Edit-As-Act: Goal-Regressive Planning for Open-Vocabulary 3D Indoor Scene
Editing

Supplementary Material

1. Overview

This supplementary document provides additional details,
experimental results, and analyses for our paper, “Edit-As-
Act”. We organize the material to enhance implementation
transparency and provide deeper insights into our method’s
components and evaluation protocols. The contents are as
follows:

* Sec. 2: Extended Intuition. We elaborate on the intu-
ition behind our work, specifically focusing on the design
choice of constraining the LLM to ground its reasoning in
3D layouts via symbolic predicates, rather than directly
generating 3D geometry.

e Sec. 3: Object Generation and Stylization Pipeline.
We provide detailed specifications of the generative
pipeline used to instantiate and stylize objects.

* Sec. 4: EditLang Formalization. We present the com-
plete formal grammar for EditLang and provide numer-
ous examples of translating natural language instructions
into EditLang goals.

e Sec. 5: Goal-Regressive Planner Details. This sec-
tion details the planner’s algorithm, including pseudo-
code and an execution trace of the source-aware regres-
sion mechanism.

* Sec. 6: Validator Details. We demonstrate the Valida-
tor’s functionality with specific examples of successful
and failed validation cases.

e Sec. 7: LVLM Metric Reliability. We present a corre-
lation study between our proposed LVLM-based metrics
and human judgments to validate their reliability.

e Sec. 8: Extended Quantitative Analysis. We provide
a detailed breakdown of how the method behaves across
different types of editing operations.

¢ Sec. 9: Failure Case Visualization. We visualize repre-
sentative failure cases of our model.

e Sec. 10: Additional Ablation Studies. We report addi-
tional ablation studies on the backbone LLM models, the
size of the predicate set, and the parameter sensitivity of
the validator.

* Sec. 11: Additional Quantitative Experiments. We re-
port additional quantitative results on the prompt sensitiv-
ity of goal condition prediction and geometry-based met-
rics.

e Sec. 12: Limitations and Discussion. We discuss the
current limitations of our framework, including the re-
liance on hand-designed predicates and the scope of
single-scene evaluation, and outline promising directions
for future work.

* Sec. 13: Source Scene Visualization. We provide visu-
alizations for the full list of source scenes included in the
benchmark.

* Sec. 14: Additional Qualitative Results. We present
further qualitative examples demonstrating the system’s
capabilities.

* Sec. 15: Full Prompts for Model and Evaluation. We
provide the LLM prompts used in our model, as well as
the prompts utilized for the LVLM-based evaluation.

2. Extended Intuition

Core Intuition Summary. Traditional editing ap-
proaches treat the task as Generative Simulation by
attempting to predict the visual appearance of a scene
after a change. This method often fails because LLMs
lack the capacity for precise geometric forecasting. In
contrast, Edit-As-Act redefines editing as Goal Specifi-
cation and focuses on defining the conditions that must
be satisfied in the final state. Our framework capitalizes
on a critical asymmetry in LLMs, which are unreliable
at geometric simulation yet highly proficient in sym-
bolic reasoning. By reasoning backward from a desired
target state to the current source scene, we ensure that
edits are minimal, physically valid, and semantically
faithful.

A central challenge in LLM-based indoor scene editing
is interpreting complex 3D environments with interacting
objects [5, 16]. Conventional approaches, such as fine-
tuning on scene datasets or using iterative generation, often
fail in open-vocabulary settings because they rely heavily
on predefined object distributions [11, 14, 18]. While re-
cent RL-driven or search-based methods improve physical
plausibility (e.g., avoiding collisions) [4, 10, 12, 17], they
often address geometric validity at the expense of semantic
intent and compositional grounding [7, 13].

Our formulation is motivated by a critical asymmetry
observed in frontier LLMs, as illustrated in Fig. 1: they
are poor at geometric simulation but excellent at symbolic
specification [3, 9, 15]. In the early stage of research, we
found that LLMs struggle to predict the precise geometric
outcome of an action (e.g., “What will the scene look like
after sliding the chair?”). This requires multi-object spa-
tial forecasting and stability inference, which are outside
the models’ reliable operating range. Conversely, LLMs are
remarkably robust when reasoning about the conditions a fi-
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Figure 1. LLMs demonstrate strong capabilities in interpreting existing 3D layouts (top) but remain unreliable when directly generating
3D layouts from instructions (bottom). This asymmetry motivates our goal-regressive formulation.

nal scene must satisfy (e.g., “The chair must face the desk”
or “The lamp must rest on a supported surface”).

This observation suggests that tasking an LLM with di-
rect layout generation or step-by-step simulation is funda-
mentally misaligned with its capabilities. Instead, we refor-
mulate 3D scene editing as a goal-specification problem.
Rather than predicting how a scene transforms, the model
defines the declarative constraints that must hold in the tar-
get state.

To bridge these symbolic constraints with the 3D envi-
ronment, we introduce EditLang, a PDDL [, 6]-inspired
domain that defines explicit preconditions and effects for
geometric actions. EditLang serves as a structural interface:
the LLM extracts symbolic goals, and a goal-regressive
planner identifies the minimal sequence of physically fea-
sible actions to satisfy them. This division of labor—using
LLMs for semantic reasoning and a planner-validator loop
for geometric grounding—eliminates the need for layout
hallucination, ensuring that every edit is interpretable, phys-
ically valid, and faithful to the user’s instruction.

3. Object Generation and Stylization Pipeline

To physically realize the editing operations proposed by
our planner, specifically Add and Stylize actions, we
employ a unified generative pipeline powered by Hyper3D
Gen-2 (Rodin Gen-2) [8]. This state-of-the-art generative
model allows us to produce high-fidelity 3D assets that are
visually consistent with the user’s textual instructions. As
illustrated in Fig. 2, our pipeline handles two distinct work-

flows depending on the editing requirement. Please note
that our framework is agnostic to the generative backbone;
thus, any arbitrary text-to-3D or image-to-3D models can
be employed as substitutes.

3.1. Object Generation

When the planner specifies an Add action (e.g., “Add a
modern chair”), the system requires a completely new 3D
asset. In this mode, the pipeline takes a descriptive text
prompt as the sole input. Therefore, Gen-2 first synthesizes
the corresponding image of given text, then sequentially
synthesizes the object’s geometry and texture, outputting a
3D mesh that semantically aligns with the description.

3.2. Object Stylization

For Sty1lize actions (e.g., “Change the desk to a charcoal
metal finish”), it is critical to modify the visual appearance
(texture and material) while strictly preserving the original
object’s shape and dimensions. As highlighted by the blue
dashed boxes in Fig. 2, we utilized the point cloud condi-
tioning feature of Gen-2. The target 3D object is first con-
verted to a point cloud representation as a structural control
signal. This point cloud, combined with the synthesized im-
age generated from the text prompt and the rendered image
of the object, guides the image-to-3D generation process.In
Fig. 2, by conditioning the generation process on the point
cloud representation, the model updates the texture to match
the “charcoal metal finish” while ensuring the output 3D ob-
ject retains the exact pose and structure of the original input.
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Figure 2. Overview of the object generation and stylization pipeline. We utilize Hyper3D Gen-2 [8] to synthesize high-fidelity 3D
assets. The pipeline operates in two modes: (1) Text-to-3D for generating new objects from scratch, and (2) Point Cloud-Guided Stylization
(highlighted in blue dashed boxes) where the input 3D object is converted into a point cloud to condition the generation, ensuring the
geometric structure remains preserved while the texture is updated according to the text prompt.

4. EditLang Formalization « Directional & Relative (How is it oriented?):
is_facing (o, target),
left of (o, ref,view), right of (...) ,
in_front_ of(...) ,behind(...)

* Grouping & Constraints (How does it interact?):

grouped-with (child, parent), locked (o).
* Predicates (The ‘‘State’”): A vocabulary to describe + Physical & Functional (Is it valid?):

To bridge the gap between vague natural language instruc-
tions and rigid 3D geometric data, we need a structured in-
termediate representation. EditLang serves as this bridge,
defining the domain through two core components:

geometric and semantic relationships (e.g., on (lamp, supported (o, surface),
table)). They act as the “eyes” of the planner, trans- contact (o, surface), clear (o), stable (o),
lating continuous 3D coordinates into discrete symbolic colliding(ol,02).visible (o, view),
states to verify if a goal is met. accessible (o).
* Actions (The “Operators™): A set of atomic operations « Attributes (What does it look like?):
(e.g., move_to, stylize) defined with explicit pre- has_style (o0, desc),matches_style (ol,02),
conditions and effects. These act as the “hands” of the has_scale (o, sx,sy,sz).
planner, ensuring that every modification is physically
grounded and logically sound before execution. 4.3. Action Definitions
This section presents the complete specification of Edit- The planner employs atomic actions defined by

Lang used in our experiments, supporting hierarchical ob-
ject manipulation, fine-grained directional placement, and
style propagation.

(pre, add, del) conditions.

¢ Spatial Manipulation:

— move_to (o, pos): Relocates a single object o.
4.1. Syntax — move_group (parent, pos): Moves a parent ob-
ject (e.g., dining table) and all associated children (e.g.,

EditLang uses a typed, PDDL-inspired syntax defined as chairs, centerpiece) while preserving their relative local

follows:
transforms.
4.2. Predicate Library - place,rela‘giv.e (o, .tal'rget, re'lation) :
Places o satisfying directional predicates (e.g.,
Our predicate set captures geometric state, topology, physi- left_of) relative to the target.
cal constraints, and semantic relations. We categorize them - place_on (o, surface): Places o on a support
by the fundamental questions they answer: surface.
¢ Existence (Is it there?): exists (o), removed (o). — align_with (o, target, axis): Aligns
¢ Spatial Relations (Where is it globally?): bounding boxes along an axis.
at (o,pos),on (o, surface), between (o, a,b), * Orientation & Scale:
near (o, target, 7), - rotate_towards (o, target): Updates yaw to

aligned-with (o, target,axis). face a target.



- rotate_by (o, degrees): Rotates object o by a
specified angle relative to its current orientation.

— scale (o, sx, sy, sz): Modifies dimensions
with collision checks.

¢ Creation, Deletion & Style:

— add_object (o, cat, support): Instantiates a
new asset.

— remove_object (o) : Deletes o and clears relations.

— stylize (o, desc): Updates texture based on text
description.

Tab. 1 demonstrates mapping instructions to these ex-
tended goals.

5. Goal-Regressive Planner Details

This section details the algorithmic implementation of the
planner. We employ the LLM as a policy 7y to propose
transition operators, while the control flow is governed by a
deterministic symbolic loop.

5.1. Planning Algorithm

Algorithm 1 outlines the core planning loop. The system
maintains a stack of goals G;. At each iteration, it prompts
the LLM to propose an action a; that satisfies at least one
condition in G¢. Crucially, the VALIDATOR acts as a re-
jection sampler, filtering out geometrically invalid or non-
monotonic actions before they affect the plan state.

Algorithm 1 LLM-Driven Goal Regression Loop

Require: Goal predicates G¢qrget, Source state So
Ensure: PlanIT = [a1,...,a7]
1: G« Gtarget
2: paek H
3: while G # () do

> Backward plan sequence

4 success <+ False
5 for k < 1to3do > Max 3 retries per step
6: a < LLM_POLICY(G, So, pack)
7: valid, msg <— VALIDATOR(a, G, So)
8 if valid then
9: success < True
10: break
11: else
12: Add msg to prompt history (Refinement)
13: end if
14: end for
15: if not success then
16: return Iy,
17: end if

18: Append a to Ipacr

19: G <+ SOURCEAWAREREGRESS(G, a, Sp)
20: end while

21: return Reverse(ITpqcr)

5.2. Source-Aware Regression Logic

Unlike classical STRIPS which regresses to an initial empty

state, our ‘SourceAwareRegress‘ function filters precondi-

tions against the actual 3D scene geometry Sy. This serves
as a pruning mechanism.
The implementation logic is as follows:

1. Satisfy: Remove goals satisfied by action effects (G \
add(a)).

2. Propagate: Identify preconditions required by a (P =
pre(a)).

3. Prune: Filter out preconditions that are already true in
the source scene (U = P\ Sp).

4. Update: The new goal set becomes the remaining goals
plus the unsatisfied preconditions (G + (G \ add(a)) U
U).

This ensures the planner only generates sub-plans for
conditions that physically need changing (e.g., moving an
obstacle), rather than reconstructing the entire scene graph.

5.3. Execution Trace Example

To demonstrate the regression logic, consider the instruc-
tion: “Place the lamp on the side table,” where the table is
currently cluttered.

Initial Goal (Gy). {on (lamp, table)}

Step 1.

* LLM Proposal: a; = place_on (lamp, table)

* Preconditions: {clear (table),
exists (lamp) }

e Check Sy:
— exists (lamp) is True (in inventory).
— clear (table) is False (blocked by a mug).

* Regression: G| + {clear (table)}

Step 2.

* LLM Proposal: a; = move_to (mug, shelf)

» Effects: Adds clear (table) (by removing mug from
it).

* Check Sp: move_to preconditions (shelf is valid) are
met in Sy.

» Regression: G + () (All conditions grounded in Sp)

Final Plan (Reversed).
1. move_to (mug, shelf) (Clears the table)
2. place_on (lamp, table) (Achieves goal)

This trace illustrates how the regression mechanism nat-
urally unrolls the dependency chain to handle intermediate
obstacles.



Table 1. Examples of Natural Language to EditLang Goal Translation.

Instruction

Goal Predicates

“Move the dining set to the window.”

“Make the chair match the sofa.”

“Place the lamp to the left of the bed.”

near (table_

1, window_.1l),

grouped_with (chair_x,

table_1l)

matches_style (chair_1,

sofa_l)

left_of (lamp._1,

cam_frame)

bed_1,

6. Validator Details

The validator V' evaluates each proposed action based on
the four criteria (Goal directedness, Monotonicity, Contex-
tual consistency, Formal validity) defined in the main paper.
In this section, we provide the technical implementation de-
tails specifically for the Geometric and Physical Feasibility
checks used to enforce the domain invariants (7).

6.1. Geometric and Physical Implementation

To enforce physical plausibility and spatial constraints, we
implement the following deterministic checks:

Geometric & Physical Checks. These checks implement
the Domain Invariants (Z) described in the main paper, uti-
lizing the 3D scene state:

* Collision: We compute Oriented Bounding Box (OBB)
intersections. An action is rejected if the target volume
intersects with static scene elements (tolerance € < lcm).

* Support: For place_on or add actions, we cast rays
downwards from the object’s base. At least 60% of the
base area must contact the target surface to satisfy the sta-
bility invariant.

6.2. Pass/Fail Case Studies

Tab. 2 presents specific examples of actions rejected by the
Validator and the corresponding feedback provided to the
planner for refinement.

7. LVLM Metric Reliability

To validate the automated evaluation protocol used in our
benchmark, we analyze the correlation between the LVLM-
based metrics and human judgments. We collected paired
ratings on the same set of edited scenes using the identical
1-to-7 Likert scale described in the main paper. This sec-
tion compares the global score distributions and analyzes
sample-level agreement.

Table 2. Validator Decision Examples. Detailed breakdown of
why specific actions are rejected during the planning loop.

Check Type Proposed Action & Validator Decision &
Context Feedback
Physical Action: FAIL
(Collision) move_to (chair_1, “Target position
[1.2, 0, 1.51) causes collision with
Context: Target coor- table_l. Please
dinates overlap with select a clear region
table 1. or move the obstacle
first.”
Symbolic Action: FAIL
(Monotonicity) move_to (lamp, “Action  undoes a
floor) previously satisfied
Context: Previous step  goal: on (lamp,
satisfied on (lamp, table). Do not
table). move objects that
are already correctly
placed.”
Symbolic Action: FAIL
(Relevance) stylize (curtain, “Action does not
"blue") satisfy any current
Context:  Instruction goal. Focus only on

is “Rotate the chair”.
No goal relates to the
curtain.

the chair and its
orientation.”

7.1. Distribution Alignment

Fig. 3, Fig. 4, and Fig. 5 illustrate the normalized frequency
of scores for Instruction Fidelity (IF), Physical Plausibility
(PP), and Semantic Consistency (SC), respectively.

The histograms reveal a strong alignment between hu-
man and LVLM evaluations:

* Matching Modes: For all three metrics, both human and
LVLM distributions peak at the highest score bucket (7),
reflecting the model’s high performance.

* Similar Variance: The spread of scores across the 1-7
scale is comparable, indicating that the LVLM effectively
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Figure 3. Validation of Instruction Fidelity (IF) Metrics. The
strong overlap between Human and LVLM histograms confirms
that our automated evaluator correctly identifies successful edits.
The synchronization at the high-score range indicates the metric
reliably reflects the model’s adherence to instructions.
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Figure 4. Validation of Physical Plausibility (PP) Metrics. Both
human and LVLM distributions heavily favor the highest scores,
demonstrating that the LVLM is a strict and reliable judge of phys-
ical violations similar to human perception.

captures the nuances of editing quality rather than col-
lapsing to a binary pass/fail.

e Optimism Bias: While the distributions are consistent,
the LVLM tends to be slightly more generous (higher den-
sity at score 7) than human raters, particularly in Seman-
tic Consistency (SC) and Physical Plausibility (PP). How-
ever, the relative ranking trends remain preserved.

7.2. Sample-Level Disagreement Analysis

To assess granular agreement, we compute the absolute dif-
ference |SHyman — Stvim| for each sample. Fig. 6, Fig. 7,
and Fig. 8 visualize these differences across scene types and
editing operations. The majority of the heatmap regions are
dark blue (< 1.5 difference), confirming that the LVLM ap-
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Figure 5. Validation of Semantic Consistency (SC) Metrics. Al-
though the LVLM is slightly more optimistic in cluttered scenes,
it closely mimics the human preference for high consistency, vali-
dating its utility as a proxy for measuring scene preservation.

|Human - VLM| Model=0urs Question=IF

bathroom
bedroom
computer_room
dining_room

game_room

Category

kids_room

w
Absolute difference (0-6)

kitchen
living_room

office

Command

Figure 6. Absolute Score Difference (IF). Disagreements are lo-
calized to specific ambiguous scenarios.

proximates human judgment accurately for most tasks.

The paired analysis demonstrates that our LVLM-based
metric is a reliable proxy for human evaluation. It re-
produces the global score distribution and maintains low
sample-level error in most configurations, justifying its use
for scalable benchmarking in open-vocabulary scene edit-
ing.

8. Extended Quantitative Analysis

We provide how well each method handles specific types
of editing operations. Indoor scene editing involves fun-



Table 3. Performance by editing operation type. Edit-As-Act achieves the strongest and most reliable performance across all edit categories,
maintaining high instruction fidelity (IF), semantic consistency (SC), and physical plausibility (PP).

ADD REMOVE TRANSLATE ROTATE
Methods IF SC PP IF SC PP IF SC PP IF SC PP
LayoutGPT-E 405 421 824 603 715 88.1 526 503 80.7 414 325 781
AnyHome 472 650 821 612 587 798 660 766 857 527 484 85.0
ArtiScene-E 399 50.0 89.1 801 784 940 502 580 86.1 399 28.0 90.8

Edit-As-Act (ours) 82.7 90.2 883 739 801 959 971 957 89.6 531 863 95.0

SCALE STYLIZE MIXED Average
Methods IF SC PP IF SC PP IF SC PP IF SC PP
LayoutGPT-E 581 59.2 815 353 587 772 278 275 646 423 488 78.6
AnyHome 91.0 90.7 86.8 534 548 921 319 294 802 576 605 84.5
ArtiScene-E 453 56.0 88.1 522 546 936 303 333 908 483 512 903

Edit-As-Act (ours) 85.2 96.1 873 50.6 89.7 97.7 411 681 874 69.1 86.6 91.7
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Figure 7. Absolute Score Difference (PP). High agreement (low
error) is observed across most categories.

damentally different reasoning modes, such as addition or

removal. Each operation stresses a different capability:

* ADD stresses open-vocabulary generalization and asset
integration.

* REMOVE stresses boundary reasoning.

¢ TRANSLATE/ ROTATE/ SCALE stress geometric pre-
cision.

* STYLIZE stresses geometry-level consistency.

* MIXED stresses multi-step, compositional reasoning.

Figure 8. Absolute Score Difference (SC). The LVLM aligns well
with human judgment, with minor deviations in cluttered environ-
ments.

For this reason, we further analyze performance by edit cat-
egory in Tab. 3.

Analysis. Several observations emerge from the per-
category breakdown. First, Edit-As-Act achieves the high-
est average scores across all three metrics (IF 69.1, SC 86.6,
PP 91.7), demonstrating that goal-regressive planning gen-



eralizes well across fundamentally different editing modes.
Second, the advantage is most pronounced in categories that
demand precise spatial reasoning. In Translate, Edit-As-
Act attains 97.1 IF and 95.7 SC, outperforming the next-
best method by over 30 points in IF. This confirms that
our symbolic predicate formulation effectively grounds po-
sitional intent. Third, for Add and Stylize, which rely
heavily on the quality of the generative backbone, Edit-As-
Act still leads in SC and PP, indicating that the planner—
validator loop successfully constrains asset placement and
appearance even when the underlying generation is imper-
fect. Finally, the Mixed category, which requires composi-
tional multi-step reasoning, proves challenging for all meth-
ods; however, Edit-As-Act maintains a substantial lead in
IF (41.1 vs. 31.9) and SC (68.1 vs. 33.3), validating that
goal regression naturally decomposes complex instructions
into tractable sub-goals. A notable weakness appears in the
Scale category, where AnyHome achieves a higher IF (91.0
vs. 85.2). We attribute this to AnyHome’s direct paramet-
ric scaling strategy, which bypasses symbolic grounding.
Nevertheless, Edit-As-Act compensates with a significantly
higher SC (96.1 vs. 90.7), preserving scene coherence more
reliably.

9. Failure Case Visualization

¢ o

Figure 9. Qualitative Failure Examples. We acknowledge limi-
tations where ambiguity leads to misaligned goals or geometric
validity does not guarantee semantic affordance.

Table 4. Additional ablation on backbone robustness, predicate
complexity, and validator parameter sensitivity.

Setting IF SC PP
w/ GPT-OSS-20b 62.5 72.8 77.8
Small Pred. Set 52.4 78.1 82.6
High Sensitivity 66.5 84.5 90.2
Low Sensitivity 68.9 85.0 88.0
Ours 69.1 86.6 91.7

We visualize representative failure cases discussed in the

main paper to provide concrete insight into the current lim-
itations of Edit-As-Act.

Ambiguous Instructions. The left example in Fig. 9 il-
lustrates a case where the instruction “Clean up the room”
is inherently under-specified. Because no explicit goal ob-
jects are mentioned, the LLM over-aggressively maps the
instruction to remove actions, deleting functional items
(e.g., desk accessories) that a human would consider essen-
tial. This highlights a limitation in goal condition extrac-
tion: when the instruction lacks grounding cues, the model
defaults to an overly literal interpretation of “clean,” pro-
ducing a barren scene.

Semantic Affordance Errors. The right example shows
a case where the instruction “Place the chair next to the
desk” is executed in a geometrically valid but semantically
incorrect manner. The validator confirms that spatial pred-
icates such as near (chair, desk) are satisfied; how-
ever, the chair is oriented facing the wall rather than the desk
surface, violating the implicit functional affordance. This
failure reveals a gap in our current predicate set: while geo-
metric constraints are enforced, higher-level affordance rea-
soning (e.g., a chair should face its associated workspace)
is not yet captured by the symbolic domain.

10. Additional Ablation Studies

We conduct three additional ablation studies to examine the
robustness of Edit-As-Act along axes not covered in the
main paper. All experiments use the full E2A-Bench and
report the same LVLM-based metrics. Results are summa-
rized in Tab. 4.

10.1. Backbone LLM

To assess whether our framework is tied to a specific fron-
tier model, we replace the default backbone with GPT-OSS-
20b[2], a smaller open-source LLM. As shown in the first
row of Tab. 4, all three metrics drop noticeably (IF 62.5, SC
72.8, PP 77.8), confirming that the quality of symbolic goal
extraction and action proposal scales with model capabil-
ity. Notably, the largest degradation occurs in SC (—13.1),
suggesting that weaker models struggle most with preserv-
ing scene context during multi-step planning. Nevertheless,
the system remains functional, indicating that EditLang’s
structured interface partially compensates for reduced LLM
reasoning capacity.

10.2. Predicate Set Size

We evaluate a reduced predicate set (Small Pred. Set) that
retains only existence, basic spatial (at, on), and collision
predicates, removing directional, grouping, and affordance-
level predicates. This ablation isolates the contribution of



our rich predicate vocabulary. The results show a marked
decline in IF (52.4 vs. 69.7), as the planner can no longer
express fine-grained goals such as left_of or facing.
Interestingly, PP remains relatively high (82.6), because ba-
sic collision and support checks are preserved. This con-
firms that expressive predicates are essential for instruction
fidelity, while physical plausibility is primarily governed by
the validator’s geometric checks.

10.3. Validator Geometric Sensitivity

We vary the collision tolerance threshold of the validator to
study its effect on plan quality. High Sensitivity tightens the
OBB intersection tolerance to € < 0.5 cm, while Low Sen-
sitivity relaxes it to € < 3cm. As shown in Tab. 4, the de-
fault setting (e < 1cm) achieves the best balance across all
metrics. High sensitivity marginally improves PP (90.2) but
reduces IF (66.5), because the stricter threshold causes the
validator to reject more valid placements, forcing the plan-
ner into suboptimal compromises. Conversely, low sensitiv-
ity slightly degrades PP (88.0) by admitting near-collision
configurations. These results justify our default threshold as
an effective trade-off between physical strictness and plan-
ning flexibility.

11. Additional Quantitative Experiments

In this section, we report two additional sets of quantitative
experiments. First, we analyze the prompt sensitivity of the
goal condition prediction module to assess its robustness
to instruction rephrasing (Sec. 11.1). Second, we present
geometry-based metrics derived directly from the final 3D
layouts to complement the LVLM-based semantic evalua-
tions with objective physical measurements (Sec. 11.2).

11.1. Prompt Sensitivity of Goal Condition Predic-
tion

A potential concern with LLM-based goal extraction is that
minor rephrasing of the input instruction could lead to sub-
stantially different goal predicate sets, undermining the re-
liability of the entire pipeline. To quantify this, we design a
prompt sensitivity experiment.

Setup. We select 50 editing instructions from E2A-Bench
and generate three semantically equivalent rephrasings for
each using an independent LLM (GPT-40), resulting in 200
instruction variants. For example, “Move the chair closer
to the window” is rephrased as “Slide the chair toward the
window,” “Position the chair near the window,” and “Bring
the chair next to the window.” We then run our goal con-
dition extraction module on all variants and measure con-
sistency via two metrics: (1) Predicate Recall, defined as
the fraction of predicates from the original instruction that
also appear in the rephrased variant’s goal set, and (2) Exact

Match Rate, the percentage of cases where the original and
rephrased variants produce identical goal predicate sets.

Results. Across all 150 rephrased variants, we observe
a predicate recall of 92.4% and an exact match rate of
78.0%. The majority of mismatches involve stylistic dif-
ferences rather than semantic divergence; for instance, one
variant may produce near (chair, window) while an-
other yields at (chair, pos.-near_window), both of
which lead to functionally equivalent plans. When we fur-
ther measure downstream plan equivalence (i.e., whether
the final executed action sequences produce the same scene
state), agreement rises to 94.6%.

Discussion. These results confirm that our goal extraction
module is robust to surface-level linguistic variation. The
structured EditLang interface acts as a bottleneck that reg-
ularizes diverse phrasings into a compact symbolic space,
effectively absorbing paraphrase noise before it can propa-
gate to the planner.

11.2. Geometry-based Metrics

1. Out-of-Boundary (OOB) Rate. This metric identifies

objects placed outside the valid room volume.

* Measurement: We first compute the axis-aligned bound-
ing box (AABB) of the entire source room. An object is
classified as OOB if its geometric center lies outside the
room’s AABB, expanding more than 10cm.

* Calculation: We report the percentage of scenes contain-
ing at least one OOB object.

2. Floating Object Rate. This metric measures the per-

centage of objects that are physically unstable (i.e., levitat-

ing without support). An object is considered “grounded” if

it satisfies one of two conditions:

e Floor Contact: Its bottom vertical coordinate (z,,;,) is
within a tolerance of 10c¢m from the floor height.

* Stacked Support: It rests on another object that is itself
grounded.

Wall-mounted assets are excluded from this check. Objects

failing both conditions are classified as “Floating.” Tab. 5

summarizes the performance of each method.

Table 5. Comparison of Geometry-Based Metrics. Lower is
better. Edit-As-Act achieves the best physical validity.

Method OOB Scene Ratio (%) |  Floating Object Rate (%) |
ArtiScene-E 88.89 92.06
AnyHome 7.94 57.14
Edit-As-Act (Ours) 6.16 14.21




Analysis of Failures.

* ArtiScene-E: The high failure rates stem from the am-
biguity of lifting 2D edits to 3D. Without explicit depth
constraints, the estimated 3D bounding boxes often drift
through walls (OOB) or fail to touch the ground (Float-
ing).

* AnyHome: Although better than image-based methods,
AnyHome struggles with causal dependencies. A com-
mon failure mode involves “Remove” operations: when a
supporting object (e.g., a table) is deleted, the system of-
ten fails to address the supported objects (e.g., a laptop),
leaving them floating in mid-air.

* Edit-As-Act: Our method explicitly models support rela-
tions (e.g., on (x, vy) ) and room boundaries in the sym-
bolic domain. This ensures that objects are placed within
bounds and that removing a parent object triggers nec-
essary adjustments for its children, yielding the highest
physical fidelity.

12. Limitations and Discussion

While Edit-As-Act demonstrates strong performance across
diverse editing operations, several limitations remain.

Hand-Designed Predicate Set. EditLang currently relies
on a manually curated set of predicates and action schemas.
Although this design provides precise control and inter-
pretability, extending the domain to new object categories
or interaction types requires manual effort. Incorporating
learned predicates or data-driven action schemas—for in-
stance, by mining recurring spatial patterns from large-scale
scene datasets—could improve adaptability and reduce the
engineering overhead of domain expansion.

Single-Scene, Static Setting. Our experiments focus ex-
clusively on editing single, static indoor scenes. Applying
goal-regressive planning to multi-room environments or dy-
namic settings (e.g., scenes that evolve over time with mov-
ing agents) would significantly broaden the framework’s
applicability. Such extensions introduce additional chal-
lenges, including longer reasoning horizons, richer contex-
tual dependencies across rooms, and the need to handle tem-
poral constraints.

Outlook. Overall, Edit-As-Act illustrates how symbolic
reasoning can enable precise and controllable 3D scene
editing. The modular separation of semantic reasoning
(LLM) and geometric grounding (planner—validator) pro-
vides a principled foundation that can accommodate fu-
ture advances in both language models and 3D generative
systems, with many promising paths toward scaling this
paradigm.

13. Visualization of Source Scenes

We visualize the full set of source scenes included in our
E2A-Bench. As shown in Fig. 10, the benchmark encom-
passes nine distinct indoor environments, Bathroom, Bed-
room, Computer room, Dining room, Game room, Kids
room, Kitchen, Living room, and Office.

14. Additional Qualitative Results

We present extended qualitative results to further demon-
strate the capabilities of Edit-As-Act. Fig. 11 and Fig. 12 il-
lustrate the model’s performance on complex editing tasks,
including multi-step spatial rearrangements and attribute
stylization. These examples highlight our method’s abil-
ity to faithfully execute instructions while preserving the
unedited regions of the scene.

15. Full Prompts for Model and Evaluation

To facilitate reproducibility and transparency, we provide

the prompts used in our framework.

* Model Prompts: Fig. 13 through Fig. 17 detail the sys-
tem instructions for Goal Condition Extraction, Planning,
and Validation. These prompts define the EditLang syn-
tax, in-context learning examples, and the reasoning logic
required for the planner-validator loop.

* Evaluation Prompts: Fig. 18, Fig. 19, and Fig. 20
display the prompts used for our LVLM-based metrics.
These prompts establish the evaluation rubric for Instruc-
tion Fidelity (IF), Semantic Consistency (SC), and Physi-
cal Plausibility (PP).
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Figure 10. Diversity of E2A-Bench Source Scenes. The benchmark covers 9 distinct room types ranging from sparse to highly cluttered
layouts. This diversity tests the planner’s ability to handle varying levels of spatial constraints and object interactions.



O “Remove the bidet next to the toilet, and translate the tall linen cabinet against the mirror-side wall.”

“Remove both circular wall mirrors, rotate the bed 180 degrees so the headboard is against the
wardrobe wall, and rearrange the nightstands to align with the bed.”

“Translate the bench desk cluster closest to the window bank 1 meter towards it, rotate this desk
cluster by 45 degrees, change the color of manager desk clusters to charcoal metal finish”

ple

“Remove the sideboard cabinet against the wall with the arched doorway, add a small bar cart in its
place, and translate the round dining table a little bit towards the window.”

Source Scene AnyHome ArtiScene-E Edit-As-Act (Ours)

Figure 11



“Remove the gaming table and chairs closest to the storage bench, translate the game table and
O corresponding chairs in front of media shelf, add an air hockey table.”

“Remove the round play table, add a small, traditional rocking horse in the center of the yellow
round rug, and translate the bean bag chair 1 meter towards the double window.”

“Remove the rolling kitchen cart, replace the window above the double basin sink with a rectangular
window, and change the wood finish of all wall shelves to a dark mahogany.

<

Source Scene AnyHome ArtiScene-E Edit-As-Act (Ours)

Figure 12



Goal Condition Extractor

You are a goal condition extractor for scene editing.
Given a natural language instruction, extract ALL predicates that must be true after execution.

IMPORTANT: If instruction contains MULTIPLE sub-tasks, extract predicates for ALL of them.
Example: "Remove X, move Y, and add Z" — extract predicates for removal, movement, AND addition.

Output ONLY a JSON array of predicates. Each predicate has:
- "pred": predicate name
- "args": list of arguments

Available predicates:

- exists(obj_id): Object exists in scene

- removed(obj_id): Object is removed from scene (use for removal goals)

- is_facing(obj, anchor): Object faces anchor

- near(obyj, target, distance): Object is near target (use for approximate positioning)
- on(obj, target): Object is on target

- at(obj, X, y, z): Object is at absolute position

- aligned_with(obj, ref, axis): Objects aligned on axis

- between(obj, obj1, obj2): Object is between two others

- has_style(obj, style_desc): Object has style/color/material

Rules for multi-step instructions:
1. REMOVE tasks — Add "removed(obj_id)" predicate (use actual scene object ID)
2. MOVE/TRANSLATE tasks — Add position predicates:
- "closer to X" — near(obj, X, small distance)
- "away from X" — NOT near(obj, X) or near(obj, Y, ...) where Y is away from X
- Approximate: use near(obj, landmark, distance_ estimate)
3. ADD tasks — Add complete predicates: exists(new_obj _id), placement (on/between/near)
4. STYLIZE tasks — Add "has_style(obj_id, style_description)"
5. CRITICAL: Use EXACT object IDs from the available objects list below (e.g., "armchairs_009" not "armchair 1")
6. For new objects (ADD), use descriptive IDs (e.g., "tall decorative vase")
7. Extract ALL sub-goals, not just the last one - NEVER omit any sub-task from instruction

Examples:

- "Remove the rug and add a lamp" — [removed(rug_001), exists(new_lamp), on(new_lamp, floor)]

- "Move chair near window and rotate to face door" — [near(chair, window, 0.5), is_facing(chair, door)]
- "Remove X, move Y, add Z" — [removed(X), near(Y, target, dist), exists(Z2), ...]

No explanations, just the JSON array of ALL goal predicates.
SALLOWED_ PREDICATES SECTIONS

Instruction: "SINSTRUCTIONS"

Available objects in scene (USE THESE EXACT IDs):
$SCENE_OBJECT LIST$

Figure 13



You are the Planner LLM for an Edit-As-Act backward-planning loop.

ROLE

- At each step t, propose K grounded actions that either (i) directly satisfy the current goal G_t
or (ii) enable the transition toward G_t by making some of its preconditions closer to true.

- You DO NOT perform geometric/physics checks.

- Use the provided EditLang specification as the authoritative source.

- Consider the full scene SO (entire predicate set), not a summary.

CRITICAL: SINGLE GOAL FOCUS
- G_t may contain MULTIPLE predicates (removal, movement, addition, style, etc.)
- For THIS regression step, pick ONE target predicate from G _t to satisfy

AVAILABLE ACTIONS (use ONLY these):

$AVAILABLE ACTIONS LISTS$

IMPORTANT: The "action" field must be one of the above action names (e.g., "place_between", "rotate towards").
These are NOT the same as predicates (e.g., "on" is a predicate, not an action).

Actions have specific schemas defined in editlang_spec.

CRITICAL GROUNDING RULES:

1. ALL arguments must be CONCRETE object IDs from SO or new objects (e.g., "armchairs_009", "tall decorative vase")
2. NEVER use variables like ?obj, ?any_target, ?any_anchor - these are FORBIDDEN

3. Wildcard "*" is ONLY allowed in "del" field for mutually-exclusive predicates (on, is_facing, at, near, aligned with,
has_style, between)

4. Example VALID: {"del": [["on", ["book 01", "*"]]]} (removes book from any surface)

5. Example INVALID: {"del": [["on", ["book 01", "?any target"]]]} (? is forbidden)

OUTPUT FORMAT - Return ONLY valid JSON (no markdown), as an array of action objects.
Each action object must have these EXACT keys (IN THIS ORDER):
{

"action": "action_name from spec",

"args": {"param": "value"},

"pre": [["predicate", ["argl", "arg2"]]],

"add": [["predicate", ["argl", "arg2"]]],

"del": [["predicate", ["argl", "arg2"]]],
"predicted unmet pre": [["predicate", ["argl"]]],

n.n

"rationale": "explanation string"

}

CRITICAL: predicted unmet_pre field
- Check EACH precondition in "pre" against SO_full
- If precondition NOT in S0, add to predicted unmet pre
- Example: pre=[exists(obj), clear(table)]
If SO has exists(obj) but NOT clear(table) — predicted unmet pre=[clear(table)]
- If ALL preconditions in SO — predicted unmet pre=[] (empty)

Figure 14



PREDICATE FORMAT: ["predicate_name", ["argl", "arg2", ...]]
Example: ["on", ["book", "table"]], ["is_facing", ["chair", "window"]]

s>

**Regression Planner (User Input Payload)**

{
"INSTRUCTION": "Use ONLY the action names from editlang_spec.actions. These are the valid EditLang actions (e.g.,
place between, rotate towards), NOT predicates (e.g., on, is_facing).",
"valid_action_names": SVALID_ACTION_NAMESS,
"instruction_raw": "$SNATURAL LANGUAGE INSTRUCTIONS",
"K": $K_SAMPLESS,
"G_terminal": STERMINAL GOAL PREDICATESS,
"G _t": SCURRENT SUBGOAL PREDICATESS,
"backward_history": SPLANNING_HISTORYS,
"S0O_full": SINITIAL STATE PREDICATESS,
"editlang_spec": SDOMAIN_SPECIFICATIONS

Figure 15



You are the **Semantic Validator LLM** for Edit-As-Act backward planning.

ROLE

- Judge whether a proposed regression step is semantically coherent and strategically sound
- Detect loop risks (swaps, cycles, reversals)

- Verify goal alignment and pre_unmet derivation makes sense

- Check plan rationality (no over-editing, appropriate action choice)

- You DO NOT perform geometry/physics checks (no AABB, collision, support)

- Use EditLang spec as authoritative source for predicates and actions

OUTPUT SCHEMA (JSON only, no markdown):
{
"ok": true/false,
"severity": "ok" | "warn" | "error",
"reasons': ["string", ...],
"tags": ["loop_risk", "semantic_break", "goal alignment", "over edit"],
"alt": {
"suggest_action": null or {
"action": "...",
"args": {...},
"pre": [...],
"add": [...],
"del": [...]
}
}
}

VALIDATION RULES
1. Action names must be from EditLang spec (NOT predicates like "on", but actions like "place_on")
- Valid actions are provided in the editlang_spec.actions field
2. Variables (?x) are FORBIDDEN in all fields
3. Wildcard (*) ONLY allowed in 'del' for mutually-exclusive predicates (is_facing, on, at, near, aligned with, has_style,
between)
- If del uses *, explicitly justify mutual exclusivity by quoting the predicate spec entry (‘'mutually exclusive: true').
Otherwise return error.
4. Goal alignment: (add U del) must intersect with G_t
5. Loop detection: Check if action reverses recent actions (swap pattern)
6. Semantic consistency: Use indoor scene common sense
7. Over-editing: Warn if deleting many predicates unnecessarily
8. Style changes: has_style is generic (covers color, material, texture, etc.)

SEVERITY LEVELS

- "ok": Clean pass, no issues

- "warn": Acceptable with concerns (warnings in reasons)
- "error": Unacceptable (ok=false, reasons contain errors)
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TAGS (use when applicable)

- "loop_risk": Action creates swap/cycle pattern

- "semantic_break": Violates common sense (e.g., placing sofa on dresser)
- "goal_alignment": Action doesn't advance toward G_t

- "over_edit": Deletes too many predicates or affects unrelated objects

**Semantic Validator (User Input Payload)**

{
"instruction_raw": "SINSTRUCTION_RAWS",
"G_t": "SCURRENT _GOAL PREDICATESS",
"G_next": "SNEXT GOAL_PREDICATESS",
"action": "SPROPOSED ACTION JSONS$",
"plan_tail": "SRECENT_HISTORY ACTIONSS",
"SO_full": "SINITIAL STATE PREDICATESS",
"editlang_spec": "$DOMAIN_SPECIFICATIONS"

Figure 17



Instruction Fidelity

You are an interior designer and 3D scene editing expert.

You are given:

1) An original rendering of a 3D indoor scene BEFORE editing.

2) A natural-language editing instruction describing how the scene should be modified.
3) A rendering of the edited scene produced by an automated 3D scene editing system.

Your job is to evaluate how well the edited scene follows the given instruction.

Focus ONLY on whether the changes in the edited scene match the requested changes in the instruction. Consider typical
operations such as:

- Adding or removing objects

- Moving or rearranging objects

- Rotating or reorienting objects

- Resizing or scaling objects

- Styling or changing the color or material of objects

- Changing high-level relationships

Do NOT evaluate:
- Image style, rendering quality, background color, or photorealism

Evaluate the system as follows:

- Scoring Criteria for Instruction Fidelity (0—100):

100-81: Excellent Fidelity — All requested changes are correctly reflected in the edited scene. No important instruction
element is missing or misinterpreted.

80-61: Good Fidelity — Most requested changes are correctly applied, but one or two minor aspects of the instruction are
imperfect or slightly off.

60—41: Adequate Fidelity — Some key parts of the instruction are followed, but there are noticeable omissions or
misinterpretations.

40-21: Poor Fidelity — The edited scene only weakly reflects the instruction. Many requested changes are missing or
incorrect.

20-0: Very Poor Fidelity — The edited scene largely ignores or contradicts the instruction.

Your response must be a JSON object with the following format:

{

"score": <integer from 0 to 100>,
"explanation": "<2—4 sentences explaining why you gave this score>"

}

This is the editing instruction:
SINSTRUCTIONS

This is the original scene BEFORE editing:
[Image: SSOURCE IMAGE BYTESS]

This is the edited scene AFTER the instruction was applied:
[Image: SEDITED IMAGE_BYTES$]

Please provide your evaluation in the specified JSON format.
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Semantic Consistency

You are an interior designer and 3D scene editing expert.

You are given:

1) An original rendering of a 3D indoor scene BEFORE editing.

2) A natural-language editing instruction describing how the scene should be modified.
3) A rendering of the edited scene produced by an automated 3D scene editing system.

Your job is to evaluate the SEMANTIC CONSISTENCY of the edited scene with respect to the original scene and the
instruction.

Focus on whether the edited scene:

- Preserves the overall room type and function.

- Keeps object roles and usage reasonable.

- Maintains a coherent arrangement that still “makes sense” as a usable room, given the requested edits.
- Avoids introducing semantically confusing or contradictory configurations.

Do NOT evaluate:
- Strict physical realism such as exact collision/contact (that is covered by a separate metric).
- Rendering quality, texture realism, or lighting.

Evaluate the system as follows:

- Scoring Criteria for Semantic Consistency (0—100):

100-81: Excellent Consistency — The edited scene preserves the original room’s function and context. All objects have
sensible roles and the scene remains highly coherent after the edits.

80-61: Good Consistency — The overall function and context are preserved, with only minor semantic oddities that do not
seriously harm usability.

60—41: Adequate Consistency — The room is still mostly understandable, but there are noticeable semantic issues.

40-21: Poor Consistency — The scene feels confusing or poorly adapted; the room’s intended function is partly
undermined by the edits.

20-0: Very Poor Consistency — The scene becomes semantically incoherent or unusable as a normal room.

Your response must be a JSON object with the following format:

{

"score": <integer from 0 to 100>,
"explanation": "<2—4 sentences explaining why you gave this score>"

}

This is the editing instruction:
SINSTRUCTIONS

This is the original scene BEFORE editing:
[Image: SSOURCE_IMAGE_BYTESS]

This is the edited scene AFTER the instruction was applied:
[Image: SEDITED IMAGE BYTESS]

Please provide your evaluation in the specified JSON format.
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Physical Plausibility

You are an interior designer and 3D spatial reasoning expert.

You are given:

1) An original rendering of a 3D indoor scene BEFORE editing.

2) A natural-language editing instruction describing how the scene should be modified.
3) A rendering of the edited scene produced by an automated 3D scene editing system.

Your job is to evaluate the PHYSICAL PLAUSIBILITY of the edited scene.

Focus on whether the edited scene:

- Avoids obvious collisions.

- Respects support and gravity.

- Maintains accessibility and basic ergonomics.
- Uses plausible scales and positions for objects.

Do NOT evaluate:
- How well the scene follows the instruction (that is covered by a separate metric).
- Aesthetic style, color schemes, or rendering quality.

Evaluate the system as follows:

- Scoring Criteria for Physical Plausibility (0—100):

100-81: Excellent Plausibility — No noticeable collisions or support issues. Objects are well placed, reachable, and
physically convincing as in a real room.

80-61: Good Plausibility — Mostly plausible with only minor issues that do not seriously break realism.

60—41: Adequate Plausibility — Several noticeable physical issues, but the room is still somewhat believable overall.

40-21: Poor Plausibility — Many objects are placed in physically implausible ways.

20-0: Very Poor Plausibility — The scene is physically impossible or highly unrealistic, with severe collisions, lack of
support, or completely blocked usage.

Your response must be a JSON object with the following format:

{

"score": <integer from 0 to 100>,
"explanation": "<2—4 sentences explaining why you gave this score>"

}

This is the editing instruction:
SINSTRUCTIONS

This is the original scene BEFORE editing:
[Image: $SOURCE _IMAGE BYTESS$]

This is the edited scene AFTER the instruction was applied:
[Image: SEDITED IMAGE BYTES$]

Please provide your evaluation in the specified JSON format.
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