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Abstract

While Visual Language Models (VLMs) excel in visual semantic tasks, they exhibit significant
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deficiencies in spatial geometric reasoning tasks, such as relative depth estimation, 3D localization,
and multi-entity spatial relationships. These limitations stem primarily from the scarcity of high-
quality spatial data and the inability of traditional supervised training to effectively elicit spatial
reasoning processes within the models. To address these challenges, this paper proposes an end-
to-end framework integrating automated annotation, data synthesis, and model training, designed
to systematically enhance the spatial cognitive capabilities of VLMs. We construct a fully automated
image spatial annotation pipeline that achieves comprehensive annotation of spatial information
through high-recall detection, mask refinement, and the recovery of depth and camera parameters,
eliminating the need for human intervention. Building upon this, we design a task-oriented data
synthesis module to generate spatial reasoning data encompassing qualitative, quantitative, single-
hop, and multi-hop scenarios. Furthermore, we develop a reinforcement learning training pipeline
based on the Group Relative Policy Optimization (GRPO) algorithm. By incorporating customized
reward functions and curriculum learning strategies, we enable the stable training of large models
for spatial tasks. Experimental results demonstrate that the proposed framework outperforms
mainstream models, including Qwen2.5-VL and InternVL, across multiple public and self-con-
structed benchmarks. These findings validate the effectiveness of semantic-geometric consistent
data construction and optimized reinforcement learning strategies in elevating the spatial reason-
ing abilities of VLMs.
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