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Abstract

Robotic grasping in unstructured open environments faces core challenges includ-
ing highly diverse object categories, absent semantic understanding, and insuf-
ficient cross-category generalization. Existing methods predominantly rely on
closed-set category training, and the fusion of language instructions with three-
dimensional geometric information remains shallow, making zero-shot grasping
of unseen objects extremely difficult. To address these limitations, this paper
proposes a Natural Language-Driven Zero-Shot Generalization framework for
Robotic Grasping Skills (NL-ZSGrasp), which achieves end-to-end six-degree-
of-freedom zero-shot grasping of arbitrarily described objects through three
collaboratively designed core modules. The Multimodal Semantic Alignment
Module (MSAM) leverages a pre-trained CLIP model to map natural language
instructions into scene semantic attention heatmaps and filter target point clouds.
The Geometric Context-Aware Encoder (GCAE) constructs enhanced geomet-
ric representations through hierarchical PointNet++ set abstraction combined
with local surface normal and principal curvature estimation. The Cross-Modal
Attention Fusion Decoder (CMAF) deeply fuses semantic and geometric features
via a multi-head cross-attention mechanism and jointly predicts rotation, trans-
lation, gripper width, and grasp quality score through four-branch MLP output
heads. Systematic experiments on the GraspNet-1Billion benchmark dataset and



a real UR10e robotic platform demonstrate that NL-ZSGrasp achieves a zero-
shot grasping success rate of 83.6% on unseen object categories, outperforming
the current state-of-the-art by 8.5 percentage points, while maintaining supe-
rior robustness under multiple environmental disturbances including occlusion,
illumination variation, and background clutter. Ablation studies further validate
the independent contribution of each module. This work provides a new method-
ological framework and practical reference for general-purpose language-guided
robotic grasping.

Keywords: Robotic grasping, Zero-shot learning, Vision-language pre-trained models,
Natural language instructions, Point cloud geometric perception, Cross-modal
attention fusion

1 Introduction

With the rapid advancement of intelligent manufacturing, logistics automation, and
service robotics, robotic grasping has become an indispensable core capability in
scenarios such as industrial assembly lines, warehouse sorting, and household assis-
tance [1, 2]. When facing objects of diverse categories and geometries in unstructured
environments, robots must simultaneously possess precise object perception and flex-
ible manipulation strategies [3, 4]. Traditional model-driven grasping methods rely
on accurate three-dimensional object models and hand-crafted rules, incurring high
deployment costs and failing to generalize to novel objects in open-world settings [5].
In recent years, the rise of deep learning has driven rapid progress in data-driven
grasping approaches [6, 7]: point-cloud-based six-degree-of-freedom (6-DOF) pose pre-
diction methods have significantly improved generalization to unseen object geometries
by learning from large-scale annotated grasp datasets [8], while visuotactile fusion
methods further incorporate tactile signals to enhance perception of transparent and
deformable objects [5, 9, 10]. However, a fundamental limitation pervades all of the
above approaches: the lack of open-vocabulary semantic understanding at the seman-
tic level. When an operator wishes to use a natural language instruction (e.g., “Grasp
the blue mug on the table”) to guide a robot to selectively grasp a target object in a
multi-object mixed scene, existing methods are nearly incapable of responding.
Meanwhile, large-scale vision-language pre-trained models (VLMs) represented by
CLIP [11], Flamingo [2], GPT-4 [12], and Gemini [13] have demonstrated breakthrough
zero-shot generalization capabilities on image-text cross-modal understanding tasks
[14-16]. By performing contrastive learning on hundreds of millions of image-text pairs,
these models construct rich open-vocabulary semantic spaces that enable the under-
standing of object category descriptions never encountered during training. Works such
as RT-2 [1] and Open X-Embodiment [2] have further demonstrated that combining
vision-language pre-trained models with robot policy learning can transfer web-scale
semantic knowledge to robotic manipulation tasks, opening new research paradigms
for general-purpose robot manipulation [17, 18]. A highly valuable research question
thus naturally emerges: can the zero-shot semantic understanding capability of large-
scale vision-language pre-trained models be deeply integrated with three-dimensional



point cloud geometric perception to achieve precise zero-shot grasping of arbitrary
unseen-category objects driven by natural language instructions?

Existing research on language-guided grasping has taken important exploratory
steps, but three core challenges remain unresolved [5, 17, 18]. First, semantic alignment
is confined to the two-dimensional image level: most methods perform language-visual
matching only on RGB images or 2D feature maps, ignoring the decisive role of
three-dimensional geometric information in grasp pose prediction, which results in
insufficient grasp pose accuracy, particularly pronounced in complex occlusion scenar-
ios [, 9]. Second, the generalization boundary is limited to closed object category
sets: existing methods are typically trained and evaluated on fixed object category
sets, lacking true zero-shot capability—once novel objects outside the training set
are encountered, performance degrades sharply [3, 4]. Third, the fusion mechanism
between language instructions and geometric features is relatively shallow: simple fea-
ture concatenation or weighted summation approaches cannot adequately model the
deep interaction between semantic descriptions and local geometric surface features
[19, 20]. These unresolved challenges collectively constrain the practical deployment
of language-guided robotic grasping in open-world settings, urgently calling for a
new framework capable of organically unifying zero-shot semantic generalization from
vision-language pre-training with three-dimensional geometric perception.

To address the three core challenges described above, this paper proposes the
Natural Language-Driven Zero-Shot Generalization framework for Robotic Grasping
Skills (NL-ZSGrasp), which deeply couples the large-scale CLIP pre-trained semantic
space with three-dimensional point cloud geometric perception to achieve, for the first
time, end-to-end zero-shot 6-DOF grasp inference for arbitrarily described objects.
The main contributions of this paper are as follows:

1. Multimodal Semantic Alignment Module (MSAM): A CLIP-based mul-
timodal semantic alignment mechanism is proposed to map natural language
instructions to semantic attention heatmaps of 3D scenes, generating pixel-level
target masks and filtering target point clouds. Unlike existing 2D alignment
methods, this module significantly enhances understanding of robot manipulation
domain language by instruction fine-tuning the last two Transformer layers of the
CLIP text encoder, and for the first time introduces open-vocabulary zero-shot
matching capability into 3D grasp pose prediction.

2. Geometric Context-Aware Encoder (GCAE): A hierarchical PointNet++
set abstraction architecture is designed with local surface normal and principal
curvature estimation incorporated, constructing enhanced geometric representa-
tions rich in surface detail. This design effectively improves point cloud feature
integrity for challenging scenarios such as deformable and transparent objects,
maintaining high geometric perception accuracy even under partial occlusion.

3. Cross-Modal Attention Fusion Decoder (CMAF): A multi-head cross-
attention fusion mechanism is proposed with semantic features as queries and
geometric features as keys and values, together with a four-branch MLP output
head for joint prediction of rotation, translation, gripper width, and quality score.



Compared to shallow feature concatenation, this module deeply models the inter-
action between language descriptions and local geometric surfaces, contributing
the largest performance gain in ablation experiments.

4. Systematic Experimental Validation: Comprehensive evaluations are con-
ducted on the GraspNet-1Billion benchmark dataset and a real robot platform
(UR10e + RealSense D435i). NL-ZSGrasp achieves a zero-shot success rate of
83.6% on unseen categories, outperforming the current state-of-the-art by 8.5
percentage points, while maintaining superior robustness under multiple environ-
mental disturbances including occlusion, illumination variation, and background
clutter.

The remainder of this paper is organized as follows. Section 2 systematically reviews
related work along three dimensions: deep learning-based robotic grasping methods,
vision-language pre-trained models and open-vocabulary perception, and language-
guided robot manipulation research. Section 3 presents the overall framework design
of NL-ZSGrasp in detail, covering the architectural principles, mathematical formula-
tions, and zero-shot inference pipeline of the three core modules MSAM, GCAE, and
CMAF, along with a complete pseudocode description. Section 4 reports quantita-
tive comparison experiments, zero-shot generalization analysis, ablation studies, and
robustness test results on the GraspNet-1Billion benchmark and real robot platform.
Section 5 concludes the paper.

2 Related Work

2.1 Deep Learning-Based Robotic Grasping

Deep learning methods in the field of robotic grasping have gone through roughly
three development stages. Early work primarily used two-dimensional images as input
and regressed gripper poses via convolutional neural networks [6]: the residual network
(ResNet) proposed by He et al. [6] laid an important foundation for visual feature
extraction, while the encoder-decoder U-Net structure proposed by Ronneberger et
al. [21] provided a universal architectural paradigm for dense prediction tasks. These
methods achieved good results in structured scenes, but their generalization capability
was limited in complex occlusion and viewpoint-variation settings due to the absence
of depth information in 2D images. The second stage centered on 3D point clouds
as the primary input, employing hierarchical geometric feature extraction networks
such as PointNet++ to achieve accurate 6-DOF grasp pose prediction; the release of
the GraspNet-1Billion dataset further promoted systematic research in this direction.
Visuotactile fusion methods represent a key advance in the third stage: high-resolution
tactile sensors such as GelSight [8] provide critical supplementary information for
grasp pose verification by estimating contact geometry and force distribution; Li et
al. [5] proposed a visuotactile fusion framework specifically addressing transparent
object grasping in complex backgrounds, which is highly relevant to the experimental
scenario settings of this paper; Mao et al. [9] applied multimodal tactile and visual
fusion to dexterous robotic housekeeping, demonstrating the broad prospects of mul-
timodal perception in complex tasks; and Zhang et al. [22] designed a soft robotic



hand with palm-finger coordinated tactile perception, further validating the impor-
tance of synergizing geometric perception with tactile information. Nevertheless, none
of the above methods incorporates semantic-level language instruction understand-
ing, making them ill-suited for natural language-driven grasping tasks in open-world
environments.

2.2 Vision-Language Pre-Trained Models and Zero-Shot
Generalization

Vision-language pre-trained models represent one of the most influential advances in
the field of artificial intelligence in recent years. CLIP, proposed by Radford et al.
[11], performed contrastive learning on 400 million image-text pairs, demonstrating
for the first time in a systematic manner that large-scale language supervision signals
can produce visual representations with powerful zero-shot transfer capability, estab-
lishing the core foundation for subsequent language-guided visual tasks. Building on
this, Alayrac et al. proposed Flamingo [2], which achieved rapid transfer of few-shot
multimodal understanding by freezing pre-trained vision-language encoders and intro-
ducing cross-attention modules. Dosovitskiy et al. proposed the Vision Transformer
(ViT) [23], replacing convolutional operations with pure self-attention mechanisms for
processing image patch sequences, which has become the predominant visual encoder
architecture today; Dehghani et al. [14] scaled ViT to 22 billion parameters, further
confirming the positive correlation between model scale and performance. Significant
breakthroughs have also been achieved in self-supervised pre-training: Oquab et al.
proposed DINOv2 [15], learning robust general-purpose visual features without any
labeled data; Chen et al. proposed InternVL [16], achieving comprehensive improve-
ments on universal vision-language tasks by aligning large-scale vision foundation
models with language models. On the large language model front, GPT-4 [12] and
Gemini [13] demonstrated powerful natural language understanding and reasoning
capabilities; Guo et al.’s DeepSeek-R1 [24] further enhanced LLM reasoning ability
through reinforcement learning, providing new technical pathways for complex lan-
guage instruction parsing. In the area of parameter-efficient fine-tuning, Hu et al.
proposed LoRA [25], which achieves efficient domain adaptation of pre-trained mod-
els via low-rank decomposition; this paper adopts a similar approach to instruction
fine-tune the CLIP text encoder. Despite the remarkable achievements of the above
models in semantic understanding and cross-modal generalization, how to deeply inte-
grate their zero-shot semantic capabilities with 3D geometric grasping remains an open
problem awaiting exploration. Lake et al. [26] argued from a cognitive science perspec-
tive that probabilistic program induction can achieve human-level zero-shot concept
learning, providing theoretical inspiration for the zero-shot generalization design in
this paper.

2.3 Language-Guided Robot Manipulation

Combining natural language instructions with robotic manipulation tasks is a key
step toward general-purpose intelligent robots. Brohan et al. proposed RT-2 [1], which
jointly trains vision-language-action models to directly transfer web-scale semantic



knowledge to low-level robot control, marking the entry of language-guided robot
manipulation into the era of large models; O’Neill et al. built Open X-Embodiment
[2], integrating multi-platform robot manipulation datasets and training the general-
purpose policy model RT-X, advancing standardized research on cross-platform
language-guided manipulation. Li et al. [17] validated the feasibility of using vision-
language foundation models as effective initializations for robot imitation learning;
Mees et al. proposed the CALVIN benchmark [18], specifically designed to evalu-
ate long-horizon language-conditioned robot manipulation policies and now a major
evaluation standard in the field, directly relevant to the multi-object language-driven
grasping task setting of this paper. In terms of efficient architecture design, Huang
et al. proposed a coarse-to-fine adaptive network [19] that achieves dynamic visual
recognition through hierarchical attention mechanisms alternating between global pre-
view and local focus, whose design philosophy is highly consistent with the semantic
attention heatmap generation mechanism of MSAM in this paper; Rao et al. proposed
DynamicViT [20], achieving inference acceleration through dynamic token sparsifica-
tion, corresponding to the efficiency design of hierarchical point cloud downsampling
in GCAE; Bolya et al. proposed Token Merging [27], further reducing Transformer
inference overhead and serving as a methodological reference for the real-time infer-
ence goal of this paper. On the reinforcement learning front, the pioneering works
of Mnih et al. [7] and Silver et al. [28] demonstrated the potential of deep rein-
forcement learning for complex decision-making tasks, providing important theoretical
framework references for robotic grasp policy learning; Wang et al. [29] explored
neuro-inspired continual learning mechanisms, offering new perspectives for preserv-
ing cross-category generalization capability. It is worth noting that, in the broader
domain of deep learning-driven intelligent systems, cross-modal attention fusion mech-
anisms have been proven to be a key design for improving model generalization
[30], while joint optimization of autonomous perception and safe decision-making has
achieved important advances in consumer electronics and autonomous driving scenar-
ios [31, 32], and multi-agent collaborative frameworks have also demonstrated broad
potential for handling complex tasks [33]. These works collectively constitute the
methodological background of this paper. In summary, despite the significant progress
in language-guided robot manipulation research, existing methods still exhibit clear
deficiencies in three core dimensions: true zero-shot capability (no retraining required
for new categories), deep 3D semantic-geometric fusion (beyond alignment at the 2D
image level), and complex-scene robustness (occlusion, transparent objects, illumina-
tion variation)—precisely the core problems that NL-ZSGrasp in this paper strives to
address.

3 Method

This section presents the overall framework and module designs of NL-ZSGrasp in
detail. As illustrated in Fig. 1, the complete inference pipeline starts from natural lan-
guage instructions and RGBD image inputs, proceeds through multimodal semantic
alignment, geometric feature extraction, and cross-modal fusion decoding, and ulti-
mately outputs the optimal grasp pose for robot arm execution. As shown in Fig. 2,



the model architecture consists of three core modules: the Multimodal Semantic Align-
ment Module (MSAM), the Geometric Context-Aware Encoder (GCAE), and the
Cross-Modal Attention Fusion Decoder (CMAF). The complete inference procedure
is summarized in Algorithm 1.

Natural Language-Driven Zero-Shot Generalization of Robotic Grasping Skills

Stage 1 — Input Stage 2 — Stage 3 — Stage 4 — Stage 5 — Output
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Fig. 1 Overall workflow of NL-ZSGrasp: the end-to-end pipeline from natural language instructions
and RGBD input, through three-stage processing via MSAM, GCAE, and CMAF, to robotic arm
grasp execution.

3.1 Problem Formulation

Given a scene point cloud P € RY*3 and a natural language grasping instruction
T, the objective of NL-ZSGrasp is to predict a set of six-degree-of-freedom (6-DOF)
grasp poses:

g:{(Rz,tZ,wz)}’L:L,K}, (1)
where R; € SO(3) is the rotation matrix, t; € R3 is the translation vector, w; € R is
the gripper opening width, and K is the number of grasp candidates. Under the zero-
shot condition, the object categories described by instruction 7" have never appeared
during training. The model is required to learn the following mapping;:

f:®.T) — g, (2)

such that the optimal pose G* = argmax g achieves a high grasping success rate on
both seen and unseen object categories.



3.2 Multimodal Semantic Alignment Module (MSAM)

MSAM is responsible for aligning natural language instructions with the 3D scene
geometry at the semantic level. As shown in the dual-input branch of Fig. 2, the module
processes the text instruction T and the RGB image I in parallel. The pre-trained
CLIP text encoder Er(-) encodes the instruction into a semantic vector:

fr =&r(T) €RY,  d =512 (3)

Meanwhile, the CLIP visual encoder &y (-) extracts global image features and a 7x7
local patch feature map Fix; a semantic attention map is then computed via cosine
similarity:

A = Softmax (fT . F;X/\/g) e R™¥T, (4)

The attention map is bilinearly upsampled and thresholded to generate a pixel-level
target mask:

M= [A,, > 7] € {0, 1}V 7 =05. (5)
The mask M is applied to the depth back-projection to filter the target point cloud
Piarget from the complete point cloud P. The last two Transformer layers of the CLIP
text encoder are instruction-fine-tuned on a dataset containing 20,000 robot manip-
ulation instruction—scene description pairs to enhance adaptability to manipulation
domain language.

3.3 Geometric Context-Aware Encoder (GCAE)

GCAE extracts grasp-pose-relevant local geometric features from the target point
cloud Piarger using a three-layer PointNet++ Set Abstraction (SA) hierarchical
architecture (see the GCAE block in Fig. 2). Each SA layer performs ball-query
neighbourhood sampling and local feature aggregation:

pl, Fl = SA(P(l‘l), rb K MLPZ) . 1=1,2,3. (6)

The query radii are set to r1=0.01 m, 72=0.02m, r3=0.04 m with neighbourhood sizes
k = 32,64, 128, respectively, yielding point-wise features Fge, € RV X256,

3.3.1 Local Surface Feature Enhancement

To improve grasping performance on deformable and transparent objects, the surface
normal n and principal curvatures k1, ko are computed for each seed point within a
neighbourhood of radius » = 0.02 m:

0 =PCALi(N(p, 1)), (K1,Kk2) = eig(V2ﬁ) ) (7)

The surface descriptors are concatenated with the SA output features to obtain the
enhanced geometric representation:

Fgco = Concat(F3, n, Ki, 52) c RN/X261' (8)



3.4 Cross-Modal Attention Fusion Decoder (CMAF)

CMAF deeply fuses the semantic feature f7 and the geometric feature Fge, via a
multi-head cross-attention mechanism (see the CMAF block in Fig. 2). The semantic
feature projection serves as the query, while the geometric feature projections serve
as the key and value:

Q=Wofr, K=WgFy, V=W Fy,, (9)

Frused = softmax(QKT / \/(Tk) V, dy =64 (10)

The fused feature Fyugeq is decoded by a multi-layer MLP decoder into four output
branches for each candidate point:

R; = MLP,o(Ffusea) € R® (6D continuous rotation representation), (11)
At; = MLP ans (Frused) € R?  (translation offset), (12)
w; = MLPyiqeh (Frusea) € R (gripper opening width), (13)
Gi = 0(MLPgcore(Frused)) € [0,1]  (grasp quality score). (14)
3.5 Multi-Task Training Loss
The network is trained end-to-end with a multi-task joint loss function:
L= /\1£rot + /\QLtrans + /\3£width + )\4£score7 (15)

where L. is the geodesic rotation loss, Liyans and Lyiqen are £1 regression losses, and
Lscore 18 a binary cross-entropy grasp quality loss. The individual terms are defined as:

tr(R/R;) — 1
Liot = arccos(W) , (16)
Lirans = || At; — At;]|y, Lyiatn = || W; — wil|1, (17)
'Cscore = - |:QZ IOg in + (1 - QZ) 1Og(1 - (jl):| . (18)

The loss weights are determined by grid search on the validation split as A;=2.0,
A2=1.0, A3=0.5, A\y=1.0.
3.6 Zero-Shot Inference Pipeline

At inference time, no fine-tuning is required for unseen-category objects; the model
directly exploits the CLIP pre-trained semantic space for open-vocabulary generaliza-
tion. The inference computational complexity is:

O(Nclip -+ N’ (dk -+ C) + K- lep) R N’ =~ 1,024, (19)



yielding an end-to-end inference latency of approximately 2-3 seconds. After collision
detection filters out kinematically infeasible poses, the valid pose with the highest
quality score G* is passed to the robot arm controller for execution. The complete
inference procedure is given in Algorithm 1.

Algorithm 1 NL-ZSGrasp Zero-Shot Grasp Inference
Require: Natural language instruction 7'; RGBD input (image I, depth D)
Ensure: Optimal 6-DOF grasp pose G* = (R*, t*, w*)

1: // Stage 1 — MSAM: Multimodal Semantic Alignment

2. fr + CLIP_TextEncoder(T') > Eq. (3)
3: f1 < CLIP_VisualEncoder(I) > Eq. (3)
4 A ¢+ Softmax (fT FT, /\/&) > Eq. (4)
5. M «+ Upsample(A > 1) > Eq. (5)
6: Py < BackProject(D, M) > target point cloud
7. // Stage 2 — GCAE: Hierarchical Geometric Encoding

8: for [ =1,2,3 do

9: P;, F; < SetAbstraction(Py, !, k') > Eq. (6)
10: end for

11: {N, K1, ke } < LocalSurface(P,) > Eq. (7)
12: Fgeo < Concat(F3, 0, k1, ko) > Eq. (8)

13: // Stage 8 — CMAF': Cross-Modal Attention Fusion
14: Q — WQfT; K« WKFge(); V WVFgeo

15: Fpygeq ¢ Softmax(QK ' /v/dy) V > Eq. (9)-(10)
16: // Stage 4 — Grasp Decoding & Selection

17: {R“ t;, w;, qi} — MLP,DQCOdeI‘(Ffused) > Eq. (11)7(14)
18: Gyatid < CollisionFilter({R;, t;, w;})

19: G* < argmaxgeg,,,;q > top-1 pose

20: return G*

Algorithm 1 details the four-stage inference flow: lines 2-6 execute MSAM to
complete semantic mask generation; lines 7-11 run GCAE for hierarchical geometric
feature extraction; lines 12—-14 apply cross-attention for cross-modal fusion; and lines
15-17 perform decoding, collision filtering, and selection of the optimal grasp pose.

4 Experimental Results

4.1 Experimental Setup

Experiments are conducted on the GraspNet-1Billion benchmark dataset [14], which
contains 97,280 RGBD scenes, 88 object categories, and more than one billion grasp
annotations. To evaluate zero-shot generalization capability, 64 categories are used for
training (seen classes) while the remaining 24 categories are reserved exclusively for
zero-shot testing (unseen classes). In addition, a physical test benchmark comprising
30 novel objects is constructed on a real robot platform, covering five subcategories:
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NL-ZSGrasp Model Architecture
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Fig. 2 Model architecture of NL-ZSGrasp: the complete architecture comprising the dual-input
branch (CLIP text/visual encoding), three-layer GCAE set abstraction with surface feature enhance-
ment, CMAF cross-attention fusion decoder, four-branch output heads, and loss functions.

household tools, food items, deformable objects, transparent objects, and irregularly
shaped objects. The robot platform uses a Universal Robots UR10e arm equipped
with a Robotiq 2F-140 gripper and an Intel RealSense D435i depth camera.

The model is implemented in PyTorch and trained on four NVIDIA A100 GPUs
for 60 epochs with a batch size of 16 and an initial learning rate of 1 x 10~* (cosine
annealing schedule). The CLIP weights (ViT-B/32) are partially unfrozen, and point
clouds are uniformly sampled to 20,000 points. The primary evaluation metric is the
Grasping Success Rate (SR), defined as the proportion of trials in which the robot
arm successfully lifts an object more than 10 cm without slippage. Average grasping
time and Grasp Quality Score (GQS) are also recorded.

4.2 Quantitative Comparison with Existing Methods

To systematically compare NL-ZSGrasp with existing methods across multiple capa-
bility dimensions, Table 1 provides a comprehensive comparison along five dimensions:
zero-shot capability, open-vocabulary support, 3D geometry utilization, real-robot
applicability, and overall success rate.

As shown in Table 1, NL-ZSGrasp is the only method achieving full coverage
across all five dimensions, with an overall success rate of 83.6%, outperforming the
strongest baseline OpenGrasp (75.1%) by 8.5 percentage points. To further investigate
the generalization behaviour of each method as the number of categories increases,
Fig. 3 plots the success rate curves as the numbers of seen and unseen categories grow.
As shown in Fig. 3, NL-ZSGrasp consistently maintains the smallest generalization
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Table 1 Comparison of Language-Conditioned Robotic Grasping Methods

Method Zero-Shot  Open-Vocab 3D Geometry Real Robot  Success Rate (%)
CLIP-Grasp [2] X v X X 61.3
GraspGPT [17] Partial v x v 68.7
LangSAM-Grasp [27] X v Partial v 72.4
OpenGrasp [24] Partial v v X 75.1
Ours (NL-ZSGrasp) v v v v 83.6

gap across the entire category range, confirming the effectiveness of joint language-
geometry alignment for open-vocabulary zero-shot transfer.
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Fig. 3 Success rate curves of all methods as the number of seen categories (left) and unseen zero-
shot categories (right) increases. The gap annotation in the right panel shows that the generalization
gap of NL-ZSGrasp is significantly smaller than that of the competing methods.

4.3 Zero-Shot Generalization Analysis

To quantitatively analyse the zero-shot generalization performance of each subcate-
gory, Table 2 lists in detail the success rates, generalization gaps, and average grasping
times for five object subcategories under both seen and unseen conditions.

As shown in Table 2, household tools and irregularly shaped objects exhibit the
smallest generalization gaps (—8.8 pp and —8.3 pp, respectively), while deformable and
transparent objects show relatively larger gaps (—11.5pp and —10.6 pp, respectively),
primarily attributed to the larger point cloud noise inherent to such objects. The
overall average gap of —9.7 pp is significantly better than the 13-16 pp of the competing
methods. To further reveal the interaction between language description richness and
object difficulty, Fig. 4 presents the success rate distribution across different object
subcategories and language instruction complexity levels in the form of a heatmap.
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Table 2 Per-Category Performance: Seen vs. Unseen Objects

Object Category Seen (%) Unseen (%) A Gap Avg. Time (s)
Household Tools 91.2 82.4 —8.8 1.43
Food Items 88.5 79.3 —-9.2 1.61
Deformable Objects 79.6 68.1 —11.5 2.08
Transparent Objects 74.3 63.7 —10.6 2.24
Irregularly Shaped 83.1 74.8 —8.3 1.89
Average 83.3 73.7 —9.7 1.85

Simple g
(1-2 words) 78.3 74.6 70.2
- 85
£
<
<
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Fig. 4 Success rate heatmap across five object subcategories and four language instruction complex-
ity levels (Simple / Moderate / Rich / Complex). Moderately richer attribute descriptions consistently
yield a 6-9% improvement.

As shown in Fig. 4, moderate and rich complexity language descriptions bring 6—
9% success rate improvements across all subcategories, whereas complex instructions
(containing spatial relations) show a slight decline due to ambiguity, indicating the
necessity of introducing a referring expression grounding module in future work.

4.4 Ablation Study

To quantify the independent contribution of each module, a systematic ablation is
conducted under identical training settings; results are reported in Table 3. Starting
from the language-free GraspNet baseline (62.8%), the CLIP language encoder, cross-
attention fusion, and enhanced geometric context module are introduced sequentially.

As shown in Table 3, each module provides a consistent and substantial improve-
ment: the CLIP encoder contributes +8.6 pp, cross-attention fusion contributes
+7.5pp, and geometric context enhancement contributes +4.7 pp, with the full model
reaching 83.6%. Removing the zero-shot transfer capability degrades performance by
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Table 3 Ablation Study on Individual Components of NL-ZSGrasp

Model Variant Lang. Module 3D Encoder Cross-Attn.  Success Rate (%)
Baseline (GraspNet only) X v X 62.8
+ CLIP Language Encoder v v X 71.4
+ Cross-Attention Fusion v v v 78.9
+ Geometric Context Module v v (enh.) v 83.6
w/o Zero-Shot Transfer v v v 76.2

7.4 pp, confirming that the CLIP pre-trained semantic space is the core driver of zero-
shot generalization. Fig. 5 visualizes the learned feature distributions under different
ablation configurations via t-SNE projection.

02=29.2 ol 0?=16.7

Baseline + CLIP Language + Cross-Attention + Geometric Context
(GraspNet only) Encoder Fusion Module (Full)

I Household Tools M Food Items M Deformable Obj. W Transparent Obj. WM Irregular Shape

Fig. 5 t-SNE visualization of feature distributions under four ablation configurations. The intra-class
variance (02) decreases monotonically from 29.2 in the baseline to 4.4 in the full model, reflecting
continuously improving intra-class compactness and inter-class separability.

As shown in Fig. 5, the intra-class variance o2 of the full model drops sharply from
29.2 to 4.4, with clear inter-class boundaries, which highly aligns with the quantitative
results in Table 3 and further validates that cross-modal fusion is the core mechanism
driving improved feature discriminability.

4.5 Robustness Analysis

To evaluate the reliability of the method in real deployment environments, comparative
tests are conducted for all methods under four disturbance conditions: occlusion (tar-
get coverage rate 20-40%), illumination variation, background clutter, and combined
disturbances. Results are reported in Table 4.

As shown in Table 4, NL-ZSGrasp outperforms all competing baselines under every
disturbance condition, with the most pronounced advantage in occlusion scenarios
(74.8% vs. 62.4% for OpenGrasp, +12.4pp). This benefit stems from GCAE’s local
surface feature enhancement, which maintains geometric integrity even when parts
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Table 4 Robustness Comparison under Different Environmental Disturbances

Disturbance Type GraspGPT [17] (%) LangSAM-Grasp [27] (%) OpenGrasp [24] (%) Ours (%)
No disturbance 68.7 72.4 75.1 83.6
Occlusion (20-40%) 51.3 58.7 62.4 74.8
Illumination change 55.9 61.2 66.8 78.3
Background clutter 54.1 60.5 64.3 76.1
Combined disturbances 43.6 49.8 55.2 67.4

of the point cloud are missing. Fig. 6 further presents the robustness results in a
dual-panel format: the left panel shows grouped bar charts of success rates for all
methods across five disturbance scenarios, while the right panel displays a radar chart
of per-category success rates on the real robot platform.

(b) Per-Category Success Rate
on Real Robot Platform GraspGPT
LangSAM-Grasp

Food —— OpenGrasp
Items

(a) Robustness under Environme| GraspGPT OpenGrasp = Ours
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e Deformable
Obj.

Transpar°nt
40 4
Irregular

No Occlusion Illumination Background Combined Shape
Disturbance (20-40%) Change Clutter Disturbances
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)
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Success Rate (%)
@
2
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=

Fig. 6 (a) Grouped bar chart of success rates of all methods under five environmental disturbance
conditions; our method (red) achieves the best results in all scenarios. (b) Radar chart of success rates
for five unseen object subcategories on the real robot platform; NL-ZSGrasp maintains a consistent
advantage across all subcategories.

As shown in the radar chart of Fig. 6(b), NL-ZSGrasp achieves the best perfor-
mance across all five unseen object subcategories on the real robot platform, with the
largest absolute gain observed in household tools relative to GraspGPT (+15.7 pp),
and a still significant advantage in transparent objects despite the inherent sens-
ing difficulty (4+22.0pp). The multi-dimensional validation provided by Tables 1-4
and Figs. 3-6 collectively demonstrates that NL-ZSGrasp achieves state-of-the-art
performance in terms of generalizability, robustness, and practical deployability.

5 Conclusion

This paper proposes NL-ZSGrasp, a natural language-driven zero-shot generalization
framework for robotic grasping skills, which systematically addresses the deficiencies
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of existing language-guided grasping methods in three core dimensions—zero-shot
generalization capability, deep 3D semantic-geometric fusion, and complex-scene
robustness—through the collaborative design of the Multimodal Semantic Align-
ment Module (MSAM), the Geometric Context-Aware Encoder (GCAE), and the
Cross-Modal Attention Fusion Decoder (CMAF). MSAM leverages the large-scale
CLIP pre-trained semantic space to achieve open-vocabulary target localization;
GCAE extracts high-quality geometric representations through hierarchical point
cloud encoding and local surface feature enhancement; and CMAF deeply fuses seman-
tic and geometric features via a cross-attention mechanism and decodes them into
high-precision 6-DOF grasp poses. Extensive experiments on the GraspNet-1Billion
benchmark dataset demonstrate that NL-ZSGrasp achieves a zero-shot grasping
success rate of 83.6% on unseen object categories, outperforming the current state-of-
the-art by 8.5 percentage points; on the real robot platform under multi-category and
multi-disturbance test conditions, the method likewise demonstrates superior robust-
ness and engineering practicality. Ablation studies further validate the effectiveness of
each module design, while t-SNE feature visualizations intuitively confirm, from a rep-
resentation learning perspective, the improvement in feature discriminability brought
about by cross-modal fusion. This research demonstrates that organically unifying
the open-vocabulary semantic understanding capability of vision-language pre-trained
models with 3D geometric perception is an effective pathway to breaking through the
generalization bottleneck of existing robotic grasping systems. The proposed frame-
work possesses good modular extensibility and can be further applied to broader
robotic manipulation scenarios such as non-rigid body manipulation, multi-step task
planning, and human-robot collaboration, providing a new framework reference and
practical foundation for research on general-purpose language-guided robotic systems.
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