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Abstract

This paper addresses the problem of 3D indoor furniture arrangement, where the position and orientation of each furniture o
bject are determined from a given room floor plan and the furniture arrangement distributions and relationships observed in

indoor scene datasets. Existing reinforcement learning-based indoor furniture arrangement methods are limited in that their re
ward criteria and constraints rely on hand-crafted rules or explicit information extracted from reference scenes. We propose

a dataset distribution-based reward method that extracts category-specific rear and side wall-distance distributions from 3D-F
RONT, a large-scale 3D scene dataset, and uses them as observation and reward signals for a multi-agent reinforcement lear
ning policy. General agents learn furniture arrangement policies using reference distances derived from category-specific wall
-distance distributions, while child agents are trained to converge to relative position and orientation targets defined with res
pect to their parent furniture objects. We evaluate bedroom, living room, and dining room scenes using FID on orthographi
¢ top-view renderings of furniture OBBs. The results show that the proposed method achieves distribution-matching perform
ance comparable to or better than ATISS and DiffuScene. This demonstrates that directly converting dataset statistics into re

inforcement learning rewards can be effective for learning indoor furniture arrangement policies.
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arrangement framework. The upper row illustrates the sequential

Observation Policy m

GT episode sampling

arrangement process, where general agents first move and converge to place major furniture objects, and child agents subsequently move

after their corresponding parent/general agents are fixed. The lower row summarizes the dataset-derived learning signals used in the

framework. From the 3D-FRONT[10] dataset, category-wise rear and side wall-distance distributions are extracted as dataset-level reward

signals for general agents, while sampled GT episodes provide episode-level parent-child relations and relative targets for child agents.

These agent-specific signals are incorporated into the two-phase furniture arrangement process to produce diverse indoor layout results.
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Table 1. Category-wise FID comparison measured on the official
ATISS[1] evaluation dataset (531 rooms). Lower values indicate

closer agreement with the GT distribution.
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Figure 6. Rendered indoor scenes generated by the proposed
method. For bedroom, living room, and dining room scenes, two
rooms are shown for each category with both top-down and

oblique views.
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