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ATLUR B, st BB B T IR e s TS A
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#§4: Grasp the pear on the front left of the tomato
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$§4: Grasp the ball on the front left of the cup
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}84: Grasp the yellow red peach on the rear left
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$84: Grasp the navy marker on the front left

484 : Grasp the box on the front left of the cereal box

HH CLIPort A

=0 CLIPort ARSI

6 HARR T ST RS T LSS S AL O TEIR G &, S5Ok BTN, RO A EGI2.

PERIARELA, %o BAh,  RIE CLIPort 15 8 % ) 4 12
PO ARG TR 28, BRI i AL 2 5T A
M, ERBI—EmZE. XS H T HER
K ERERZ RS a5 0, E T3 5 BEAE AN
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3.5 ELLIHR
NEIESGL-Net /£ B 52 st h I ATERE 77, A
ST H E B AU & I & 248 240
I ESESS o %P & A RS H AuBo i5WMENLK
. Robotiq1403¢ )\ & RealsenseD4 35 H LA % o
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84 : Grasp the orange on the top of the food box.

= 6 HE AL

Bk ToptiLff Bottom#1L
CLIPort 70%(35,/50) 80%(40/50)
ELGNet 72%(36/50) 74%(37/50)
PN AT 84%(42/50) 92%(46/50)
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MA: Bottom
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Objective
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Accurate grasping of target objects from language instructions is an essential prerequisite for service

robots to achieve natural human-robot interaction. Existing research primarily relies on massive data-driven

training or hierarchical feature fusion schemes for the cross-modal alignment between visual perception and

textual instructions. However, these methods commonly overlook the heavy entanglement between target

objects and background environments within low-level features, leading to a significant degradation in

compositional generalization ability under cross-view and unseen background scenarios. To address these issues,

this paper constructs a dual-view cross-scenario synchronous grasp detection and localization dataset, which is
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used to systematically evaluate and specifically improve the compositional generalization ability of existing
models. Building upon this benchmark, we propose a simultaneous detection and localization network to
simultaneously output the target location and the optimal grasping pose. Consequently, service robots equipped
with the proposed network can perform object manipulation in real-world dynamic environments according to
human instructions, providing theoretical foundations and technical support for embodied intelligence.

Methods The structure of the proposed Simultaneous Grasp and Localization Network (SGL-Net) is
illustrated (Fig. 1). Firstly, a cross-modal global context modulation module (CGCMM) is proposed. The
module utilizes instruction priors to perform adaptive viewpoint correction and background suppression on
visual channels during the early stages of feature extraction. Secondly, a word-pixel cross-modal alignment
module (WPCAM) is designed to achieve fine-grained semantic decoupling via a flattened attention mechanism,
further enhancing the model's comprehension in dynamic scenes. Finally, a unified decoder is employed to
simultaneously output the target location and the optimal grasping pose.

Results and Discussions Extensive quantitative and qualitative experiments are conducted on a restructured
dual-view dataset, including bottom view and top view, and a real-world physical robotic platform.
Comparative results demonstrate that SGL-Net significantly outperforms mainstream CNN-based and CLIP-
based baseline methods in both grasp detection and object localization metrics (Table 2 and Table 3). Ablation
studies explicitly validate the critical contributions of two designed modules in achieving fine-grained semantic
alignment and scene decoupling (Table 4 and Table 5). Furthermore, qualitative visualizations (Fig. 4, Fig. 5,
and Fig. 6) and real-world physical experiments (Fig. 7) indicate that SGL-Net exhibits strong viability for
direct deployment in real-world physical environments. Overall, the network exhibits superior robust
generalization capabilities and reliable practical deployment potential when confronting complex physical
environments.

Conclusions To address the challenge of insufficient cross-view and cross-domain generalization capability in
robotic grasping operations, this paper constructs a corresponding validation dataset and proposes a
simultaneous grasp detection and object localization network. By integrating a cross-modal global context
modulation module and a word-pixel cross-modal alignment module, the proposed network achieves accurate
localization of instruction-specified objects and prediction of optimal grasp poses. Experimental results from
diverse testing datasets and real-world grasping experiments demonstrate the superior performance of the
proposed network, highlighting its potential for deployment in practical scenarios. To further enhance robotic
grasping capabilities in zero-shot scenarios, future work will focus on integrating Large Multimodal Models and
realizing network adaptation through fine-tuning techniques.

Key words: Grasp detection; Language-conditioned; Multi-modal fusion; Complex scenarios
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