step target recovery. RT-
Grasp [49] proposes a framework that unlocks LLMs’ ca-
pacity for numerical prediction in robotics by embedding
structured inferring phases into training, while Jin et al. [13]
leverage an end-to-end multimodal LLM framework to
bridge implicit human intentions to grasp poses, enabling
object/part-level grasping under indirect instructions. Re-
cent efforts combine visual grounding with attribute pre-
diction of required objects using multimodal foundation

models. ShapeGrasp [20] pioneers zero-shot task-oriented
grasping through geometric decomposition of objects into
convex shapes represented as attribute-rich graphs, com-
bined with LLM-driven semantic reasoning to infer part-
task utility. DeliGrasp [48] proposes LLM-driven object
properties prediction for adaptive grasping, converting se-
mantic object descriptions into grasp policies via inferred
mass/friction/spring parameters. Instead of requiring LLMs
to directly predict precise physical parameters—a task chal-
lenging current LLMs’ capabilities—our method encodes
physical properties into structured descriptors, explicitly
guiding grasp pose prediction while avoiding error-prone
low-level physics estimation.

3. Method

In this section, we formally define the task of flexible-
instruction-guided 6-DoF grasp detection, which requires
jointly interpreting visual scene understanding and flexible
language to determine optimal grasp configurations. Next,
we present the framework, detailing its core components:
the physical-property-oriented Chain-of-Thought (CoT) de-
sign and grasp decoding with the auxiliary question-
answering (QA) task via large language models (LLMs).
Finally, we outline the construction of the IntentGrasp
benchmark, designed to evaluate grasping under linguisti-
cally flexible instructions.
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Figure 3. Hierarchical CoT Reasoning: target parsing (inner ring),
multi-aspect physical property analysis (material/surface/shape in
middle three rings), and grasp action selection represented by the
action descriptor libraries (outer ring).

3.1. Preliminary

The flexible-instruction-guided 6-DoF grasp pose detection
takes as input a colored point cloud P ={(p;,¢;)}¥,,
where p; € R? represents the 3D coordinates and ¢; € R?
denotes the RGB color of each point, along with a flexible
language instruction ¢. The output consists of CoT-relevant
questions and answers Q ={(gx, ax)}}, that analyze the
categories, physical properties, and grasp action of the tar-
get object(s), followed by the generation of multiple 6-DoF
grasp poses ¢ € SE(3) for the identified target(s). For-
mally, this process ® is defined as:

D (P,t) — (Qcor, 9), (D

where G represents the grasp pose set. Each g; =
(R,T,w) € SE(3) defines a 6-DoF gripper configura-
tion composed of the orientation R € SO(3), the position
T € R3, and the suitable gripper width w € R¥.

3.2. Model Architecture

With growing advances in 3D multi-modal LLMs
(MLLMs) [3, 10, 12, 53], recent breakthroughs have been
achieved in aligning 3D geometric representations with lin-
guistic instructions. As shown in Fig. 2, our architecture op-
erates on colored point cloud inputs through a dual-branch
processing pipeline. In the visual processing branch, we
construct multiple visual viewpoints for projection to gen-
erate multi-view sparse RGB-D representations. These pro-
jections undergo CLIP-based feature encoding, which is
subsequently combined with 3D position embeddings from
depth data. After back-projection, voxel pooling, and linear

projection, we transform the reconstructed 3D patches into
3D-aware visual tokens. Simultaneously, the textual branch
employs a hierarchical CoT reasoning framework compris-
ing target parsing, physical property analysis, and action
selection. To guide a robust reasoning process, we estab-
lish open-world descriptor repositories and develop semi-
supervised QA templates that produce supervised QA to-
kens along with unsupervised reasoning tokens for descrip-
tor instantiation. The autoregressive tokens produced by the
LLM’s reasoning stage are first passed into a self-attention
layer, then jointly utilized for parallel predictions of grasp
poses and their confidence scores.

3.3. Physical-Property-Oriented CoT Design

To bridge scene understanding and grasp poses, we design

fill-in-the-blank QA templates and implement a three-stage

CoT reasoning pipeline that sequentially grounds target cat-

egories, infers physical properties, and maps grasp actions.

Structured QA templates are designed as follows to guide

the reasoning process for grasp detection:

Q1I: Target Parsing - Which objects need to be grasped?

Al: [<obj;>, <objg>, ...]. Total <#objs>.

Q2: Physical Property Analysis (e.g., material) - For each
target object, analyze its material from three aspects:
hardness [options: soft, hard, rigid, flexible, etc.],
strength [options: brittle, ductile, tough, etc.], and
elasticity [options: elastic, viscoelastic, etc.].

A2: The material properties of <ob j, > are <d,p,> (hard-
ness), <dyny> (strength), and <d,,,> (elasticity).

Q3. Grasp Action Selection - For each target object,
select an appropriate grasp action [options: clamp,
pinch, snap, pluck, lift, grip, etc.].

A3: The appropriate verb to grasp the <obj, > is <{cr>.

First, the target parsing stage resolves referential am-
biguities in an answering template with keyword slots,
where target categories are explicitly supervised. Next, the
pipeline takes advantage of the common sense and reason-
ing ability of MLLMs to infer physical properties, which
are hierarchically categorized into three primary groups:
material, surface, and shape'. Each property is further
subdivided into three fine-grained characteristics described

by appropriate physical descriptors dpp, in open-world li-

braries, as illustrated in Fig. 3. For example, a glass cup’s

material properties are characterized as <rigid> in hard-
ness, <brittle> in strength, and <inflexible> in
elasticity. Similarly, its surface attributes are described as
<smooth> in texture, <polished> in roughness, and
<slippery> in friction. This structured classification en-
ables a comprehensive representation of physical properties
for the prediction of grasp poses. Finally, the action se-

'While “shape” is geometrically defined, our analysis targets inferring
mass distribution and optimal grasping contact forces, thus integrating it
into the broader category of physical properties for unified reasoning.
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lection stage requires LLMs to select reasonable action de-
scriptors 64+ (e.g., “pinch” for fragile objects, “clamp” for
textured surfaces) from a predefined verb library, dynami-
cally linking these choices to geometric parameters such as
gripper orientation and contact force. Notably, the physi-
cal/action descriptor tokens remain unsupervised, leverag-
ing LLMs’ extensive corpora knowledge to bypass manual
annotation of exhaustive object-specific properties.

3.4. Auxiliary QA Task and Grasp Decoding

The synergistic integration of 3D-aware visual tokens and
flexible-instruction tokens enhances the model’s compre-
hension of 3D environments and interactive intent. As men-
tioned before, GraspCoT unifies grasp-related QA tasks and
grasp pose prediction through joint training, enabling deep
fusion of task-relevant token representations within the pre-
trained LLM architecture. We implement answer templates
for three question categories in Sec. 3.3. Crucially, the
physical properties of targets and grasp actions remain un-
specified descriptors that require no explicit annotation. In-
stead, we introduce special “reasoning tokens”, which are
resolved into physical or action descriptors by the LLM, to
represent these latent variables. During training, these to-
kens receive masked supervision with zero loss weighting.

The core output of GraspCoT consists of multiple 6-DoF
grasp poses with corresponding confidence scores, which
inspired us to adopt a query-based detection decoding ap-
proach. Specifically, we first process all output tokens from
the LLM through a self-attention layer, then feed them into
two separate heads: a regression head for grasp pose esti-
mation and a classification head for confidence prediction.
During training, we employ the Hungarian matching algo-
rithm to align predicted grasp poses with ground truth anno-
tations and compute L1 loss Lge for pose refinement. Si-
multaneously, we apply focal loss [21] L¢js to optimize the
confidence scores of the predicted poses. Combined with
the cross-entropy loss Lga for the QA task, the total loss of
the model integrates three components as follows:

L = Lqa + Lreg + Lcis- )

3.5. IntentGrasp Benchmark Construction

Most existing language-guided grasping benchmarks uti-
lize explicit instructions such as “Bring me a bottle of wa-
ter” or “Grab the black remote control”, which explicitly
specify target objects by name and salient visual attributes.
However, real-world human-robot interaction demands sup-
port for implicit requests. For instance, a user stating “I'm
thirsty” or “I want to watch TV”, where the robot should in-
fer the need for water or the remote control. Equipped with
visual scene understanding, the robot can further engage in
contextual reasoning: upon detecting “glasses” in the envi-
ronment while addressing a “watch TV” request, it might

Please generate 3 to 5 linguistically flexible instructions to grasp one
or more objects from “Human” based on the given scene description,
following the rules below:

[R1] The names of the targets should not be explicitly mentioned.
[R2] If multiple targets need to be grasped, the instructions should
establish a reasonable and logical connection between the targets.
[R3] Each instruction should be authentic, concise, and independent.

Example:
Scene description: “Black car keys, a ceramic mug, a red notebook,
and a pair of sunglasses on the table.”
Output: {Instruction: “It's outside and I want to go for a drive.”,
Target Objects: [car keys, sunglasses]};
{Instruction: “It's out here-I'm ”
Target Objects: [mug]};

J

Figure 4. Prompt used for flexible instruction generation.

proactively retrieve them for the user. We define such com-
mands as flexible instructions, where one or more target ob-
jects are required but neither explicitly named nor uniquely
defined. The robot must interpret the user’s intent through
contextual cues within a plausible scenario, potentially re-
trieving one or multiple contextually relevant targets.

To address the lack of public benchmarks supporting
multi-target grasp detection under such flexible instructions,
we develop IntentGrasp, a benchmark containing one mil-
lion (1IM) 3D colored point cloud scenes with approxi-
mately 3M objects, sourced from the Grasp-Anything-6D
dataset [30], which provides scene descriptions, explicit in-
structions, and grasp pose annotations. For each scene,
we generate 3-5 flexible instructions using the open-source
LLM Llama3-70B [39] guided by a customized prompt
template. As shown in Fig. 4, the prompt directs the LLM to
create plausible requests that implicitly demand the grasp-
ing of one or multiple objects without naming targets. For
example, in a scene containing “black car keys, a ceramic
mug, a red notebook, and sunglasses on the table”, the
Grasp-Anything-6D dataset provides explicit instructions
like “Grasp the black car keys”, whereas our method gen-
erates contextual statements such as “It’s sunny outside and
I want to go for a drive”, implicitly requiring the robot to
retrieve both car keys and sunglasses. IntentGrasp fills the
critical gap in flexible-instruction-driven multi-target grasp-
ing benchmarks. Its generation design can be further inte-
grated with detection/segmentation models [15, 44] to ex-
tend to any other grasping dataset.

4. Experiments

In this section, we validate the effectiveness of GraspCoT
using flexible instructions on both the IntentGrasp bench-
mark and real-world experimental platforms.

4.1. Main Results on IntentGrasp Benchmark

Setup. To evaluate the effectiveness of our grasp pose
prediction method, we employ three metrics: coverage
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Methods ‘ CR@0.41 CR@0.31 CR@0.21 EMD/ EW-CFR?T
3DAPNet [29] 0.9249 0.7378 0.2904 0.3066 0.3521
LGrasp6D [30] 0.9294 0.7567 0.3349 0.2935 0.3847
GraspCoT (ours) w/o CoT 0.9468 0.7941 0.4164 0.2878 0.4173
GraspCoT (ours) 0.9715 0.8797 0.5587 0.2520 0.4229

Table 1. Results on IntentGrasp benchmark under flexible language instructions. “CR@6” denotes the success rate when predicted poses

are within a threshold 6 of ground truth poses.

rate (CR) [26], earth mover’s distance (EMD) [41], and
collision-free rate (CFR) [54] with appropriate adaptations.
CR quantifies the proportion of ground-truth grasp poses
that are sufficiently covered by predictions. Specifically,
it measures the percentage of ground-truth poses where at
least one predicted pose lies within a distance threshold 6
(Euclidean distance in SE(3) space). We evaluate CR under
three increasingly stringent thresholds: # = 0.4, 0.3, and 0.2.
EMD measures how holistically the predicted poses match
the spatial distribution of ground-truth annotations in SE(3)
space, where lower values indicate better distributional con-
sistency. CFR evaluates the physical feasibility of predicted
grasp poses by measuring their ability to avoid collisions
with the target object and environment. However, a critical
limitation arises when directly using the CFR metric: erro-
neous grasp poses far from the target object may artificially
achieve higher scores because they avoid contact with en-
vironmental point clouds entirely. To jointly evaluates ge-
ometric consistency and physical feasibility where higher
values indicate safer grasps, we propose an EMD-Weighted
CFR (EW-CFR) metric defined as follows:
N .

EW-CFR = )3 (1-C(P, M(g0)) (1~ P95 0)

), 3)
where R normalizes the EMD(g;, Q). The function C de-
notes a binary collision check between the point cloud P
and the gripper model M (g;).

The IntentGrasp dataset is partitioned following conven-
tional practice, with 80% of samples dedicated to training
and the remaining 20% preserved as the evaluation set.

Baseline. In comparative experiments, we benchmark our
method against two recent language-guided 6-DoF grasp
detection models: 3DAPNet [29] and LGrasp6D [30]. To
align with scenarios under flexible instructions, we replace
their original explicit grasp command inputs with flexible
instructions while preserving their default training proto-
cols. Specifically, we eliminate 3DAPNet’s affordance pre-
diction module to better align with our task requirements.
For consistency across all models, the valid grasp pose’s po-
sitions (X, y, z) and orientations along x- and y-axes are lim-
ited to the range [-1, 1], and z-axis orientations are bounded
within [0, 7]. To ensure fairness, we uniformly sample 600
valid grasp poses of each scene generated by 3DAPNet and
LGrasp6D for validation. Since each grasp pose in Grasp-

Material Surface Shape Action|CR@0.31 CR@0.21 EMDJ

0.7941 04164 0.2878

v 0.8507 0.5091 0.2698
v 0.8334  0.4818 0.2738

v 0.8306  0.4716 0.2742

v v 0.8609  0.5177 0.2653
v v v 0.8717 0.5386  0.2572
v v v v 0.8797  0.5587 0.2520

Table 2. Ablation study on physical property analysis and grasp
action selection in CoT Reasoning.

CoT is assigned a confidence score, we select the top 600
highest-confidence poses as valid candidates.

Grasp Label Pruning. Wu [47] et al. demonstrate that
excessively dense supervision incurs label ambiguity, par-
ticularly caused by the diversity of grasp orientations, as
a critical bottleneck hindering model convergence. Our
analysis reveals that certain objects in the Grasp-Anything-
6D dataset contain over 700 annotated grasp poses. This
overabundance of positive samples not only exacerbates the
aforementioned issues but also severely challenges Hun-
garian matching during training. Consequently, we imple-
mented a pruning strategy in IntentGrasp to reduce simi-
lar grasp labels, especially redundant rotation-similar anno-
tations, per object to 100 instances. The detailed pruning
method is provided in the supplementary material.

Training. Our models are trained using the Adam optimizer
with a batch size of 8 per GPU over 4 epochs, initialized
with LLaVA-3D [56] pre-trained weights from the Hug-
gingFace repository. The learning rate followed a cosine
annealing schedule, starting at 1x10~%. All experiments
are executed on 8 x24GB NVIDIA RTX3090 GPUs.

Quantitative Results. In Tab. 1, our method presents su-
perior performance across all metrics on the IntentGrasp
benchmark under flexible language instructions. Notably,
GraspCoT attains a CR of 0.5587 at the strictest threshold
(6=0.2), outperforming 3DAPNet and LGrasp6D by a large
margin of 0.2683 and 0.2238, respectively. This substan-
tial improvement highlights our method’s ability to gen-
erate geometrically precise grasp poses even under high-
precision requirements. The progressive performance gap
across 0=0.4, 0.3, and 0.2 further demonstrates that our ap-
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Figure 5. Visualization of 6-DoF grasp detection results based on flexible instructions.

#Targets | CoT | CR@0.47 CR@0.3t CR@0.2t EMD]

Single 0.9465 0.7896 0.4108  0.2810
Multiple 0.9492 0.7977 0.4183  0.3106
Single v 0.9723 0.8840 0.5590  0.2453
Multiple | v 0.9680 0.8754 0.5571  0.2756

Table 3. Grasp detection results of GraspCoT vs. the w/o CoT
version in single- and multi-target scenarios.

proach maintains effectiveness as task difficulty escalates.
The EMD of GraspCoT reflects a 14.1% relative reduction
compared to LGrasp6D, indicating superior alignment be-
tween the predicted and ground-truth pose distributions. For
our proposed EW-CFR metric, GraspCoT achieves a score
of 0.4229, surpassing 3DAPNet and LGrasp6D by 20.1%
and 9.9%, respectively. The w/o CoT version of GraspCoT
confirms the critical role of our CoT reasoning pipeline: re-
moving CoT results in a 25.4% decline in CR@0.2 and a
9.1% increase in EMD, respectively.

Qualitative Results. In Fig. 5, we present the comparative
visualization results of GraspCoT for 6-DoF grasp detection
under flexible instructions, covering both single- and multi-
target scenarios. Our method exhibits more precise and con-
textually reasonable predictions in target parsing and grasp
positioning. For example, GraspCoT correctly identifies
grasp regions such as the body of a rose vase or the handle
of a spoon. Notably, GraspCoT and the w/o CoT version
both effectively avoid target omission in multi-target tasks,
demonstrating its enhanced comprehension of both linguis-
tic instructions and 3D scene contexts.

4.2. Ablation Studies

Physical-Property-Oriented CoT Reasoning. As shown
in Tab. 1, CoT reasoning significantly enhances GraspCoT’s

performance, validating its necessity. Tab. 2 quantifies the
contributions of material, surface, and shape property anal-
ysis within the CoT pipeline, alongside grasp action se-
lection. Material property analysis notably elevates per-
formance, improving CR@0.3 and CR@0.2 by 7.1% and
22.3% respectively over the w/o CoT version, while reduc-
ing EMD by 6.3%, demonstrating its critical role in re-
fining pose prediction. Integrating surface or shape prop-
erty sorely also boosts performance, achieving a 15.7% and
13.3% CR@0.2 gain, respectively. This finding reveals
that even single-aspect physical property integration exerts
a significant directional influence on LLMs’ decoding of
grasp-relevant hidden states. Cumulative integration of all
three physical analyses achieves the second-best pose esti-
mation quality, reaching an EMD of 0.2572. Grasp action
selection further enhances precision, resulting in a 3.7% in-
crease in CR@0.2 and a 2.0% reduction in EMD.

Single- and Multi-Target Grasping. Our default eval-
uation protocol randomly selects one flexible instruction
from 3-5 variants per scene, encompassing both single- and
multi-target grasping scenarios. We then detail the respec-
tive performance of GraspCoT and its w/o CoT version in
these two scenarios. In Tab. 3, the w/o CoT version shows
marginally superior CR metrics for multi-target grasping
compared to single-target cases, albeit at the cost of 10.5%
higher EMD. When integrating CoT reasoning, significant
improvements emerge: single-target performance achieves
12.0% improvement in CR@0.3, 36.1% improvement in
CR@0.2, a 12.7% decrease in EMD, while multi-target
grasping attains 9.7% improvement in CR@0.3, 33.2%
improvement in CR@0.2, and 11.3% decrease in EMD.
These results demonstrate that our CoT mechanism deliv-
ers stronger optimization for single-target scenarios because
physical property analysis targets the object itself.
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(a) Real-world experimental setup.
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Figure 6. An application example on a Kinova Gen3 robotic arm.
The video demonstration is included in supplementary materials.

Number of Virtual Views. As presented in Tab. 4, we eval-
uate the impact of varying numbers of complementary vir-
tual views, up to five. In ablation studies with no fewer
than four views, performance using k (<4) views reveals
that CR@0.2 experiences the most significant fluctuations:
a 3.70% relative increase when using 3 versus 2 views, fol-
lowed by a substantial 12.6% leap at 4 views. Beyond four
views, performance plateaus indicate limited enhancement.
We therefore adopt four complementary views as the default
configuration, optimally balancing precision gains against
computational overhead.

4.3. Real-World Experiment

Setup. We deploy a Kinova Gen3 robotic arm with an In-
tel RealSense D435i depth camera, as shown in Fig. 6. The
system detects 6-DoF grasp poses from RGB-D data, maps
them to end-effector poses via hand-eye calibration, and ex-
ecutes trajectories autonomously. Our ROS-based platform
(NVIDIA RTX 3090) processes real-time camera data and
controls the robot via a network interface. We categorize
the test scenarios into explicit and flexible instructions, fur-
ther dividing the latter into single-target grasping and multi-
target sequential grasping. For each setting, we conduct 35
repeated grasping experiments, with the success rate as the

#Views | CR@0.41 CR@0.31 CR@0.2t EMD] EW-CFR}

2 0.9637 0.8485 0.4785 0.2600 0.3984
3 0.9666 0.8566 0.4962  0.2569 0.4103
4 0.9715 0.8797 0.5587 0.2520 0.4229
5 0.9700 0.8811 0.5581 0.2517 0.4239

Table 4. Performance analysis of virtual view quantity.

o Flexible
Methods ‘ Explicit ‘ Single Multiple
w/o CoT 51.4% 48.6% 44.0%
GraspCoT 54.2% 54.2% 46.7%

Table 5. Success rate (%) in real-world experiments.

evaluation metric. Partial successes (e.g., grasping one of
two required targets) are counted as individual successes,
with the rate defined as successful grasps / total targets.

Results. As shown in Tab. 5, when handling explicit
grasping instructions, CoT-enhanced GraspCoT achieved a
54.2% success rate, outperforming its non-CoT counterpart
by 2.8%. For flexible instructions, the CoT version main-
tained stable performance with a 5.6% advantage over the
non-CoT variant, further validating its advantages in opti-
mizing the grasp pose targeted at the object itself. Notably,
in multi-target grasping scenarios where avoiding omissions
of targets with weaker implicit relevance remains challeng-
ing, the CoT implementation improved success rates from
44.0% to 46.7%, which is a 2.7% enhancement, verifying
its effectiveness in handling complex requirements.

5. Conclusion and Discussion

This work presents a novel 6-DoF grasp detection frame-
work that bridges the gap between flexible instructions
and robotic grasping. By integrating a physical-property-
oriented CoT mechanism with QA-guided hierarchical rea-
soning, our method aligns target parsing, physical property
analysis, and grasp action selection with grasp detection.
The proposed multimodal LLM architecture, augmented
by 3D-aware visual-textual token fusion, achieves state-
of-the-art performance on a newly established benchmark
IntentGrasp for diverse verbal-command grasping. Real-
world validations further underscore its practical applica-
bility. While our method demonstrates robust performance
under flexible instructions, some limitations persist. For
instance, grasp predictions for slender objects (e.g., chop-
sticks) occasionally deviate from mass centers despite lever-
aging shape descriptors, suggesting the need to model latent
physical properties beyond geometric cues. Additionally,
future directions include extending the framework to se-
quential video inputs for dynamic scenes, such as grasping
moving targets, which would require video-based grasping
benchmarks to advance real-world adaptability.
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