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Abstract

Text-driven indoor scene generation and editing
require an intermediate representation that lan-
guage models can both produce and revise. Ex-
isting LLM-based systems often rely on scene
graphs or global constraint lists, which are com-
pact but underspecify local geometry and make
instruction-based edits difficult to localize. We
frame the task as structured program generation
and local program repair, and propose the Hier-
archical Descriptive Scene Language (HDSL),
an XML/CSS-style domain-specific language
in which rooms, regions, objects, and support
surfaces form a tree with parent-relative lo-
cal coordinates. Our pipeline generates HDSL
subtrees recursively with bounded verification,
grounds non-virtual nodes through multimodal
asset retrieval, and applies force-directed lay-
out optimization to repair boundary and colli-
sion errors. For editing, Hierarchical Retrieval-
Augmented Generation retrieves the relevant
subtree, rewrites only that local context, and
merges the result back through a determinis-
tic three-way merge. In our reproduced bench-
mark, HDSL improves average object coverage,
text-scene alignment, and generation time over
full text-to-scene baselines while remaining
competitive with layout-only reproductions on
geometry metrics. On thirty paired editing in-
structions, HRAG reduces token use by 67.6%
and runtime by 68.1%, and cuts non-target re-
movals by 87.5% over full-scene rewriting; at-
tribute ablations confirm that local coordinates
and virtual/leaf flags are necessary for valid,
locality-preserving edits.

1 Introduction

Text-driven indoor scene generation and editing
asks a system to convert a natural-language request
into a renderable 3D indoor scene, and then revise
that scene through follow-up instructions. This task
supports VR (Höllein et al., 2023), AR (Suzuki
et al., 2022), embodied AI (Duan et al., 2022), and
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Figure 1: HDSL as an editable scene interface. Com-
pared with flat scene graphs, an XML/CSS-style hierar-
chy stores local geometry, support relations, and object
identity in addressable nodes, so an edit can target the
relevant subtree instead of rewriting the whole scene.

rapid design prototyping, where users need both
initial scene construction and iterative modification.
Agentic LLM pipelines are especially promising
here: instead of training a separate generator for
every domain, an agent can decompose a prompt
into planning steps, retrieve assets, call geometric
checks, and revise intermediate outputs through
tool feedback.

The current agentic route, however, remains
expensive and hard to control. Holodeck (Yang
et al., 2024c) and I-Design (Çelen et al., 2025) ask
LLMs to produce scene graphs or constraint sets
before retrieving and arranging Objaverse-scale as-
sets (Deitke et al., 2023); DirectLayout (Ran et al.,
2025) and LayoutVLM (Sun et al., 2025) further
explore language-driven layout construction. These
systems demonstrate the flexibility of agents, but
their scene interfaces often leave metric geome-
try and object identity distributed across solvers,
validators, and post-processing state. As a result,
a complex room may require long prompts, re-
peated retries, and global checks even when the
user wants a small local change. Editing makes
this cost more visible: follow-up instructions often
require feeding back a large scene context or rerun-
ning a broad generation process, which increases
token use and raises the risk of moving, deleting,
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or re-grounding unrelated objects (El Amine Boud-
joghra et al., 2025).

These problems are difficult because indoor
scenes are nested, support-heavy, and partly metric.
A room contains functional zones, zones contain
furniture groups, and many objects depend on ta-
bles, shelves, counters, or walls. A representation
for an LLM therefore has to expose local coordi-
nates, support relations, and persistent object iden-
tity while keeping each prompt small enough to
reason over reliably. Prior work often treats this as
a downstream repair problem, adding stronger val-
idators, backtracking, render feedback, or ad hoc
edit rules after the scene interface has already been
chosen. These components are useful, but they do
not make token consumption and localized editing
the central design target.

We instead treat the scene representation as the
control surface for the agent. The scene interface is
what an LLM agent writes against and a geometry
engine later executes, so its design deserves the
same attention as the planner itself. Inspired by
LLM-based web development (Xiao et al., 2025)
and CSS layout generation (Feng et al., 2023), we
introduce Hierarchical Descriptive Scene Lan-
guage (HDSL), an XML/CSS-style DSL for 3D
indoor scenes. HDSL acts as a harness around
the LLM: it constrains outputs to parseable nodes,
stores local geometry in the parent frame, exposes
deterministic checks, and gives each room, region,
object, and support container an addressable iden-
tity, as shown in fig. 1. Its design commitments,
tree containment, parent-relative local coordinates,
virtual/leaf flags, and support nesting, make subtree
addressing, local rewriting, re-anchoring, and merg-
ing atomic operations instead of conventions that
every module must rebuild. A flat JSON list has
no hierarchy and therefore no subtree to address;
a scene graph records pairwise relations but no
stable coordinate frame; a constraint list supports
global reasoning but offers no local rewrite target.
Our pipeline generates HDSL subtrees recursively,
grounds concrete nodes through multimodal asset
retrieval, repairs residual spatial errors with force-
directed layout optimization, and edits scenes by
retrieving and rewriting only the relevant subtree
before a deterministic three-way merge. Our con-
tributions are:

• We propose HDSL, a hierarchical XML/CSS-
style scene DSL that turns 3D indoor genera-
tion into bounded, checkable, and addressable

structured prediction for LLM agents.

• We design a hierarchical generation
pipeline with recursive LLM agents, sibling-
level coordination, generate–verify–revise
checks, multimodal asset grounding, and
force-directed layout optimization.

• We introduce HRAG-HDSL for localized
instruction-based editing, backed by 30 paired
single-step edits, 10 chained multi-step se-
quences, a retrieval diagnostic, and attribute
ablations that isolate the contribution of the
representation itself; HRAG reduces token
use by 67.6% and runtime by 68.1% and cuts
non-target removals by 87.5% over full-scene
rewriting.

2 Related Work

Structured LLM Interfaces and DSLs. Many
LLM systems ask the model to produce structured
intermediate forms rather than free text. Declara-
tive prompting can hand symbolic constraints to a
solver (Ye et al., 2023), and program-generation ap-
proaches can move arithmetic or spatial reasoning
into an external language or interpreter (Yang et al.,
2024a; Gumin et al., 2025). These methods work
because the output format constrains the model and
exposes errors to deterministic checks. For indoor
scene generation, however, the intermediate form
must also carry support relations, local coordinates,
and object identity so that later instructions can
modify only the affected part of the scene.

Current LLM-based scene generators such as
Holodeck (Yang et al., 2024c) and I-Design (Çelen
et al., 2025) use scene graphs or constraint lists as
the intermediate representation. These representa-
tions are compact for one-shot generation, but they
do not expose a stable, addressable program surface
for later edits. HDSL instead uses an XML/CSS-
style representation: it keeps the syntax close to fa-
miliar web layout, but adds scene-specific attributes
for 3D geometry, support relations, and retrieval
metadata for downstream grounding.
Scene Representation. Indoor scene generation
uses both 3D representations and text-facing repre-
sentations. Point clouds and voxel grids are com-
mon for learned end-to-end models, while LLM-
based systems often use scene graphs, constraint
lists, or executable programs before asset retrieval
and placement. Scene Language (Zhang et al.,
2025), for example, uses a Lisp-like code form
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and an interpreter to translate symbolic scene code
into a final representation.

For generation with follow-up editing, the rep-
resentation must do more than describe a scene:
it must let the system locate the affected region,
preserve unrelated content, and expose enough ge-
ometry for a local rewrite. Scene graphs are often
too abstract for this purpose, while procedural pro-
grams can hide the final state behind control flow.
HDSL uses a static declarative tree, so every gener-
ated object remains directly indexable and editable.

Learning-based Methods. Learned indoor-scene
generators usually train directly on 3D scene data.
DiffuScene (Tang et al., 2024) and PhyScene (Yang
et al., 2024b) use layout diffusion for single-room
generation. End-to-end diffusion methods, such as
DiffInDScene (Ju et al., 2024) and LT3SD (Meng
et al., 2025), synthesize finer-grained scenes from
annotated 3D data.

However, learning-based scene generation mod-
els often need costly training and large datasets,
making them difficult to apply to scene types with
limited examples, such as industrial warehouses.
Our approach does not train a new scene generator;
it designs a recursive interface that lets a pretrained
LLM plan unseen scene types through local, verifi-
able layout decisions.

LLM-based Methods. LLM-based scene gener-
ation methods can be broadly categorized by how
they represent and resolve layouts. Constraint-
based approaches such as Holodeck (Yang et al.,
2024c) and I-Design (Çelen et al., 2025) have
the LLM emit a set of spatial constraints, which
are then solved by a search or backtracking algo-
rithm. DirectLayout (Ran et al., 2025) and Lay-
outVLM (Sun et al., 2025) further study prompt-
driven or vision-language layout optimization, but
their public pipelines are most reproducible as
layout-only systems with fixed or externally sup-
plied object sets. HSM (Pun et al., 2026) introduces
hierarchical scene motifs over HSSD-HAB assets,
but its full pipeline depends on support-surface an-
notations and expensive VLM feedback. These
systems improve different parts of the generation
pipeline, yet they still provide limited support for
partial scene modification without re-solving or re-
generating a large context. Our method treats the
scene representation itself as the model interface:
each node is spatially self-contained within its par-
ent, so relevant subtrees can be retrieved, edited,
and merged back without changing the rest of the

global scene state.

3 Methods

We view text-to-scene generation as structured pre-
diction from a natural-language prompt P to a
scene program Φ(S), and instruction-based edit-
ing as program repair from (Φ(S), Pedit) to an up-
dated program Φ′(S). This formulation makes the
interface between the LLM and the scene renderer
explicit: the model writes and revises a parseable
program, while deterministic modules validate ge-
ometry, retrieve assets, and merge local edits.

Our method is built around three requirements:
a scene representation that exposes local geometry
to the LLM, a generation procedure that plans com-
plex rooms through bounded local decisions, and
an editing procedure that changes only the relevant
subtree, as shown in fig. 2.

3.1 Hierarchical Descriptive Scene Language

HDSL represents an indoor scene as an XML/CSS
tree. Formally, a scene S is encoded as Φ(S) =
(N , E), where each node n ∈ N denotes a room,
region, object, or virtual support container, and
each edge in E denotes a parent-child containment
or support relation. Each node stores semantic,
geometric, hierarchy-related, and retrieval-related
attributes; the full schema and an example are pro-
vided in table 8 and fig. 3.

This representation is both a generation target
and an editing index. CSS supplies local coordi-
nates and rotation in the parent frame, while XML
nesting keeps the context short and directly ad-
dressable. Unlike a flat JSON list or a symbolic
scene graph, the parent-child syntax itself records
containment, support, and local coordinate frames,
so retrieval and editing can operate on subtrees
rather than on a reconstructed global state. The tree
also matches indoor structure: rooms decompose
into functional zones, objects form local groups,
and many small objects are placed on supporting
surfaces. Table 1 summarizes the purpose and evi-
dence behind each attribute. See Sec. A.2 for the
full lifting rule.

3.2 Hierarchical Generation via LLM Agents

HDSL turns generation into local recursive plan-
ning rather than asking the LLM to instantiate the
whole scene at once. For each expandable node ni,
the LLM receives its ancestor path P(ni) = {n0 =
r, . . . , nk}, parent geometry, inherited floorplan in-
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Figure 2: HDSL framework. We recursively generate an XML/CSS scene program with LLM agents, retrieve 3D
assets, refine the layout with FDLO, render the scene, and support localized editing through HRAG and hierarchical
merging for incremental updates.

Table 1: HDSL design rationale and ablation evi-
dence. Each attribute serves a stated purpose; the ev-
idence column reports the ablation or diagnostic from
Section 4 that supports it.

Attribute Purpose Evidence

Local co-
ordinates

Relative parent-child posi-
tioning; enables recursive
generation and subtree re-
anchoring

Global-coordinate
variant: preserva-
tion 97.05% →
93.22%, collat-
eral deletions
2.89→6.67

virtual /
is_leaf
flags

Mark recursive termina-
tion and bound expansion
depth

Removing them:
0% parseable output

Support
nesting

Attach objects to tables,
shelves, counters, and
floor

Qualitative valida-
tion; physical stack-
ing and recursive
placement

Node IDs
+ ancestor
path

Address subtrees and re-
trieve edit context

Retrieval diagnostic:
94.0% context re-
duction, 100% tar-
get hit rate

1 <div id="living_room" description="A room with vertical 270 high wall cm"
2 | class="room" size="(800.0,600.0,0.0)" virtual="true" is_leaf="false"
3 | variance_type="N/A" style="left:0px;top:0px;width:800.0px;height:600.0px;">
4 | <div id="seating_group" description="a seating group with a 5-seat sofa"...>
5 | | ...
6 | </div>
7 | <div id="tv_stand" description="a tv stand with a tv on top"...>
8 | | ...
9 | </div>

10 | ...
11 </div>

Figure 3: Example HDSL of a living room. The snip-
pet shows nested virtual zones, concrete objects, support
relations, and local CSS-style spatial attributes. Due
to space constraints, we show only the essential code
needed to illustrate the hierarchy.

formation, global instructions, and few-shot exam-
ples (Dong et al., 2024). This makes each prompt

a bounded structured-output task: the model only
needs to emit the direct children of one container
while preserving enough scene context for func-
tional consistency.

At each step, the LLM decides the child set C(ni)
and emits, for each child cj , its semantic descrip-
tion, class, 3D size, virtual flag, leaf flag, and CSS
pose. The virtual flag distinguishes spatial regions
or support containers from objects that require as-
set retrieval, while the leaf flag determines whether
the child should be recursively expanded in later
iterations. To avoid sparse or overcrowded local
layouts, we score the occupancy of the generated
children:

ρ(ni) =

∑
cj∈C(ni)

area(cj)

area(ni)

together with validity and semantic coverage. We
use a bounded multi-candidate generate–verify–
revise loop: candidates are parsed as XML,
checked for structural and spatial validity, repaired
when deterministic fixes are safe, and otherwise re-
jected with feedback for the next attempt. Siblings
are generated in one call so their relative positions
are coordinated, while completed disjoint subtrees
can be expanded in parallel. Additional prompt
constraints, validators, and thresholds are provided
in appendix A.4.

Object Retrieval. After HDSL generation, non-
virtual nodes are grounded with Objaverse as-
sets (Deitke et al., 2023) using the Holodeck re-
trieval pipeline (Yang et al., 2024c) and OpenCLIP
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matching (Cherti et al., 2023). Retrieval details are
provided in the appendix.

3.3 Force-Directed Layout Optimization

LLM-generated layouts may still contain bound-
ary violations, sibling overlaps, overly tight virtual
containers, or wall-facing objects. We therefore
apply a recursive force-directed refinement within
each parent node. For child i, FDLO combines a
boundary attraction term and an overlap repulsion
term:

F⃗a = α
D⃗i

∥D⃗i∥
, F⃗ ij

r = β IoUij
∆⃗ij

∥∆⃗ij∥
.

Here, D⃗i points from the child center toward the
valid parent region, ∆⃗ij separates overlapping sib-
lings, and IoUij measures their 3D-box overlap.
The child position is updated by:

pt+1
i = pti + F⃗a +

∑

j ̸=i

F⃗ ij
r .

The implementation uses staged container expan-
sion, boundary correction, overlap removal, clamp-
ing, and wall-facing orientation repair; details are
provided in appendix A.6. During editing, the re-
finement is restricted to movable nodes whenever
possible, preserving unrelated scene regions intact.

3.4 Incremental Editing via LLM Agents

The hierarchy gives editing an explicit retrieval
unit: an instruction usually refers to an object, a
support surface, or a local functional group rather
than the whole scene. We therefore propose Hierar-
chical Retrieval-Augmented Generation (HRAG),
inspired by RAG (Lewis et al., 2020), to retrieve
the relevant HDSL context before calling the LLM.
For each node, we concatenate its identifier, class
name, description, and ancestor path as the retrieval
feature; raw coordinates and sizes are not embed-
ded, but are included in the retrieved DSL passed
to the editor. A BGE-family encoder (Chen et al.,
2024) embeds both node features and the edit in-
struction. HRAG combines embedding similarity,
lexical matches, and intent-aware constraints: rear-
rangement edits keep a wider local context, while
remove and replace edits use a narrower target set.
For rearrangement, the movable-object phrase is
parsed separately from the destination phrase, so an
explicit destination container guides context with-
out replacing the target object.

The retrieved partial DSL contains the target
nodes, their ancestors, and sibling context, since
the LLM must see nearby occupancy to edit with-
out disrupting the parent container. The edit prompt
requires one XML-parsable HDSL fragment with
the same root identifier, preserves unrelated sib-
lings and asset metadata, and forbids strategy text
or markdown. The edited fragment is then merged
back into the original scene.

We formalize the editing algorithm with three
components: semantic retrieval, localized rewrit-
ing, and subtree merging. Given a scene Φ(S) =
(N , E) and parent function π(n) = p when
(p, n) ∈ E , HRAG computes the relevant node
set Nrel for edit instruction Pedit. Let ei =
Embed(f(ni)) and eP = Embed(Pedit):

si = 100 · ⟨ei, eP ⟩
∥ei∥∥eP ∥

,

smax = max
ni∈N

si,

where f(ni) denotes the path-aware textual feature
of node ni. Let δe be the intent-dependent similar-
ity gap for Pedit, and let bi be the keyword bonus
from lexical overlap with the node identifier, class,
and description. HRAG selects:

Ce = {ni ∈ N | qi} ,
qi ≡ smax − si ≤ δe ∨ bi > 0,

Nrel = TopKKmax
(Ce, si + bi) .

If fewer than Kmin nodes are selected, we fall back
to the top-Kmin nodes by embedding similarity. We
then construct the subtree Φrag(S) = (Nrag, Erag)
that satisfies:

1. Nrel ⊆ Nrag,

2. Nsib = {m ∈ N | ∃n ∈ Nrel, π(n) =
π(m)} ⊆ Nrag,

3. ∀n ∈ Nrag, π(n) ∈ Nrag if π(n) exists.

Next, the LLM edits Φrag(S) to produce
Φ′
rag(S). Finally, we merge the edited subtree

and apply the refinement pipeline to generate the
updated scene. The merge algorithm performs a
three-way reconciliation over the original Φ(S),
the unedited partial subtree Φrag(S), and the edited
subtree Φ′

rag(S), as shown in fig. 4. It applies
edited attributes only to selected target subtrees,
preserves original nodes included only as spatial
context, allows deletion only for remove/replace
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Figure 4: Three-way merge. The merge reconciles the
original DSL, retrieved context, and edited subtree into
a final HDSL while preserving unmodified nodes. The
full algorithm is in the appendix.

intents, and inherits asset metadata for unchanged
objects. The merge operation is:

Merge
(
Φ,Φrag,Φ

′
rag

)
→ Φfinal.

Here, Φfinal denotes the merged output, which
is further refined in subsequent steps. The synthe-
sized DSL, along with the scene configuration file,
is then rendered using the simulation framework
introduced by AI2-THOR (Kolve et al., 2017).

4 Experiments

We evaluate HDSL through four questions:
whether the representation improves text-prompted
scene generation, whether hierarchical planning
and FDLO account for the gains, whether HRAG
makes instruction-based edits cheaper and more lo-
cal than rewriting the whole scene, and whether the
representation attributes themselves drive the edit-
ing behavior. Unless otherwise specified, HDSL
uses Qwen2.5-72B-Instruct (Qwen et al., 2025).
The editing experiments test a model-interface
property: whether an instruction can be grounded
to the relevant structured context without forcing
the LLM to rewrite unrelated scene content.

4.1 Text-Prompted Generation

Baselines and scope. We separate full text-to-
scene generation from layout-only diagnostics.
HDSL, Holodeck (Yang et al., 2024c), and I-
Design (Çelen et al., 2025) are complete systems
with asset retrieval and rendering. DirectLay-
out (Ran et al., 2025) and LayoutVLM (Sun et al.,
2025) are reported only as geometry diagnostics
after conversion to our scene JSON format, so
their NObj counts are layout slots rather than ren-
dered objects. We select six MIT Scene Dataset

categories (Quattoni and Torralba, 2009); HDSL,
Holodeck, I-Design, and DirectLayout use five runs
per category, while LayoutVLM contributes one
adapted layout per category. HSM (Pun et al.,
2026) is excluded from the six-category main ta-
ble because the reproducible public setup depends
on HSSD-HAB support annotations and paired
prompts; its three-prompt check is reported in the
appendix. Table 2 situates the underlying represen-
tations along the axes that matter for generation
and editing.

Metrics. Following (Çelen et al., 2025; Lin and
Mu, 2024; Tang et al., 2024), we evaluate gen-
eration with NObj, OOB (Out-of-Bounds), PIoU,
CLIP, and generation time; formal definitions and
timing scope are provided in the appendix.

Results. table 3 shows the main trade-off. Among
full text-to-scene systems, HDSL has the high-
est average object count (58.19 versus 43.15 for
Holodeck and 13.20 for I-Design), the best aver-
age CLIP score (20.99), and the lowest average
generation time (383.31s). The gain is largest in
offices, gyms, classrooms, and warehouses, where
flat global planning often under-fills the room or
places objects near walls. HDSL does not obtain
the lowest PIoU overall because I-Design produces
much sparser scenes, but it keeps PIoU low while
adding far more objects. DirectLayout and Lay-
outVLM are not used to support end-to-end claims;
they show that HDSL remains competitive on con-
verted layout geometry while solving the harder
asset-grounded scene-generation task. We further
report HSM (Pun et al., 2026) in the appendix as a
paired reproducibility check, including the partial
public-pipeline case.

4.2 Instruction-Based Editing

HDSL exposes an editable node for each object,
support surface, and functional region, so natural-
language instructions can be converted into local
subtree rewrites rather than full-scene regeneration.
fig. 6 shows object movement, local swaps, scene
enrichment, and reasoning-based edits.

We quantify locality on thirty paired single-step
instructions, using the same base scenes and in-
structions for HRAG-HDSL and for a full-HDSL
rewrite baseline that gives the LLM the whole
scene and asks for a complete edited scene. Geo-
metric validity alone does not characterize editing
quality: as the eight-case stress check in the ap-
pendix shows, a rewritten scene can pass OOB
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Table 2: Design space of LLM-facing scene representations. Holodeck uses a scene graph, I-Design a constraint
list, and Scene Language and HSM hierarchical scene graphs. Hierarchy: nesting into regions and groups; Coords:
parent-relative geometry; Addr.: a stable path identifies a local group; Rewrite: in-place group edits are native; Gen.:
LLM scene generation; Edit.: instruction-based editing; Reprod.: pipeline runs from public assets and code. ✓/◦/×:
yes/partial/no.

System Hierarchy Coords Addr. Rewrite Gen. Edit. Reprod.

HDSL (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓
Holodeck × × × × ✓ × ✓
I-Design × × × × ✓ × ◦
Scene Language ◦ ◦ × × ✓ × ◦
HSM ✓ × ◦ × ✓ × ◦

Table 3: Quantitative results on generation across distinct scene categories. The full-system comparison is
between HDSL, Holodeck, and I-Design. Layout-only rows are marked with † and are geometry diagnostics,
not entries in the full text-to-scene leaderboard. Bold and italics mark best and second-best results among full
scene-generation systems only.

Method Metric Apartment Bedroom Classroom Gym Office Warehouse Avg.
Holodeck (Yang et al., 2024c) 41.40 26.40 36.71 30.20 77.60 46.60 43.15
I-Design (Çelen et al., 2025) NObj↑ 9.00 11.00 18.00 10.00 17.00 14.20 13.20
DirectLayout† (Ran et al., 2025) 5.60 5.00 27.60 8.40 9.40 6.20 10.37
LayoutVLM† (Sun et al., 2025) 13.00 8.00 28.00 14.00 25.00 22.00 18.33
HDSL (ours) 25.67 7.43 54.80 52.75 135.08 73.40 58.19
Holodeck (Yang et al., 2024c) 0.13 0.05 0.00 0.02 0.15 0.00 0.06
I-Design (Çelen et al., 2025) OOB↓ 0.67 0.58 0.39 0.62 0.46 0.54 0.54
DirectLayout† (Ran et al., 2025) 0.00 0.04 0.00 0.12 0.00 0.00 0.03
LayoutVLM† (Sun et al., 2025) 0.00 0.12 0.00 0.21 0.12 0.05 0.08
HDSL (ours) 0.03 0.15 0.01 0.01 0.04 0.07 0.05
Holodeck (Yang et al., 2024c) 2.18 6.96 1.31 0.74 1.02 2.48 2.45
I-Design (Çelen et al., 2025) PIoU↓ 0.02 0.01 0.01 0.01 0.00 0.00 0.01
DirectLayout† (Ran et al., 2025) 0.75 0.04 0.43 0.37 1.68 0.28 0.59
LayoutVLM† (Sun et al., 2025) 0.61 0.09 0.03 0.98 0.03 1.40 0.52
HDSL (ours) 0.02 0.03 0.01 0.03 0.01 0.35 0.07
Holodeck (Yang et al., 2024c) 23.53 26.05 17.26 19.42 9.23 23.34 19.81
I-Design (Çelen et al., 2025) CLIP↑ 14.68 25.47 26.03 13.34 15.93 22.03 19.58
HDSL (ours) 22.65 23.78 24.55 22.12 10.31 22.51 20.99
Holodeck (Yang et al., 2024c) 637.90 389.40 463.44 416.80 839.43 567.10 552.34
I-Design (Çelen et al., 2025) Time↓ 842.90 687.10 871.80 925.20 813.60 952.70 848.90
HDSL (ours) 303.67 278.20 434.33 264.75 597.00 421.89 383.31
† DirectLayout and LayoutVLM are layout-only reproductions: NObj counts converted layout slots, and CLIP/time are
omitted because these public pipelines do not include the same asset retrieval, rendering, or refinement stack.

and PIoU checks while deleting objects or mov-
ing unrelated furniture. On the thirty-instruction
benchmark, both methods produce valid DSL on
every case, but HRAG uses 67.6% fewer tokens
and 68.1% less runtime, and it reduces non-target
removals from 1.33 to 0.17 per edit (−87.5%), as
shown in table 4.

4.3 Ablation Study

We perform ablation studies to test whether the
gains come from the proposed representation and
localization mechanisms. The experiments focus
on hierarchical generation with refinement and par-
tial editing through HRAG.

Ablation on Generation Components. We evalu-

Table 4: Instruction-based editing on thirty paired
instructions. HRAG-HDSL retrieves and rewrites the
relevant subtree; the full-HDSL rewrite baseline regen-
erates the complete scene with the same model and
refinement stack.

Metric HRAG-HDSL Full HDSL rewrite

Valid DSL ↑ 100.0% 100.0%
Fallback ↓ 0.0% 0.0%
Tokens ↓ 5.4k 16.6k
Runtime ↓ 50.5s 158.4s
Removed non-target ↓ 0.17 1.33

ate three configurations on the same six scene types:
the full model, direct HDSL generation without
hierarchical generation (HG), and hierarchical gen-
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An apartment with 1 living room and 1
bedroom.

A classroom. There is a blackboard on one wall of
the classroom. There is a podium in front of the
blackboard. Both the blackboard and the podium
are parallel to the wall. In front of the podium,
there are rows of tables and chairs arranged in a
grid shape with a certain distance between each
other. The chairs cannot overlap with the tables.

A bedroom, with a bed, desk, bookshelf,
wardrobe and other furniture placed
against the wall. All furniture should not be
near the door and should not overlap, and
should be kept at a certain distance from
each other.

A gym that provides ample space for a variety
of workouts. The spacious floor plan can
accommodate a variety of fitness equipment,
free weights, and functional training areas. All
equipment must be spaced a certain distance
apart, and no equipment should be near the
door.

A single warehouse with a shelf, a container
and a small amount of industrial equipment
and tools arranged in a grid. All items are
kept at a certain distance from each other
and cannot overlap.

A sleek, sunlit modern office with open-plan
workstations, ergonomic chairs, and glass-walled
meeting rooms, where professionals collaborate
amidst lush greenery and panoramic city views.

Figure 5: Qualitative results on generation of residential homes, commercial spaces, industrial settings, and public
areas. The examples illustrate denser object coverage and more even use of large open areas.

After
Edit：

Enrich the cardio area 
with more equipment.

Swap the position of 

Before 
Edit：

Swap the positions of sleeping 
area and seating area in the 
2D layout, rotating each 180 

degrees in direction.
Request：Move the bed area to the 

top left corner of the room. bed area and study area.

Figure 6: Editing examples. HDSL supports object movement, local swaps, scene enrichment, and reasoning-based
edits while preserving nearby spatial relationships.

eration without force-directed layout optimization
(FDLO). Since LLM generation is stochastic, we
compare relative trends within this controlled run.
table 5 shows that HG increases object coverage
and CLIP alignment, while FDLO mainly reduces
boundary and overlap errors. Their combination
gives the best overall trade-off.

Ablation on Representation Design. The attribute
ablation in table 6 isolates the representation itself.
We fix the pipeline and prompts and vary only the
HDSL encoding on nine editing cases: the full en-
coding, a variant that replaces parent-relative local
coordinates with global coordinates, and a vari-

Table 5: Generation ablation on pipeline components.
HG increases object coverage and CLIP alignment,
while FDLO reduces spatial violations.

HG × √ × √
FDLO × × √ √
NObj ↑ 8.46 55.82 14.10 65.23
OOB ↓ 0.40 0.36 0.03 0.10
PIoU ↓ 0.03 0.03 0.09 0.05
CLIP ↑ 17.62 20.71 16.96 20.76

ant that removes the virtual and is_leaf flags.
The global-coordinate variant still completes ev-
ery target edit, but collateral damage rises: average
preservation drops from 97.05% to 93.22%, and av-
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erage non-target removals more than double, from
2.89 to 6.67. Removing the flags is more deci-
sive, since the output no longer parses under the
HDSL schema and validity falls to 0%. Local coor-
dinates and the termination flags are load-bearing
rather than cosmetic; Table 2 contrasts these com-
mitments with the representations used by prior
systems.

Table 6: HDSL attribute ablation on nine editing cases.
The pipeline and prompts are fixed; only the encoding
varies. Both parseable variants complete every target
edit.

Encoding Valid ↑ Preserv. ↑ Removed ↓
HDSL-full 100.0% 97.05% 2.89
HDSL-global 100.0% 93.22% 6.67
HDSL-no-virtual 0.0% – –

Retrieval Diagnostic. HRAG only helps if it se-
lects the right context before the LLM call. We
annotate gold target nodes with a scene-vocabulary
procedure (appendix) on nine cases, seven with
spatial references and two without, and measure
what the retriever selects. Base HRAG reduces the
editing context to 6% of the full scene while hitting
at least one target object in every case, at 84.1%
precision, 25.0% target recall, and 14.2% oracle
recall; the moderate recall is expected, since bulk
instructions name a functional group and retrieving
the whole group works against the small-context
design goal. Appendix A.10 reports a geometry-
aware pre-filter variant that resolves spatial phrases
such as “near the window” before embedding re-
trieval.
Chained Multi-Step Editing. Single-step edits do
not test whether a representation survives repeated
modification, so we chain 10 sequences of two to
three edits in which later instructions refer to ob-
jects changed earlier, and compare HRAG-HDSL
against a flat-JSON editing interface backed by the
same LLM. End-to-end success is tied at 30% for
both, but region-coherence drift separates the two
interfaces (table 7): HDSL keeps the referenced
functional group nearly intact at every step, while
flat JSON scatters the group once later instructions
depend on it. Drift is the average change in pair-
wise relative offsets among the leaf objects of the
group named in the instruction, where zero means
the internal arrangement is unchanged; tree address-
ing keeps member arrangements stable when an
instruction refers to a group such as the “bed area”,
while a flat object list has no group to hold onto.

Table 7: Chained multi-step editing over 10 sequences.
Region-coherence drift measures the change in inter-
nal pairwise offsets of the referenced functional group;
lower is better.

Drift ↓ Step 1 Step 2 Step 3

HDSL-HRAG 60.6 34.5 0.2
Flat JSON 104.3 566.7 7.7

4.4 User Study
We recruited 20 participants for a perceptual study.
Participants were general users rather than method
authors, did not see system names, and were
not required to have specialized 3D modeling
background. For generation, each participant
evaluated six anonymized triplets from HDSL,
Holodeck (Yang et al., 2024c), and I-Design (Çelen
et al., 2025), giving 120 votes that we convert into
Bradley–Terry scores (Bradley and Terry, 1952).
For editing, participants rated nine rendered ed-
its on a three-point compliance scale, giving 180
votes; 82.2% judged the edit as exactly or mostly
matching the instruction, which complements the
automatic displacement and preservation metrics.

IDesign Holodeck Ours

0.3

0.6
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y
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e

0.08

0.31

0.61

Realism vote

Exactly
matches 49.4%

Mostly
matches

32.8%

Does not
match

17.8%

Edit-quality assessment

Figure 7: User study results. Participants prefer HDSL
generations over Holodeck and I-Design, and 82.2% of
editing votes rate the result as exactly or mostly match-
ing the editing instruction overall.

5 Conclusion

We presented HDSL, a hierarchical DSL that
turns 3D indoor scene generation and editing into
bounded structured prediction for LLM agents.
The same representation supports recursive gen-
eration, deterministic checking, asset grounding,
force-directed refinement, and HRAG-based local
editing. Across generation, ablation, and editing
experiments, HDSL improves scene coverage and
edit efficiency while preserving a readable node-
level interface for inspection and repair.
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Limitations

The generation benchmark covers six scene cate-
gories with five runs per category, so the reported
effects are averages over a limited sample rather
than inferential tests. We report robustness checks
with alternative LLMs and the expanded thirty-case
editing benchmark in Section 4 and the appendix,
and we restrict strong claims to effects that are con-
sistent across these checks. This work focuses on
language-mediated scene structure: how an LLM
can write, check, retrieve, and locally revise a 3D
indoor scene. HDSL assumes a 3D asset database
with reasonable category coverage, so rare-object
visual fidelity depends on the retrieval corpus even
when geometry is valid. FDLO targets static indoor
layouts by repairing bounding-box collisions and
boundary violations; dynamics, articulation, and
task-level affordances can be layered through sim-
ulators or specialized planners. HRAG is most di-
rect for edits with identifiable spatial targets, while
broad style changes may retrieve larger contexts or
use full-scene rewriting. Recent baselines are re-
ported under public-release boundaries, and editing
success is measured with strict displacement diag-
nostics alongside human compliance judgments for
edits.
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Appendix

A Additional Implementation Details

A.1 Floorplan-to-DSL Conditioning
Throughout the generation process, we first follow
the Holodeck methodology to generate floorplans
based on user-provided prompts, including the posi-
tions of rooms, windows, and doors. This informa-
tion is subsequently converted into the description
field within the DSL attributes for later hierarchical
scene generation and editing.

A.2 From 2D CSS Layout to 3D Poses
Each node uses a 2D CSS footprint in the parent
plane and is lifted to 3D by fitting the retrieved
asset’s 3D bounding box to the corresponding floor
region with rotation. The CSS coordinates define
the (x, z) ground-plane projection, while the ver-
tical coordinate y is determined through place-on
semantics: each child lies on the supporting sur-
face of its parent, with y = yparent + hsurface. For
objects with multiple supporting surfaces, such as
bookshelves, the parent is expanded into child vir-
tual containers whose geometry provides the cor-
responding vertical offset. The CSS transform:
rotate property maps to rotation around the ver-
tical axis, and the retrieved asset is scaled to the
node’s size attribute.

A.3 HDSL Node Schema and Example

Table 8: Specification of HDSL node attributes.

Attr. Description Attr. Description

id A unique identifier. virtual Whether it binds to a retrieved asset.
style CSS properties specifying the layout. is_leaf Whether it is a leaf.
class Specifies the asset class name. variance_type Variance type of sibling assets.
size The 3D bounding-box size. description A textual description of the node.

HDSL follows an HTML/CSS-like structure: a
scene is composed of nested div-style elements,
and each element represents a room, region, ob-
ject, or virtual support container. This choice uses
LLMs’ prior exposure to web code while keeping
coordinates local to each parent. It also matches
indoor-scene structure, where rooms decompose
into zones, zones decompose into object groups,
and gravity creates many place-on relations.

A.4 LLM Setup and Sanity Checks
We employ Qwen2.5-72B-Instruct (Qwen et al.,
2025) as the base model for the reported LLM-
agent scene generation and editing runs. The ex-
ecutable generation prompt requires the model

to return exactly one XML-parsable HDSL frag-
ment rooted at the requested node, with no natural-
language strategy, markdown fence, heading, or
explanatory text. We adopt a bounded multi-
candidate generate–verify–revise loop for quality
control. At each node, the implementation sam-
ples multiple candidates, parses them into HDSL,
applies deterministic repairs when safe, and then
scores candidate quality. Regeneration is triggered
by malformed XML, duplicate identifiers, root
mismatch, children outside parent bounds, invalid
support nesting, emitted clearance/aisle nodes, ex-
cessive overlap, door/window blockage, implausi-
ble orientation, unrealistic asset-size assumptions,
missing functional coverage, or extreme occupancy.
Each node has a maximum attempt budget; if the
budget is exceeded, the best valid candidate is used
when available, otherwise the current branch is
safely terminated without further expansion.

A.5 Parallel Expansion Policy

Parallelization is limited to recursive expansion of
disjoint subtrees, not sibling generation. All sib-
lings are generated jointly in a single LLM call,
enabling explicit spatial coordination and avoiding
intra-container conflicts. Subsequent parallel ex-
pansion is safe since each branch remains within
its parent’s footprint. A final force-directed layout
refinement resolves residual overlaps and boundary
violations during recursive refinement.

A.6 Force-Directed Layout Optimization
Details

FDLO runs independently inside each parent node
and is then applied recursively down the hierarchy.
The attraction term uses D⃗i to move an out-of-
bound child toward the valid interior of its parent.
The repulsion term uses ∆⃗ij to separate overlap-
ping siblings, scaled by their 3D bounding-box
IoUij so larger collisions receive stronger correc-
tions. In practice, we first expand virtual containers
when their children exceed the current footprint,
then run boundary-focused refinement, balanced
boundary-overlap refinement, and a final fine pass.
The optimizer uses adaptive force scaling, bound-
ary clamping, overlap post-processing, and auto-
matic orientation correction for wall-adjacent ob-
jects. During editing, the same refinement pipeline
is constrained to the movable subset when possible,
which keeps unrelated scene regions stable. The
main ablation quantifies the effect: adding FDLO
to direct HDSL generation reduces OOB from 0.40
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to 0.03, while adding FDLO to hierarchical gen-
eration reduces OOB from 0.36 to 0.10 and keeps
PIoU low (0.03 to 0.05) despite denser scenes.

A.7 Implementation hyperparameters

The hyperparameters are as follows:

generation_max_attempts = 5
generation_num_candidates = 2
generation_accept_score = 0.58
occupancy_ratio_virtual_min = 0.12
occupancy_ratio_preferred_max = 0.8
occupancy_ratio_hard_max = 0.9
min_expand_area = 900
max_expand_depth = 5
retrieve_top_k = 10
related_editing_threshold = 5
edit_min_selected_nodes = 2
edit_max_selected_nodes = 8
edit_max_attempts = 6
FDLO_iterations = 500
FDLO_base_repulsion_force = 0.02
FDLO_boundary_force_multiplier = 10.0
FDLO_overlap_iou_eps = 0.02
FDLO_overlap_post_process_passes = 8
FDLO_virtual_container_fit_margin = 0.20

Candidate Quality and Occupancy. For each gen-
erated node, the implementation computes child-
area occupancy and uses it as one component of a
broader quality score. For virtual containers, oc-
cupancy below 0.12 is rejected as under-specified;
occupancy up to 0.8 is considered preferred, and oc-
cupancy above 0.9 is rejected as overcrowded. For
concrete non-leaf objects, the occupancy check is
relaxed because small supported items may occupy
only a small portion of the support surface. The
final acceptance decision also considers bounds
validity, sibling overlap, distribution, support se-
mantics, door/window clearance, wall-facing orien-
tation, functional coverage, and asset-size realism.
Expansion Check Threshold. Nodes with an
area smaller than min_expand_area are treated
as leaves. Furthermore, if the current node’s depth
exceeds max_expand_depth, expansion is halted
to maintain computational efficiency and prevent
over-segmentation of the scene hierarchy. Struc-
tural storage nodes such as shelves and bookcases
may also be kept as leaves to avoid generating un-
supported internal artifacts during expansion.
Object Retrieval Threshold. We use Obja-
verse (Deitke et al., 2023) assets and follow
the Holodeck retrieval pipeline (Yang et al.,
2024c). The retriever combines OpenCLIP (Cherti
et al., 2023) visual-text similarity, Sentence-
BERT (Reimers and Gurevych, 2019) textual sim-

ilarity, category constraints, physical-size checks,
and support-surface compatibility. Candidate re-
trieval is thresholded by semantic similarity and
falls back to catalog-level category matches when
strict retrieval is empty. The candidate set is capped
by retrieve_top_k = 10 before asset assignment.
Related Editing Node Threshold. The released
implementation uses a BGE-small-en-v1.5 encoder
by default for HRAG node retrieval. For each node,
the retrieval text concatenates its identifier, class,
description, and ancestor context; coordinates and
sizes are not part of the embedding text, but remain
available in the retrieved HDSL fragment. Similar-
ities are scaled by 100, and all nodes whose score
is within related_editing_threshold = 5 of the
maximum score are considered candidates. The
gap is intent-aware: rearrangement uses a slightly
wider context, while remove/replace uses a nar-
rower one. For rearrangement, relation markers
such as “closer to" and “to the center" are used to
extract the movable-object phrase before container
filtering, so a destination region does not override
the object being moved. We match explicit node
identifiers exactly when they appear in the mov-
able phrase, add a lexical keyword bonus for direct
matches with object ids/classes/descriptions, prune
to direct target objects, and cap the final set to
edit_max_selected_nodes = 8 with a fallback
minimum of edit_min_selected_nodes = 2.
FDLO Defaults. FDLO is implemented as staged
recursive refinement. Each parent node is opti-
mized for up to 500 iterations with base repulsion
0.02, boundary force multiplier 10.0, overlap IoU
epsilon 0.02, and 8 overlap post-processing passes.
Before iterative refinement, virtual containers can
be expanded to fit their children with a 0.20 margin
and 1.25 area slack. After refinement, the imple-
mentation applies boundary clamping and auto-
matic orientation correction for wall-adjacent ob-
jects after layout optimization.

A.8 Evaluation Metrics
Following prior text-to-scene evaluation protocols,
we report five metrics. NObj counts placed ob-
ject instances for full text-to-scene systems and
converted layout slots for layout-only diagnostics.
OOB (Out-of-Bounds) is the fraction of generated
objects intersecting room boundaries. PIoU mea-
sures inter-object collision as the average pairwise
3D bounding-box intersection-over-union. CLIP
uses CLIP similarity (Radford et al., 2021; Hes-
sel et al., 2021) between rendered images and text
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prompts to estimate text-scene alignment. Time
is wall-clock time from the start of scene genera-
tion to a saved renderable scene, including LLM
calls, parsing, asset retrieval, layout refinement,
and scene serialization; it excludes one-time down-
loads and offline metric computation.

For recent baselines whose public code does not
produce the same AI2-THOR scene configuration,
we convert saved layouts into a common scene
JSON and run the same NObj, OOB, and PIoU
metrics. We do not report CLIP or end-to-end run-
time for layout-only reproductions unless the base-
line includes comparable asset retrieval, rendering,
and refinement stages. All full-system timing rows
were produced in the same local experiment envi-
ronment, while layout-only rows are used only for
geometry diagnostics in the table.

A.9 Editing Ablation Protocol

The editing ablation compares HRAG-HDSL with
a full-HDSL rewrite baseline under the same base
scenes and edit instructions. HRAG-HDSL re-
trieves the relevant subtree, asks the LLM to rewrite
only that local context, and merges the result back.
The full-HDSL rewrite baseline gives the LLM the
complete HDSL scene and asks for a full edited
scene, using the same model, asset reuse setting,
coordinate recalculation, and refinement pipeline.

We evaluate three groups of signals. Target
changed measures whether the intended object
moves by at least 0.15m. This threshold is a strict
furniture-scale diagnostic for the eight edit cases;
it is not a universal semantic-success threshold
and would be too coarse for small tabletop ob-
jects. We therefore also report continuous target
displacement in table 9. Locality measures the
mean displacement and moved rate of non-target
objects; stable preservation excludes the target ob-
ject and objects that were explicitly moved by post-
processing repair. Metadata preservation checks
whether unchanged objects keep their asset identi-
fiers and retrieved asset metadata. This protocol is
deliberately stricter than geometric validity alone:
a method can have low OOB and PIoU while still
failing the editing task by deleting objects or mov-
ing unrelated furniture items.

Expanded editing stress check. We evaluate
eight paired edit instructions across apartments,
classrooms, restaurant kitchens, and studio scenes.
This run tests whether local editing remains
parseable and content-preserving under the same

layouts and instructions used for the full-HDSL
rewrite baseline. For HRAG-HDSL, all cases pro-
duce valid DSL without fallback, preserve asset
metadata, and remove no objects. Under the strict
0.15m target-change threshold used in Table 9, five
of eight cases pass; the remaining cases are small-
displacement edits where the target remains pre-
served but moves less than the threshold. As shown
in Table 9, local editing uses far fewer LLM tokens
and much less time while reducing non-target dis-
placement and object removal.

Method Cases Target Valid/fallback Stable ∆ Moved Removed Cost

HRAG-HDSL 8 62.5% 100.0% / 0.0% 0.018m 4.3% 0.00 4.1k / 72.1s
Full HDSL rewrite 8 50.0% 50.0% / 50.0% 0.200m 23.8% 1.50 21.4k / 445.8s

Table 9: Expanded editing stress check on eight paired
instructions. Target reports the fraction of cases whose
intended object moves by at least 0.15m; valid/fallback
reports DSL parse success and fallback rate, and stable
∆ and moved rate are computed on stable non-target
objects after editing.

Stress-check pattern. The non-exact HRAG cases
in this stress check are threshold misses rather
than parser or object-deletion errors: the intended
object remains present and metadata-preserved,
but its displacement is smaller than 0.15m after
refinement. The three cases are the apartment
coffee-table edit (0.144m), the classroom teacher-
desk edit (0.054m), and the restaurant sink edit
(0.039m). Full-scene rewriting shows a different
profile. Four of eight full rewrites fall back to the
original scene after the attempt budget, and two
valid classroom rewrites remove six non-target ob-
jects each. Even when the output is geometrically
valid, unrelated objects are more likely to move or
disappear. This difference is why we report target
change, parser reliability, and preservation metrics
instead of relying only on OOB and PIoU.

A.10 Expanded Editing Benchmark and
Diagnostics Protocol

Model. The thirty-instruction editing benchmark,
the attribute ablation, the retrieval diagnostic, and
the chained multi-step study are run with Qwen3-
Max. All variants share the same pipeline, prompts,
and refinement stack, and we report them as relative
comparisons under matched conditions.

Thirty-instruction benchmark. The benchmark
extends the original eight paired edits with twenty-
two new instructions across apartments, bedrooms,
classrooms, gyms, offices, and studios. Both meth-
ods see the same base scene and instruction. Preser-
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vation is computed from node-id sets before and
after the edit, and a removal is labeled non-target
when the removed node does not match the instruc-
tion target keywords.

Attribute ablation. The three encoding variants
keep the tree structure and prompts fixed. HDSL-
global rewrites every node’s position in room-level
global coordinates, so the LLM must regress abso-
lute positions during edits. HDSL-no-virtual drops
the virtual and is_leaf attributes; the released
parser requires both, which is why validity drops
to zero instead of degrading gracefully.

Retrieval gold annotation. For each instruction
we build a scene vocabulary from node ids, classes,
and descriptions, and keep only query tokens that
appear in this vocabulary as target or anchor nodes.
The least common ancestor of these nodes forms
the oracle context. Spatial phrases such as near,
corner, left, and window add their referenced ob-
jects as anchors. Precision, recall, and hit rate are
computed on target objects; oracle recall measures
coverage of the oracle context. Seven of the nine
cases contain spatial references.

Geometry-aware retrieval variant. We also eval-
uate a geometry-aware pre-filter that resolves spa-
tial phrases such as near the window to candidate
objects before embedding retrieval. As shown in ta-
ble 10, it raises target recall from 25.0% to 49.3%
and oracle recall from 14.2% to 29.6%, at the cost
of precision (84.1%→ 69.4%) and a smaller con-
text reduction (94.0%→79.8%).

Table 10: Geometry-aware retrieval variant on the same
nine cases. The pre-filter resolves spatial phrases before
embedding retrieval, trading precision and context size
for higher recall. Both variants hit at least one target
object in every case.

Variant Context red. ↑ Prec. ↑ Recall ↑ Oracle ↑
Base HRAG 94.0% 84.1% 25.0% 14.2%
+ Geo-aware 79.8% 69.4% 49.3% 29.6%

Chained multi-step benchmark. We write 10 se-
quences of two to three edits per scene, where later
steps refer to objects or groups modified earlier;
for example, a sequence can move a bed area and
then rearrange the dresser relative to it. Region-
coherence drift is the average change in pairwise
relative offsets among the leaf objects of the region
named by the instruction, so a value of zero means
the group’s internal arrangement is preserved. The
flat-JSON interface receives the same instructions

with the scene serialized as a flat object list, and
edits are applied by id matching.

A.11 Evaluation Boundaries

CLIP is a proxy for text-scene alignment, so we
pair it with human preference judgments and geom-
etry metrics rather than treating it as a standalone
score. The 20-participant user study is used as
a rendered-scene consistency check for the auto-
matic metrics; broader population-level preference
studies are a natural next step once larger repeated
generations are available. Baseline reproducibility
is handled through explicit reporting boundaries:
DirectLayout and LayoutVLM are evaluated on the
layout portion supported by their public releases,
while HSM is reported on paired prompts because
its full pipeline depends on HSSD-HAB support
annotations and VLM feedback. We therefore re-
serve the strongest claims for comparisons with full
text-to-scene systems and use recent layout-only
baselines as geometry stress tests. For editing, the
0.15m target-change threshold is a strict diagnostic,
so we report continuous target displacement, valid-
DSL rate, fallback rate, non-target displacement,
human compliance, and object removal as separate
signals in the analysis.

A.12 FDLO Refinement Stability

0 20 40 60 80 100
Iteration

5e-3
1e-2
2e-2
5e-2

ΔE

FDLO Convergence
mean EMA (α=0.6) running min

Figure 8: FDLO convergence. On a multi-room com-
plex scene, the update magnitude decreases smoothly
and plateaus without sustained oscillations.

The plotted value measures the magnitude of
each refinement update during iterative optimiza-
tion. The monotonic decay and later plateau show
stable convergence behavior rather than oscillation
in challenging, large-scale layouts. The component
ablation gives the corresponding final metrics: with
direct generation, FDLO reduces OOB from 0.40
to 0.03; with hierarchical generation, it reduces
OOB from 0.36 to 0.10 while preserving low PIoU
(0.05 after refinement).
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A.13 Additional Model Comparison and
Ablation

We additionally evaluate recent LLMs under the
same generation setting and report average OOB/-
PIoU and NObj/CLIP in Table 11.

Metric Q3 G3 GPT DS

OOB / PIoU ↓ 3.29 / 0.94 3.47 / 0.86 1.28 / 0.78 2.47 / 1.04
NObj / CLIP ↑ 84.50 / 23.54 67.50 / 22.81 65.33 / 20.97 102.17 / 22.99

Table 11: Additional comparison with recent LLMs: Q3
denotes Qwen3-max, G3 denotes Gemini3-Pro, GPT
denotes GPT-5.2, and DS denotes DeepSeek-v3.2.

Recent hierarchical baseline. We further com-
pare HDSL with HSM (Pun et al., 2026), a recent
hierarchical scene-motif generator. We reproduce
two HSM settings on three paired indoor prompts.
The first uses the large-object branch, which is the
most stable public setting. The second uses the full
released pipeline after adding the official HSSD-
HAB support-surface package, enabling large, wall,
ceiling, and small objects. The full setting com-
pletes two prompts and produces a partial state for
the home-office prompt after repeated invalid VLM
responses during floor support placement; we in-
clude this partial state in the geometry evaluation
and mark the row accordingly. This comparison
is meant as a reproducibility check under matched
prompts rather than a full benchmark. As shown
in Table 12, HDSL matches the full HSM run in
object count while producing fewer boundary vio-
lations and collisions with lower runtime.

Method NObj ↑ OOB ↓ PIoU ↓ Time ↓
HSM-large (Pun et al., 2026) 6.00 0.1698 0.5223 309.0s
HSM-full (Pun et al., 2026)‡ 11.67 0.3653 0.8708 654.5s
HDSL (ours) 11.67 0.0000 0.0000 215.7s

Table 12: Paired comparison with reproducible HSM
settings on three indoor prompts. ‡ The full HSM row
includes two completed cases and one partial home-
office scene; runtime is averaged over the two completed
cases in total.

B Three-Way Merge Details

Naive subtree replacement can fail because re-
trieved DSLs for editing are partial skeletons: to
reduce context length, some contextual nodes may
be included as leaves with their descendants pruned.
Direct replacement would overwrite full nodes with
these pruned versions, causing information loss.

Our three-way merge shown in algorithm 1 pre-
serves components present in the Original but miss-
ing in the Retrieved/Edited, while applying target
edits and resolving identifier conflicts. Attribute
conflicts are resolved by the selected target ids:
edited attributes are accepted only for selected tar-
get subtrees, context-only nodes keep the original
attributes, new edited children are accepted only
for add/replace intents, and deletion is allowed only
when a removed subtree contains a selected target
under remove/replace intent. Unchanged objects
keep their original retrieved asset metadata intact
across all merge steps.
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Algorithm 1 Guarded Three-Way Merge

Require: Original tree Φ(S), unedited tree
Φrag(S), edited tree Φ′

rag(S), selected ids T ,
edit intent I

Ensure: Merged tree Φmerged(S)
1: if T ≠ ∅ and Φrag(S) contains no id in T

then
2:

3: return Φ(S)
4: end if
5: Initialize Φmerged with edited root attributes if

T = ∅ or the root id is in T ; otherwise use
original root attributes.

6: for each child id u in the union of Original,
Retrieved, and Edited children do

7: if u exists in all three versions then
8: Add Merge(Φu,Φrag,u,Φ

′
rag,u, T , I).

9: else if u exists in Edited and Original but
not Retrieved then

10: Add edited child after resolving identifier
conflicts.

11: else if u exists only in Edited then
12: if T = ∅ or I ∈ {add, replace} then
13: Add the edited child.
14: end if
15: else if u exists in Retrieved but not Edited

then
16: if I ∈ {remove, replace} and the re-

trieved subtree of u contains an id in T
then

17: Skip u as an intended deletion.
18: else
19: Preserve the Original child if available;

otherwise preserve the Retrieved child.
20: end if
21: else if u exists only in Original then
22: Preserve the Original child.
23: end if
24: end for
25:

26: return Φmerged(S)

Example. When editing a target object (e.g., a
bed), a nearby contextual object (e.g., a desk) can
appear in the retrieved partial DSL as an empty leaf.
If we directly replace the subtree, this pruned con-
textual node would overwrite the fully-expanded
version in the original scene, erasing its children
(e.g., a computer). The three-way merge keeps the
original desk subtree because the desk is context

rather than a selected target, while still applying
the bed’s edited position and preserving its asset
metadata across merge steps.

B.1 Representation Scope
Pure spatial hierarchies are less concise than pro-
cedural programs for repetitive patterns. We in-
tentionally adopt a static declarative tree because
it is retrieval-friendly: nodes can be indexed and
edited directly without executing loops or resolv-
ing program state, which is important for localized
editing. Control-flow abstractions can be layered
on top by external template compilers that emit
HDSL, preserving compatibility while keeping the
core representation simple and reusable.

C Additional Qualitative Comparisons

For large-room prompts, we raised Holodeck’s
maximum room-size limit to match our experi-
mental setting. In our I-Design runs, complex lay-
outs sometimes enter repeated layout-modification
loops or recursive deadlocks, so we added forced
termination and an upper bound on recursion
depth. For consistent visual comparison, we also
integrated a rendering module into I-Design and
selected representative camera viewpoints with
matched lighting. Additional HDSL generation
examples are shown in fig. 5.

Unable to
generation muti-

room scene

HOLODECK I-Design

Text2Room

(a)

(b)

(c)

(d)

(e)

(f)

HOLODECK I-Design

Figure 9: Additional baseline examples in sparse or
open layouts. Holodeck tends to place objects near
walls, I-Design relies on predefined room geometry and
struggles with open-plan or multi-room settings, and
Text2Room (Höllein et al., 2023) degrades outside fa-
miliar image-generation distributions during rendering.

Figure 10 contrasts the two editing interfaces on
the ablation cases: full-scene rewriting can miss a
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local edit, work in simple scenes, or become un-
stable in complex scenes with long context, while
HRAG edits the retrieved local subtree.

Before Editing

Ours w HRAG

Ours w/o HRAG Parse
Error

(a) (b) (c)

Figure 10: Editing ablation examples. Full-scene
rewriting can miss a local edit, work in simple scenes, or
become unstable in complex scenes with long context,
while HRAG edits the retrieved local subtree.

Finer-grained instruction following. We provide
an additional case showing that the LLM agent
can handle finer-grained constraints in the prompt,
including directions, relative ordering, and explicit
object-count constraints inside each target scene
configuration for testing.

A rectangular living room (4m×3m) with the
entrance on the south wall; a three-seat
green sofa is centered against the west
wall, facing east; a rectangular coffee
table is aligned with the sofa center and
placed 0.7m in front; a TV stand is flush
with the east wall; a single remote control
lies at the front-right corner of table.

Figure 11: An example of finer-grained instruction fol-
lowing. The generation prompt is shown on the left and
the resulting layout is shown on the right.

D User Study Questionnaire

The user study has two parts. For generation real-
ism, 20 participants view three anonymized gener-
ated scenes, each shown from four camera views,
and choose the most realistic scene. For editing, the
same participants compare an original scene with
the result of an instruction-based edit and rate com-
pliance on a three-point scale: “exactly matches,"
“mostly matches," or “does not match." Participants
were general users, not members of the method
team, and the study did not require professional 3D
modeling experience from participants.

For the generation study, we use 5 representative
scenes per category to capture structural diversity

Figure 12: Sample questionnaire, consisting of two
parts: generation realism (6 questions) and editing per-
formance ratings (9 questions).

across varying room shapes and sizes while keep-
ing human evaluation costs manageable. The dis-
play order of methods is randomized to mitigate
bias, and participants do not see method names. We
collected 120 votes for the generation evaluation
and converted votes into Bradley–Terry preference
scores for quantitative comparison. For editing, we
collected 180 votes on the three-point compliance
scale. The questionnaire does not ask participants
to label error type, but the automatic edit logs show
that non-exact HRAG cases are mostly small target-
position misses after refinement rather than parser
failures, object deletions, or metadata loss.

E Prompt Templates

The released implementation uses the templates in
hierarchical_prompts.py. For readability, we
report the executable constraints and template vari-
ables here while omitting long few-shot examples.

E.1 Generation Prompt

Input. INPUT_CHAIN, INPUT_LEAF, and the user
requirement. The model designs only the direct
children of INPUT_LEAF; valid descendants may
be nested when they express physical support.
Output. Return exactly one XML-parsable
HTML-like DSL fragment. The output must start
with <div and end with </div>; no strategy
text, markdown fence, heading, or explanation
is allowed.
Required attributes. Every node includes
id, description, class, size, variance_type,
virtual, is_leaf, and inline style. The
top-level node preserves the original
INPUT_LEAF attributes.
Core rules. Use virtual=true for zones and
support containers, and virtual=false for
objects grounded by retrieval. Parent-child
nesting denotes support, e.g., desk-to-laptop
and counter-to-sink are valid, while
table-to-chair and room-to-sink are invalid.
Coordinates use the parent frame with 1px =
1cm, and transform: rotate(...deg) controls
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top-view orientation.
Spatial constraints. Door spans are hard
keep-clear regions and window spans are
soft keep-clear regions. Do not emit
clearance zones, aisles, corridors, walkable
paths, empty areas, or keep-clear regions
as DSL nodes. Avoid sibling overlap, keep
wall-adjacent furniture facing the open room,
and reduce optional large objects in compact
bedrooms or kitchens before producing crowded
layouts.
Class constraints. Do not create aggregate
concrete classes such as small_items,
small_cooking_items, accessories, decor, or
miscellaneous_items; use concrete classes
such as pot, book, lamp, toaster, or
coffee_maker.

E.2 Reflection Prompt

Given REJECT_REASON and the former DSL
fragment, return a corrected XML-parsable
fragment only. The prompt repeats the
no-markdown and no-clearance-node rules. If
the rejection is caused by overlap, crowding,
or too many physical sibling pairs, the
model is instructed to remove optional large
objects rather than shifting the same crowded
set. Compact-bedroom and compact-kitchen
cases receive explicit pruning guidance.

E.3 Editing Prompt

Input. The edit instruction, the retrieved
HDSL context, and the root identifier of the
provided scene.
Output. Return the full edited DSL fragment
with the same root id as the provided scene;
do not return only the edited child node. The
output must be XML-parsable and contain no
strategy text, markdown fence, heading, note,
or explanation.
Preservation rules. Preserve existing
node ids and unrelated sibling subtrees.
For existing nodes that are not being
replaced, keep class, retrieved_asset_id,
retrieved_size, retrieved_description, and
other asset metadata unchanged when present;
update only the style, coordinates, rotation,
or child set needed by the instruction.
Layout rules. Use only <div> tags with inline
CSS. Each element includes id, description,
class, size, variance_type, virtual, and
is_leaf. The same support, generic-class,
door/window, overlap, and clearance-node
constraints used for generation also apply
during editing.

At runtime, the editor appends three short guards
to this template: context siblings are preserved
unless explicitly targeted, the returned fragment
must keep the same root id, and an intent-specific
suffix constrains add, remove, replace, rearrange,
or modify instructions.
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