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Abstract

3D indoor scene synthesis plays a crucial role in a wide range of applications, including virtual reality, robot navigation, and human-
environment interaction simulations. While recent diffusion-based approaches have demonstrated strong capabilities in generating
complex object arrangements with structural coherence and visual plausibility, they often fail to consider the user's actual ability to
interact with the environment. Specifically, objects may be placed in locations that are difficult for a user to physically reach or
manipulate. To address this limitation, we propose a novel scene generation framework that integrates human reachability into the
diffusion sampling process. We construct a reachability map by quantitatively modeling the spatial accessibility of human hands using
pose sampling based on VPoser and SMPL-X. This reachability information is then incorporated as a reward signal during sampling,
guiding the model to generate object layouts that are more functionally usable. Experimental results demonstrate that our method
outperforms prior diffusion-based models in terms of both interaction feasibility and spatial consistency, enabling the generation of
3D indoor scenes better aligned with real-world human use.
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Figure 1. An example visualization of 3D reachable space obtained by
accumulating reachable regions of the left and right hands. The
standing poses were sampled using VPoser [12] and converted into 3D
skeletons using SMPL-X [13]. Yellow regions indicate areas that are
frequently reached and easily accessible, while purple regions represent
areas that are more difficult to reach.

Low reachability High reachability

Figure 2. Variation in reachability based on the relative positions of a

chair and a table in a seated posture. The arrangements are ordered from

low to high reachability, illustrating how changes in the placement of
the chair and table affect the feasibility of interaction.
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Figure 3. Overview. The diffusion model progressively generates object arrangements guided by accessibility scores. Starting from an initial
noisy state, the model refines object placements at each step by incorporating reachability constraints as guidance.
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Table 1. Quantitative comparisons on the task of unconditional scene
synthesis. Our method outperforms DiffuScene in terms of loU and
Accessibility Score, indicating enhanced usability and interaction
feasibility.
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Figure 4. Overview. Qualitative comparison of unconditional scene synthesis. Compared to DiffuScene, our method places objects such
as chairs and tables, or sofas and coffee tables, in a way that better supports user interaction.
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