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Abstract: Monocular 3D object detection provides a low-cost solution for 3D perception. However, existing methods
struggle to generate scene descriptions that are intuitively understandable to humans, which limits their applicability in sce-
narios requiring rich semantic understanding, such as human-computer interaction and autonomous driving. As a direct man-
ifestation of human linguistic intelligence, visual captioning offers an ideal communication medium, endowing machines
with the ability to intuitively “narrate” a scene. However, existing visual captioning methods primarily focus on monocular
image content and can only describe two-dimensional topological relationships between objects, lacking the capability to ac-
curately model and express 3D geometric information (e.g., precise distance, spatial location, and motion state). If a two-
stage approach is adopted—first performing 3D detection and then leveraging a large model to generate descriptions—it suf-
fers from low system efficiency and poor information consistency. Moreover, the descriptions generated by large models are

limited to topological relationships and fail to accurately reflect 3D geometric information. In addition, the inherent “halluci-
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nation” phenomenon of large models often leads to inaccurate spatial information accompanied by redundant descriptions.
To address these issues, this paper proposes for the first time a novel task: monocular 3D detection and captioning
(Mono3DDC). This task aims to unify monocular 3D object detection with caption generation, requiring the model to simul-
taneously learn depth-aware visual features and linguistic semantics. Through an end-to-end network architecture, the gener-
ated descriptions are enabled to accurately capture consistent 3D spatial information, ensuring both geometric accuracy in
the descriptions and high precision in 3D object detection. To support in-depth exploration in this interdisciplinary research
area, we construct the first benchmark dataset for monocular 3D visual captioning with Chinese semantic support, named
KITTI3DDC. Based on the KITTI dataset, this dataset employs an efficient automated data generation pipeline that leverag-
es the synergy between a large language model and structured verification templates. While ensuring diversity and linguistic
fluency, the pipeline strictly maintains geometric consistency in spatial information, providing high-quality multimodal su-
pervision signals for subsequent research. Furthermore, we design a novel unified framework, Mono3DDC-TR (Monocular
3D Detection and Captioning based on Transformer). By deeply integrating optimized geometric and visual features, this
framework achieves significant advantages in both caption generation accuracy and multi-category 3D detection perfor-
mance. It attains state-of-the-art results on the constructed KITTI3DDC benchmark, validating the effectiveness of the pro-
posed end-to-end unified framework in jointly modeling geometric information and linguistic semantics. This paper pro-
vides a comprehensive benchmark for the Mono3DDC task, effectively promoting its development and practical application.

Keywords: multimodal learning; scene understanding; 3D object detection; 3D visual captioning; monocular vision;
end-to-end learning
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Figure 1  Comparison chart of Mono3DDC task with other tasks
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Table 2 Performance comparison of different monocular 3D detection methods on the KITTI dataset
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Figure 5 Visualization comparison results of Mono3DDC-TR and other methods
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Table 3 Ablation study results of key components on the KITTI validation set
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Table 4 Ablation study results of confidence threshold for geometric

constraint description head on the KITTI validation set
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