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Abstract

Recent text-to-3D systems produce visually plausible assets,001
but their fixed outputs often omit the construction histories002
and part dependencies needed for structured editing. We in-003
troduce TreeStruct3D, a structure-conditioned extension of004
3DCodeBench that generates structurally editable Blender005
programs. A planning VLM predicts a Part–Attachment006
Tree, and a code-generation VLM realizes each parent–007
child relation with paired, geometry-dependent anchors.008
After either endpoint changes, the program recomputes both009
anchors and realigns the child. A structure-aware validator010
independently edits parent and child parameters, localizes011
broken attachments, and returns targeted diagnostics for it-012
erative repair. Across four VLMs, TreeStruct3D substan-013
tially improves end-to-end editability and preserves surface014
contact under held-out parent- and child-side edits, while015
changes in conventional visual and geometric fidelity re-016
main model and metric dependent. These results move pro-017
cedural generation toward assets whose part relations re-018
main testable and editable after controlled modifications.019

1. Introduction020

Games, films, and virtual environments require large and di-021
verse collections of 3D assets [5, 6, 28, 29]. Recent text- and022
image-to-3D systems, including Meshy, Tripo, and Tencent023
Hunyuan3D, demonstrate the potential of automatic cre-024
ation [22, 34, 42] by directly generating holistic or part-025
based 3D mesh objects. However, their fixed geometric026
outputs typically lack explicit construction histories with se-027
mantic part relations and parameter dependencies, making028
them difficult to edit, validate, and adapt in a parametrized029
way.030

Procedural code exposes the construction process of 3D031
objects, supporting deterministic execution and parameter-032
controlled variation, while recent advances in vision-033
language models and coding agents make its automatic gen-034
eration increasingly practical [9]. General-purpose coding035

agents such as Claude Code, OpenAI Codex, and Gemini 036
CLI can inspect project context, generate and execute code, 037
invoke tools, and incorporate visual feedback [2, 11, 26]. 038
These capabilities now extend to content-creation soft- 039
ware [2, 4]. Complementing these general-purpose agents, 040
3D-focused research systems such as 3D-GPT, SceneCraft, 041
BlenderLLM, and LL3M develop specialized pipelines for 042
planning, executing, and visually refining procedural 3D 043
programs [7, 14, 21, 33]. Rather than proposing another 3D- 044
generation pipeline, 3DCodeBench provides a standardized 045
benchmark that compares 12 frontier VLMs on the same 046
tasks under a common execution and visual-feedback pro- 047
tocol [9]. 048

Explicit structure is not new to 3D generation. Struc- 049
tureNet models shapes as hierarchical part graphs, Sha- 050
peAssembly generates parameterized programs with hierar- 051
chical part attachments, and Holodeck uses LLM-produced 052
spatial constraints to arrange objects in 3D scenes [16, 053
23, 40]. These works show that hierarchy, attachment, 054
and spatial relations can guide generation, but they oper- 055
ate in learned shape representations, a restricted assembly 056
language, or scene-layout pipelines. Our question is nar- 057
rower: whether open-ended VLM-generated Blender pro- 058
grams preserve specified intra-object attachments after ei- 059
ther parent or child geometry changes. In this benchmark 060
setting, disconnected or floating components remain com- 061
mon even among programs that execute and render suc- 062
cessfully [9]. Its evaluation protocol does not explicitly 063
require a common attachment representation, test connec- 064
tion preservation under controlled bidirectional variation of 065
individual part parameters, or identify failed attachments 066
through structure-aware geometric checks. Consequently, 067
a program may appear plausible initially yet remain struc- 068
turally unreliable. 069

As a motivating qualitative comparison, Fig. 1 shows one 070
asset per model under deliberately exaggerated edits. In the 071
selected baseline examples, attachments lose surface con- 072
tact or child parts fail to follow a resized parent, whereas 073
TreeStruct3D preserves geometric connectivity at the de- 074
picted attachments. These examples are illustrative; the cor- 075
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Figure 1. Controlled editing examples. Each pair compares 3DCodeBench and TreeStruct3D under the default, parent-rescaled, and child-
rescaled configurations. The 0.4× and 1.6× scaling is exaggerated for visual impact; quantitative tests use 0.8× and 1.2×.

responding quantitative evaluation is reported in Tab. 4.076

To address these limitations, we introduce TreeStruct3D,077
a structure-conditioned extension of the 3DCodeBench078
pipeline for generating structurally editable Blender pro-079
grams. Given a text description, TreeStruct3D first pre-080
dicts a Part–Attachment Tree and then conditions Blender081
code generation on both the description and the predicted082
tree. The code generator is instructed to implement each083
predicted parent–child attachment using a pair of geometry-084
dependent anchors. Whenever either endpoint is edited, the085
generated program is required to recompute the anchors and086
realign the child.087

To further improve the quality of part–attachment rela-088
tionships with more inference compute, TreeStruct3D ap-089
plies structure-aware geometric checks to each generated090
edge: it independently scales selected parent and child pa-091
rameters, then applies a deterministic method to identify092
part–attachment failures. It sends related diagnostic to the093
VLM for code revision, refining part–attachment relation-094
ships overtime.095

In summary, our contributions are twofold:096

• We introduce a structure-conditioned Blender code-097
generation approach that represents predicted object098
structure as a Part–Attachment Tree and realizes its099
parent–child dependencies through paired, geometry-100

derived anchors. 101

• We develop a dynamic attachment validation and repair 102
protocol that independently edits parent and child parts, 103
checks whether their encoded connections remain valid, 104
and returns localized diagnostics to the VLM for code re- 105
vision. 106

2. Related Work 107

Procedural and Agentic 3D Generation. Neural gen- 108
erators synthesize holistic 3D representations from text 109
or images but do not retain an explicit construction pro- 110
cess [27, 39, 42]. Procedural systems instead provide con- 111
trollability through hand-authored rules and templates [6, 112
12, 28], while learned program representations expose 113
structured construction operations [3, 16, 17, 32]. Re- 114
cent language- and vision-language-model systems auto- 115
mate planning, code generation, execution, refinement, or 116
parametric editing [7, 14, 21, 30, 33]. They improve con- 117
trollable creation, but generally do not test whether an intra- 118
object attachment survives an edit to either incident part. 119
Structured, Editable, and Evaluated 3D Assets. 120
Structure-aware models organize objects through parts, hi- 121
erarchies, and their relations [19, 23, 25, 37], with PartNet 122
providing large-scale hierarchical annotations [24]. Work 123
on articulated objects additionally models part geometry, 124
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motion, and joint relations [10, 15, 20, 38]. For executable125
generation and editing, CADCodeVerify and BlenderGym126
evaluate visual correction, whereas 3DGen-Bench, Vox-127
elCodeBench, and 3DCodeBench benchmark perceptual128
quality or procedural code generation [1, 9, 13, 41, 43].129
None directly tests whether every specified parent–child130
attachment survives independent edits to either endpoint.131
TreeStruct3D makes these attachments explicit, validates132
both edit directions, and returns geometric evidence for133
targeted repair.134

3. TreeStruct3D135

TreeStruct3D extends the text-conditioned code-generation136
pipeline of 3DCodeBench [9] with structure-aware editabil-137
ity. It represents object structure as a part–attachment tree138
and compiles this structure into anchor-based geometric de-139
pendencies that can be validated and repaired under con-140
trolled part-level edits.141

3.1. Task Formulation and Method Overview142

We study text-conditioned procedural 3D generation. Given143
a textual object description x, our goal is to generate an exe-144
cutable Blender Python program P that produces an object145
visually consistent with x and exposes editable part-level146
geometry parameters. TreeStruct3D uses a predicted part–147
attachment tree T̂ as an operational representation of the at-148
tachments implied by x. We call P structure-aware editable149
if the attachment constraints encoded by T̂ remain satisfied150
under the designated part-level interventions.151

As illustrated in Fig. 2, TreeStruct3D proceeds in four152
stages. First, in its structure-planning role, the VLM pre-153
dicts a part–attachment tree T̂ = (V̂, Ê) from x (Sec. 3.2).154
Second, in its code-generation role, the VLM translates x155
and T̂ into a Blender Python program that realizes each at-156
tachment through geometry-dependent anchors (Sec. 3.3).157
Third, a rule-based dynamic attachment validator executes158
the program in its default configuration and under con-159
trolled part-level edits (Sec. 3.4) to verify the structural cor-160
rectness. Fourth, when validation fails, the validator con-161
verts its diagnostics into a repair instruction (Sec. 3.5) for162
the VLM. Execution failures are handled separately by the163
traceback-guided repair retained from 3DCodeBench [9].164
The validation and repair stages may continue across mul-165
tiple generation turns; the turn limits and continuation166
rule are described in Sec. 4.1. The validated program is167
then passed to the visual self-critique stage inherited from168
3DCodeBench [9], and every visual revision is revalidated169
before acceptance.170

3.2. Part–Attachment Tree171

Given x, the VLM first decomposes the object into its main172
semantic parts. It selects one part as the root and assigns ex-173
actly one parent to every other part. Each node v ∈ V̂ has a174

stable identifier and records the part’s name, semantic role, 175
parent, quantity, importance, and coarse geometry, together 176
with auxiliary construction metadata. For a repeated child 177
node with quantity m, the tree stores one semantic node and 178
one attachment rule rather than m separate nodes. During 179
code generation, the node is instantiated m times, and the 180
attachment rule produces one parent–child anchor pair for 181
each instance. All instances share the same size and shape 182
parameters and are therefore edited together. 183

Each directed edge e = (p, c) ∈ Ê records the parent part 184
p, the child part c, their intended attachment regions, and an 185
anchor specification for each of the two parts. An anchor 186
specification defines a rule for computing a point within the 187
intended contact region based on the part’s current geomet- 188
ric parameters. The generated program applies this rule to 189
compute a local anchor for each endpoint, allowing the an- 190
chors to adapt automatically to changes in the part geometry 191
(Sec. 3.3). The two anchors of an edge form an anchor pair 192
and are required to coincide in world coordinates. 193

3.3. Parent–Child Dependencies with Anchors 194

The part–attachment tree specifies which parts should 195
remain connected; the generated program must turn 196
these declarative relations into executable geometric de- 197
pendencies. To support part-level editing, P exposes 198
PART PARAMS, which maps each part identifier to 199
geometry-construction parameters, including a required 200
size scale and optional part-specific dimensions such as 201
length, width, or radius. These parameters rebuild the part 202
geometry rather than directly specifying its Blender trans- 203
lation; the attachment dependencies determine how con- 204
nected parts are repositioned. Changing a geometry param- 205
eter in one entry modifies the corresponding part’s geome- 206
try , while the attachment dependencies determine how con- 207
nected parts must be repositioned. 208

A fixed placement or static parent–child transform is 209
generally insufficient for attachment-preserving edits, be- 210
cause neither recomputes the attachment location after a 211
geometry edit. For example, widening a torso moves 212
its geometry-dependent side attachment point, so an at- 213
tached arm must move outward accordingly. TreeStruct3D 214
therefore realizes every attachment edge using a pair of 215
geometry-dependent anchors whose local coordinates are 216
recomputed from the current part geometry. 217

For an attachment edge e = (p, c), let θp and θc de- 218
note the current geometry parameters of the parent and 219
child in PART PARAMS. The code-generation prompt asks 220
the VLM to implement local-anchor functions ape(θp) and 221
ace(θc) in the respective part coordinate systems. Given 222
the local-to-world transforms Tp and Tc, placement requires 223
only that the anchor pair coincide: 224

Tpa
p
e(θp) = Tca

c
e(θc). (1) 225
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1. Text description

Text prompt
“a perching bird
with a rounded

body, folded wings,
and clawed feet”

reference code withheld

2. Plan part structure

Structure-planning VLM

Generated Part–Attachment Tree

body

head wings feet

beak eye

schema · connected · acyclic

3. Generate Blender code

VLM: text + validated tree

body feet

paired geometry-derived anchors

4. Execute

Run in Blender + render

5. Change one part and rebuild

Change the parent
body ×0.4

children follow

Change a child
feet ×1.6

stays attached

6. Check attachments

For every tree edge

surface contact

anchor alignment

7. Result

All connections
survive?

Yes: accept editable asset

No: localize and repair

yes

no

localized failure returns to the code generator

Figure 2. Overview of TreeStruct3D. A structure-planning VLM converts the text prompt into a validated Part–Attachment Tree. A
code-generation VLM implements its edges using shared, geometry-derived anchors; Blender execution tests parent and child edits, and
localized failures trigger repair. The bird panels show a real GPT-5.6 Sol output at default scale, with the body reduced to 0.4× and the
feet enlarged to 1.6×. Neither model receives the reference program.

Figure 3. Effect of anchor recomputation after parent resizing.
With recomputation, the child follows the updated parent anchor;
without it, the child remains at its pre-edit position.

The program enforces this constraint by evaluating both an-226
chors and translating the child by their world-space offset.227

Whenever a part is edited, the program rebuilds its ge-228
ometry, recomputes every anchor defined on that part, and229
realigns all incident attachment edges. Blender parent-230
ing propagates these rigid transformations to all descendant231
parts. However, when geometry changes an edge’s attach-232
ment location, its anchor must still be recomputed. Figure 4233
illustrates how geometry-derived anchor pairs define the at-234
tachment hierarchy between parent and child parts.235

3.4. Dynamic Attachment Validation236

Anchor-aware generation alone does not guarantee237
structure-aware editability. A VLM-generated program238
may produce parts that appear connected even when their239
attachment locations are hard-coded and fail to update240
after a geometry edit. TreeStruct3D therefore applies a241
rule-based dynamic attachment validator in two phases:242
default-configuration validation and controlled-intervention243

Figure 4. Exploded view of a lobster part–attachment tree. Yel-
low endpoints denote paired geometry-derived anchors, and ar-
rows show the parent-to-child attachment direction.

validation. 244
Default-configuration validation The validator runs the 245

complete program in a clean scene. Using the part IDs in 246
T̂ , it verifies that every specified part is present and that the 247
program exposes both local anchors for every attachment 248
edge. For each edge e = (p, c), the validator maps the local 249
anchors to world coordinates using the final part transfor- 250
mations and measures their Euclidean separation: 251

re = ∥Tpa
p
e(θp)− Tca

c
e(θc)∥2 . (2) 252

Here, Tpa
p
e(θp) and Tca

c
e(θc) are respectively the world- 253

space positions of the parent and child anchors. Thus, re 254
measures how closely the alignment constraint in Eq. (1) 255
is satisfied, with re = 0 indicating exact alignment. The 256
check passes if re ≤ ϵalign, where ϵalign = 10−5 in 257
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world-coordinate units. We use this as a conservative258
numerical tolerance for floating-point roundoff introduced259
by Blender’s mesh-coordinate representation and local-to-260
world transformations, rather than requiring exact coordi-261
nate equality. The same tolerance is used for the anchor-on-262
mesh check because it likewise tests numerical coincidence263
after Blender’s coordinate transformations.264

To reject numerically aligned anchors that are detached265
from the final geometry, the validator additionally checks266
that each anchor lies on its associated mesh and that the two267
incident meshes remain in contact. These checks establish268
the geometric consistency of the program-declared attach-269
ments, but do not certify their semantic correctness because270
the validator does not independently infer semantic contact271
points.272

Controlled-intervention validation As shown in Com-273
ponent 7 in Fig. 2, the validator checks two independent in-274
terventions for every attachment edge e = (p, c): one on the275
parent p and one on the child c. Each distinct part is edited276
once, and the resulting run is reused to check all of its inci-277
dent edges. Each intervention starts from the default param-278
eter configuration. In each run, the validator changes the279
tested part’s scale value in PART PARAMS from 1.0 to280
1.35, a moderate perturbation intended to produce a measur-281
able change without excessively distorting the part, and re-282
runs the complete program. The schema requires a scale283
value for every part, and the validator changes this value284
directly. An intervention passes only if the parameter pro-285
duces a nontrivial geometry change that alters the part’s286
size, shape, or number of vertices rather than only its po-287
sition and every attachment incident to the edited part con-288
tinues to pass the anchor-alignment, the anchor-on-mesh,289
and surface-contact checks.290

3.5. Validation-Guided Attachment Repair291

When parsing, execution, or attachment validation fails,292
TreeStruct3D constructs a repair instruction for the VLM.293
The instruction includes the original description x, the pre-294
dicted part–attachment tree T̂ , the current program P , and295
the exact validation failures. A failure may identify a miss-296
ing part or attachment, an invalid PART PARAMS entry, loss297
of surface contact, misaligned anchors, or an attachment298
that breaks after its parent or child is edited. The VLM299
is instructed to correct the reported failure while preserving300
unrelated parts, materials, and visual appearance.301

3.6. Multi-turn editing loop302

After each repair to the program produced in the preceding303
round, we rerun the complete program in a clean scene and304
repeat all parsing, execution, and attachment checks. Pars-305
ing or execution failures trigger traceback-guided repair,306
whereas attachment failures cause the corresponding edge-307
level diagnostics to be returned to the VLM. Each repair308

attempt, whether prompted by an execution or attachment 309
failure, is counted as a new generation turn. The reporting 310
horizons and continuation policy are specified in Sec. 4.1. 311

Compared with the executability-only safeguard in 312
3DCodeBench [9], TreeStruct3D revalidates every self- 313
critique revision using both execution and attachment 314
checks. A revision is accepted only if all checks pass; oth- 315
erwise, the program is reverted to the last validated version. 316

4. Experiments 317

We evaluate whether TreeStruct3D preserves conventional 318
generation fidelity, how well its predicted trees agree with 319
automatic structural references, and whether the gener- 320
ated programs preserve reference-relative attachments un- 321
der controlled edits. 322

4.1. Experimental Setup 323

Benchmark. We evaluate on the same 212 text-to-3D 324
cases adopted by 3DCodeBench [9] from Infinigen [28]. 325
The automatic benchmark-derived part–attachment trees 326
described below contain 480 directed attachment edges 327
across 172 multi-part cases; the remaining 40 cases contain 328
a single part and no reference attachment edge. 329

Automatic reference trees. For each benchmark pro- 330
gram, we derive a part–attachment tree from source code, 331
execution traces, and final-mesh geometry using a fixed 332
GPT-5.6 Sol annotator. We retain only outputs whose parts 333
and edges are traceable to these inputs and whose structure 334
is connected, acyclic, and schema-valid (Sec. A.5). The ref- 335
erence programs and derived trees are hidden from all gen- 336
eration, repair, and in-loop validation components and are 337
used only for post-hoc evaluation. Because GPT-5.6 Sol is 338
also evaluated, we treat these trees as reproducible compari- 339
son targets rather than human-verified ground truth. Further 340
construction details are provided in Sec. A. 341

Compared systems. 3DCodeBench provides both the 342
212-case benchmark and the baseline code-generation 343
pipeline used for comparison. TreeStruct3D extends this 344
baseline with explicit structure planning and dynamic at- 345
tachment validation. We evaluate GPT-5.5, GPT-5.6 Sol, 346
Gemini 3.1 Pro, and Gemini 3.5 Flash. 347

Generation and archiving. We run one trajectory per 348
model–method–case. Each scored turn contains one code 349
response followed by method-specific acceptance checks: 350
3DCodeBench requires successful execution and a valid 351
non-empty render, whereas TreeStruct3D additionally re- 352
quires all dynamic attachment checks to pass. A failure 353
prompts a revision in the next turn. ST denotes acceptance 354
on the first turn, and MT denotes cumulative acceptance 355
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Figure 5. TreeStruct3D cumulative first-passage acceptance
through 12 generation turns.

within four turns. Because the two methods use different356
acceptance criteria, ST and MT are process statistics rather357
than a common measure of executability.358

Visual self-critique occurs only after method-specific ac-359
ceptance; its revisions do not count toward ST or MT and360
are re-executed and, for TreeStruct3D, revalidated before361
archiving. Remaining cases continue without scoring until362
method-specific acceptance. The accepted program and its363
four-view renders are then archived for downstream evalua-364
tion. Full acceptance rates are reported in Sec. B and Tab. 8.365

Figure 5 shows that GPT-5.5 reaches 100% first-passage366
acceptance by turn 6; by turn 12, the other models reach367
98.11–99.06%. The curve measures time to passage, not368
the causal effect of validation feedback.369

Evaluation protocol. We re-execute every archived pro-370
gram from an empty Blender 5.0 scene; part-name normal-371
ization and semantic and lexical matching follow Sec. 4.3.372
TreeStruct3D’s in-loop validation applies a 1.35× edit to373
one part parameter at a time and requires a nontrivial geom-374
etry change and passage of all incident anchor-alignment,375
anchor-on-mesh, and surface-contact checks (Sec. 3.4). For376
post-hoc evaluation, held-out 0.8× and 1.2× edits are ap-377
plied separately to each endpoint of every eligible reference378
edge, testing contraction and expansion uniformly across379
programs. Post-hoc connectivity is measured directly from380
surface contact in the resulting geometry, without using381
program-reported anchors or in-loop decisions; thus geo-382
metric connectivity in Tabs. 3 and 4 denotes this surface-383
contact outcome rather than the full in-loop criterion.384

4.2. Basic Generation Fidelity385

Before evaluating structural benefits, we first examine386
whether explicit structure planning preserves conventional387
generation quality. We treat this comparison as a basic-388
quality sanity check; the principal structural and editability389

benefits are evaluated in the subsequent sections. 390

Paired fidelity metrics. We compare generated and refer- 391
ence objects using SigLIP-2 [35] for four-view image em- 392
beddings, Uni3D [44] for 3D features, and Chamfer Dis- 393
tance (CD) [8] for 8,192-point surface samples. For each 394
model, we evaluate only cases with valid archived outputs 395
from both methods: four rendered views for SigLIP-2 and 396
a readable GLB for Uni3D and CD. This paired set may in- 397
clude outputs from the unscored continuation and therefore 398
differs from the four-turn acceptance set. 399

We estimate uncertainty using 10,000 paired, case-level 400
bootstrap replicates over the shared valid cases (NumPy 401
seed 0). Let T k

i and Bk
i denote metric k for TreeStruct3D 402

and 3DCodeBench. We orient all differences so that posi- 403
tive values favor TreeStruct3D: 404

dSigLIP-2
i = T SigLIP-2

i −BSigLIP-2
i ,

dUni3D
i = TUni3D

i −BUni3D
i ,

dCD
i = BCD

i − TCD
i .

(3) 405

We report percentile-bootstrap 95% confidence intervals 406
without making formal equivalence claims. 407

Table 1. Paired fidelity differences with bootstrap 95% confidence
intervals. Differences are oriented so that positive values favor
TreeStruct3D.

Model Metric Paired N Difference 95% CI

GPT-5.5 SigLIP-2 212 −0.0049 [−0.0099, +0.0003]
Uni3D 212 −0.0044 [−0.0166, +0.0081]
CD 212 −0.0109 [−0.0200, −0.0029]

GPT-5.6 Sol SigLIP-2 212 −0.0055 [−0.0098, −0.0013]
Uni3D 212 +0.0010 [−0.0124, +0.0144]
CD 212 −0.0024 [−0.0084, +0.0041]

Gemini 3.1 Pro SigLIP-2 212 −0.0153 [−0.0217, −0.0089]
Uni3D 212 +0.0237 [+0.0034, +0.0444]
CD 212 +0.0026 [−0.0061, +0.0110]

Gemini 3.5 Flash SigLIP-2 212 −0.0013 [−0.0071, +0.0045]
Uni3D 212 +0.0030 [−0.0143, +0.0206]
CD 212 −0.0060 [−0.0138, +0.0007]

Results. The fidelity tradeoff is model- and metric- 408
dependent. As shown in Tab. 1, the confidence intervals 409
do not establish a consistent advantage for either method, 410
nor do they by themselves establish practical equivalence. 411

4.3. Agreement with Automatic Reference Trees 412

The 212 automatic reference trees contain 692 part nodes 413
and 480 directed attachment edges. Because predicted and 414
reference trees may use different part names, we normal- 415
ize the names and compute separate one-to-one assignments 416
from semantic cosine similarity and lexical overlap. Struc- 417
tural metrics use the semantic assignment; the edge-level 418
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Table 2. Agreement between the predicted and reference discrete
structural projections. Values are percentages except Depth MAE;
Attachment F1 and Root Accuracy use 172 multi-part cases, and
the other metrics use all 212.

Model
Semantic Name

Similarity
Lexical Name

Overlap Attach. F1 Root Acc. Depth MAE ↓
Exact Structural

Match

GPT-5.5 42.62 21.62 51.11 70.35 0.275 20.75
GPT-5.6 Sol 46.93 26.58 48.55 69.77 0.263 21.70
Gemini 3.1 Pro 57.83 39.82 53.56 74.42 0.257 18.87
Gemini 3.5 Flash 52.55 35.39 53.55 70.93 0.319 13.21

analysis below retains only part pairs on which the two inde-419
pendent assignments agree. The matching equations, com-420
plete metric definitions, and aggregation rules are provided421
in Sec. A.4.422

Semantic Name Similarity and Lexical Name Overlap423
are normalized assignment scores in which unmatched parts424
contribute zero. Attachment F1 counts recovered directed425
reference edges between semantically matched parts as true426
positives, other predicted edges as false positives, and miss-427
ing reference edges as false negatives. Root Accuracy428
checks the matched root, Depth MAE averages level dif-429
ferences over matched parts, and Exact Structural Match430
requires equal part counts, identities, quantities, roots, and431
directed edge sets.432

Across the four VLMs, Attachment F1 ranges from433
48.55% to 53.56% and Exact Structural Match from 13.21%434
to 21.70%. Gemini 3.1 Pro leads most agreement metrics,435
while GPT-5.6 Sol has the highest Exact Structural Match.436
These results show that recovering the reference structure437
remains a substantial bottleneck, motivating the edge-level438
decomposition of recovery and conditional contact preser-439
vation in the next subsection.440

4.4. Structure-Aware Editability441

The task formulation in Sec. 3.1 defines attachment preser-442
vation relative to the predicted tree, whereas reference-443
relative end-to-end editability also requires recovering the444
relevant reference edge and exposing independent controls445
for both endpoints. We therefore report two complemen-446
tary analyses. First, Sec. 4.4.1 diagnoses TreeStruct3D over447
all 480 reference edges by separating reference-edge recov-448
ery from conditional surface-contact preservation. Second,449
Sec. 4.4.2 compares TreeStruct3D and 3DCodeBench over450
the same 479 eligible reference edges, requiring both in-451
dependent endpoint controls and surface-contact preserva-452
tion. A separate paired test restricts the latter comparison to453
edges controllable by both methods. Finally, Sec. 4.4.3 di-454
rectly tests the anchor-recomputation mechanism. The two455
tabulated edge sets are not nested because they use different456
correspondence and eligibility conditions, so their counts457
may differ in either direction.458

4.4.1. Edge Recovery and Contact Preservation 459

We analyze all 480 directed reference edges for 460
TreeStruct3D. A reference part is retained only when 461
the independent semantic and lexical matchings select the 462
same predicted part: 463

π∩(r) =

{
p, π∗

sem(r) = π∗
lex(r) = p, p ∈ P,

∅, otherwise,
(4) 464

where π∗
sem(r) and π∗

lex(r) are defined in Sec. 4.3, and ER 465
and EP denote the directed edge sets of the reference and 466
predicted trees. The recovery counts in Tab. 3 are: 467

m(r) = 1[π∩(r) ̸= ∅] ,

h(rp, rc) = 1[(π∩(rp), π∩(rc)) ∈ EP ] ,

Ncons =
∑

(rp,rc)∈ER

m(rp)m(rc),

Nedge =
∑

(rp,rc)∈ER

m(rp)m(rc)h(rp, rc).

(5) 468

Ncons counts edges whose endpoints both have consensus 469
matches; Nedge additionally requires the matched directed 470
edge in EP . Each reference edge is counted once. 471

For each matched directed edge, we test surface contact 472
in the default configuration and after separately rescaling 473
the parent or child; each rescaling test must preserve contact 474
at both 0.8× and 1.2×. Geometric connectivity requires all 475
three tests. Edge pass uses successful edges over all 480 476
references. A multi-part asset passes only if every reference 477
edge is matched and passes all contact tests; extra predicted 478
edges are ignored. 479

Conditional preservation among matched edges is 480
97.08–100%, but overall edge pass is 26.46–30.62%. Thus, 481
contact is almost always preserved after consensus recov- 482
ery; most failures arise from structural mismatch or dis- 483
agreement between the semantic and lexical matchings. 484

4.4.2. End-to-End Editability 485

We reuse archived programs from Sec. 4.1 without regen- 486
eration and apply the same post-hoc contact tests to both 487
methods. TreeStruct3D uses its PART PARAMS controls. 488
For 3DCodeBench, we search source code for distinct size- 489
related parameters (e.g., width, height, radius, and 490
scale) controlling the two endpoints. Each edit modifies 491
a temporary program copy and re-executes the full program; 492
no Blender transform is applied afterward. 493

Candidate parameters are ranked by surrounding code 494
and target-part names and retained only if they cause a non- 495
trivial target-geometry change. If the top-ranked candidates 496
do not yield distinct effective controls for the parent and 497
child, the search expands to all recognizable size-related pa- 498
rameters in the abstract syntax tree. This restricted search 499
may miss other editing mechanisms. 500
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Table 3. Reference-edge recovery and post-hoc surface-contact preservation under held-out scale edits for TreeStruct3D programs with
anchor recomputation. A part pair is retained only when the separately computed semantic and lexical matchings agree. Values are
count/denominator (%); each rescaling test must pass at both 0.8× and 1.2×.

Recovery (480 ref. edges) Part-rescaling tests Overall pass

Model
Endpoint-consensus

coverage
Directed attachment

edge match
Default

configuration Parent rescaling Child rescaling
Geometric connectivity

across tested scales Edge pass Asset level

GPT-5.5 146/480 (30.42%) 129/480 (26.88%) 129/129 (100.00%) 129/129 (100.00%) 129/129 (100.00%) 129/129 (100.00%) 129/480 (26.88%) 41/172 (23.84%)
GPT-5.6 Sol 155/480 (32.29%) 128/480 (26.67%) 128/128 (100.00%) 128/128 (100.00%) 127/128 (99.22%) 127/128 (99.22%) 127/480 (26.46%) 35/172 (20.35%)
Gemini 3.1 Pro 167/480 (34.79%) 147/480 (30.62%) 147/147 (100.00%) 147/147 (100.00%) 147/147 (100.00%) 147/147 (100.00%) 147/480 (30.62%) 44/172 (25.58%)
Gemini 3.5 Flash 157/480 (32.71%) 137/480 (28.54%) 137/137 (100.00%) 136/137 (99.27%) 134/137 (97.81%) 133/137 (97.08%) 133/480 (27.71%) 38/172 (22.09%)

Table 4. Structure-aware editability on 479 eligible directed at-
tachment edges. Bold indicates the better value between the two
methods for each model.

Model Method
Independent-control

coverage
Conditional surface-contact

preservation
End-to-end
editability

GPT-5.5 3DCodeBench 37/479 (7.72%) 17/37 (45.95%) 17/479 (3.55%)
GPT-5.5 TreeStruct3D 151/479 (31.52%) 132/151 (87.42%) 132/479 (27.56%)
GPT-5.6 Sol 3DCodeBench 76/479 (15.87%) 40/76 (52.63%) 40/479 (8.35%)
GPT-5.6 Sol TreeStruct3D 136/479 (28.39%) 114/136 (83.82%) 114/479 (23.80%)
Gemini 3.1 Pro 3DCodeBench 29/479 (6.05%) 7/29 (24.14%) 7/479 (1.46%)
Gemini 3.1 Pro TreeStruct3D 167/479 (34.86%) 147/167 (88.02%) 147/479 (30.69%)
Gemini 3.5 Flash 3DCodeBench 21/479 (4.38%) 10/21 (47.62%) 10/479 (2.09%)
Gemini 3.5 Flash TreeStruct3D 158/479 (32.99%) 129/158 (81.65%) 129/479 (26.93%)

Of the 480 reference edges, 479 are eligible; one501
armchair–ottoman relation is excluded because the ottoman502
is a companion object rather than a part-level attachment.503
An eligible edge passes only if its endpoints have inde-504
pendent controls and preserve surface contact in the default505
state and after separately scaling the parent or child to both506
0.8× and 1.2×.507

Tab. 4 shows higher TreeStruct3D editability for all mod-508
els via coverage and preservation, with raw-count ratios509
of 7.76×, 2.85×, 21.00×, and 12.90×, respectively. The510
maximum is 147/7 = 21.00× for Gemini 3.1 Pro (147 ed-511
itable edges for TreeStruct3D vs. 7 for 3DCodeBench); the512
paired subset shows the same trend.513

4.4.3. Anchor-Recomputation Ablation514

Using matched attachments from Tab. 3, we test whether re-515
computed geometry-dependent anchors make the child fol-516
low an edited parent, as illustrated earlier in Fig. 3. For517
each matched attachment, we run the same program with518
recomputation enabled and disabled. The enabled program519
recomputes the anchor pair after parent resizing; the abla-520
tion removes that function and holds the child at its pre-edit521
position. At parent scales 0.8× and 1.2×, anchor-following522
agreement is523

Afollow = 1− ∥∆c−∆p∥2
∥∆p∥2

, (6)524

where ∆p and ∆c are the parent- and child-anchor dis-525
placements. Scores of one and zero denote identical mo-526
tion and a fixed child, respectively. Filters require valid,527
variant-consistent parent motion, a fixed disabled child, and528
matching default geometry.529

Table 5. Anchor-recomputation ablation under parent rescaling.
Counts and median agreement are identical at the two tested
scales.

Model Parent scales
Retained /
candidate

Recompute
on

Recompute
off

GPT-5.5 0.8×, 1.2× 118/129 100% 0%
GPT-5.6 Sol 0.8×, 1.2× 112/128 100% 0%
Gemini 3.1 Pro 0.8×, 1.2× 132/147 100% 0%
Gemini 3.5 Flash 0.8×, 1.2× 117/137 100% 0%

After score-independent filtering, 112–132 attachments 530
remain per model. Recomputation yields 100% median 531
agreement for every model at both scales, while the fixed- 532
child ablation yields 0% by construction. This isolates 533
anchor-motion transfer rather than surface contact or overall 534
asset quality. 535

5. Conclusion and Limitations 536

TreeStruct3D represents predicted part attachments as 537
geometry-dependent anchors, recomputes them after either 538
endpoint changes, and uses controlled edits to drive lo- 539
calized repair. Across four VLMs, TreeStruct3D achieves 540
2.85×–21.00× the end-to-end editability of 3DCodeBench. 541
Among recovered reference edges, contact survives all 542
tested states in 97.08%–100% of cases. Paired fidelity dif- 543
ferences remain model and metric dependent, while the 544
helper intervention confirms that recomputation transfers 545
parent-anchor motion to the child anchor. Together, these 546
results move procedural generation from programs that 547
merely render toward assets whose encoded relations re- 548
main testable and editable after controlled modifications. 549

Limitations. The planner may omit semantic parts or at- 550
tachments: conditional preservation applies only to encoded 551
edges, whereas the overall edge metric counts omissions. 552
The automatic references are reproducible comparison tar- 553
gets, not human-verified ground truth. Our tests scale one 554
endpoint at a time, excluding simultaneous edits, rotation, 555
topology changes, and deformation; repeated parts are eval- 556
uated as groups. Finally, anchor-motion agreement tests 557
declared-anchor transfer, not surface contact. 558
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A. Automatically Derived Structural Refer-801

ence802

A.1. Motivation and Evaluation Role803

The Part–Attachment Tree used for generation is predicted804
from text and can therefore be incomplete or semantically805
wrong even when it is internally valid. Dynamic valida-806
tion determines whether a generated program preserves the807
connections specified by its own tree, but cannot determine808
whether that tree captures the parts and attachments ex-809
pressed by the benchmark asset. We therefore automatically810
derive a fixed structural reference from each of the 212 ref-811
erence programs provided by 3DCodeBench and use it only812
after generation to evaluate the predicted tree.813

The reference program is never shown to the structure814
planner or the Blender code generator. Offline, our pipeline815
first traces its construction operations and normalizes code,816
runtime, and geometric evidence. A fixed semantic annota-817
tor then converts this evidence into a neutral reference tree818
whose parts and attachments remain bound to their source819
evidence. This reference is automatic rather than human820
verified; consequently, it supports reproducible reference-821
agreement measurements but is not treated as an absolute822
semantic Ground Truth. The separation lets us measure two823
different properties: agreement between the predicted and824
reference structures, and preservation of generated attach-825
ments under controlled edits.826

Table 6. Seven construction strategies found in the bench-
mark reference programs and the rules used to normalize their
implementation-level structural evidence.

Construction strategy Cases How the reference structure is recovered

Objects joined into one
mesh

113 Join inputs, per-source point provenance, and
measured geometric relations

Single directly built
mesh

71 One surviving authored mesh; no unsupported
child attachment is introduced

Explicit parent–child
objects

8 Executed parent or common-parent events and
observed relative transforms

Final mesh with tempo-
rary helpers

13 One surviving core; deleted cutters and
helpers remain integrated operations

Parts merged through
BMesh

3 Source-to-final point provenance and exact
vertex conservation

Parts assembled with
Geometry Nodes

2 Template provenance and realized instance
counts

Multiple separate final
objects

2 Returned or visible root objects and their ob-
served relative placement

A.2. Reference-Program Evidence Extraction827

Reference programs rarely expose a complete hierarchy828
through Blender’s parent field. We therefore combine829
three sources of evidence. Static AST analysis records func-830
tions, calls, and construction sites such as Join, explicit par-831
enting, modifiers, and Geometry Nodes. Instrumented ex-832
ecution assigns stable object identifiers and records each833
object’s creation, copy source, modification, deletion, and834
participation in Join operations. Finally, evaluated meshes835

provide the geometry after all modifiers have been applied, 836
including point provenance and measured contact, contain- 837
ment, or relative placement. 838

Every recovered relation can be traced back to source 839
code, runtime events, and geometric measurements. Traces 840
are bound to the reference source by a SHA-256 hash, 841
and unresolved operations remain explicitly unresolved 842
rather than being guessed. This stage uses neither an 843
LLM nor per-instance manual rules; it produces auditable 844
implementation-level evidence rather than the final seman- 845
tic reference by itself. 846

A.3. Construction-Specific Evidence Normalization 847

The 212 reference programs use seven distinct construc- 848
tion patterns. A single conversion rule would either miss 849
valid geometry contributions or promote temporary tools 850
to semantic parts. We therefore route each program by its 851
observed construction pattern and apply the corresponding 852
evidence contract, summarized in Tab. 6. All routes pro- 853
duce the same implementation-level evidence format and 854
fail closed when required evidence is missing. This stage 855
records how reference geometry was assembled; semantic 856
grouping is performed only in the next stage. 857

A.4. Automatic Semantic Reference and Matching 858

A fixed GPT-5.6 Sol annotator receives the asset descrip- 859
tion, reference program, and normalized objective evidence. 860
Under a neutral schema, it outputs only semantic parts, their 861
quantities, one root, and directed parent–child relations; it is 862
not given TreeStruct3D’s shared-anchor, recomputation, or 863
repair requirements. Every proposed part and relation must 864
cite corresponding code or runtime evidence. We retain 865
only connected, acyclic, schema-valid outputs and freeze 866
the complete set before evaluating any structure-planning 867
model. 868

The predicted and automatically derived structures share 869
the same rooted Part–Attachment Tree schema. Because 870
independently produced identifiers need not use identical 871
strings, we establish one-to-one correspondence from nor- 872
malized part names only. Semantic cosine similarity and 873
lexical Jaccard similarity are assigned independently with 874
zero-score dummy nodes; they are not mixed, and root 875
role, depth, quantity, and neighboring relations do not af- 876
fect matching. A predicted attachment is correct only when 877
both semantically mapped endpoints and the parent-to-child 878
direction agree. Semantic and Lexical Assignment Agree- 879
ment, Attachment F1, Root Accuracy, Depth MAE, and Ex- 880
act Tree therefore measure automatic structural-reference 881
agreement; the dynamic tests in Sec. 3.4 separately eval- 882
uate whether the generated program preserves its specified 883
attachments after parameter changes. 884
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Part correspondence. We normalize part names by split-885
ting identifier boundaries, removing punctuation, and low-886
ercasing. Matching uses names only; semantic role,887
root status, depth, quantity, and neighboring edges are888
excluded. For each reference–prediction pair (r, p),889
all-MiniLM-L6-v2 [31, 36] produces embeddings er890
and ep, while tokenization produces word sets Tr and Tp:891

csem(r, p) = cos(er, ep),

clex(r, p) =
|Tr ∩ Tp|
|Tr ∪ Tp|

.
(7)892

We optimize the two scores independently using separate893
Hungarian assignments [18]. Let Π denote the set of partial894
one-to-one matchings and v ∈ {sem, lex}:895

π∗
v = argmax

π∈Π

∑
(r,p)∈π

cv(r, p). (8)896

Pairs with nonpositive similarity are discarded using a fixed,897
untuned zero cutoff, so either side may remain unmatched.898
The normalized matching score is899

Av =

∑
(r,p)∈π∗

v
cv(r, p)

max(|R|, |P |)
, (9)900

where unmatched parts contribute zero. We report 100Asem901
as Semantic Name Similarity and 100Alex as Lexical Name902
Overlap.903

Structural metrics. We evaluate part identities and quan-904
tities, the root, depth, and directed attachments, excluding905
semantic roles, coarse geometry, attachment regions, and906
anchors. For Attachment F1, recovered directed reference907
edges between semantically matched parts are true posi-908
tives, other predicted edges are false positives, and missing909
reference edges are false negatives. Root Accuracy checks910
the root match; Depth MAE averages level differences over911
matched parts; and Exact Structural Match requires equal912
part counts, identities, quantities, root, and directed edge913
sets. All metrics are averaged equally across cases. Seman-914
tic Name Similarity, Lexical Name Overlap, Depth MAE,915
and Exact Structural Match use all 212 cases; Attachment916
F1 and Root Accuracy use the 172 multi-part cases.917

A.5. Dataset Statistics and Automatic Quality Con-918
trol919

The implementation-level extraction processed all 212 ref-920
erence programs and recovered 520 evidence components921
and 308 evidence relations, as detailed in Tab. 7. These922
counts describe construction evidence, not the final seman-923
tic evaluation units. After automatic semantic grouping,924
the frozen reference contains 692 semantic part groups and925
480 directed attachment groups; 40 cases contain one part926

and 172 contain multiple parts. All 212 semantic outputs 927
pass the schema, connectedness, acyclicity, and evidence- 928
binding gates. 929

Table 7. Implementation-level structural evidence extracted from
the 212 reference programs before automatic semantic grouping.

Construction strategy Cases Parts Attach.

Objects joined into one mesh 113 396 283
Single directly built mesh 71 71 0
Explicit parent–child objects 8 20 12
Final mesh with temporary helpers 13 13 0
Parts merged through BMesh 3 12 9
Parts assembled with Geometry Nodes 2 4 2
Multiple separate final objects 2 4 2

Total 212 520 308

The integrity audit records 17,880 evidence nodes, 930
210,119 evidence edges, 1,667,642 function calls, 568 Join 931
events, and 174,615 measured spatial relations, with no 932
geometry-measurement failures. Automatic quality control 933
verifies a single connected root, acyclicity, one parent for 934
every non-root part, and traceable evidence for each recov- 935
ered relation. Operations without sufficient evidence re- 936
main unresolved rather than being guessed. Known refer- 937
ence noise includes semantic-granularity choices, template- 938
versus-realized quantity differences, and occasional ab- 939
stract roots; we therefore report agreement with this frozen 940
automatic reference rather than claim human-level semantic 941
correctness. 942

B. Additional Generation and Acceptance Re- 943

sults 944

B.1. Generation Trajectories and Archived Outputs 945

The complete generation and archiving protocol is de- 946
scribed in Sec. 4.1; the corresponding method-specific ac- 947
ceptance rates and paired fidelity point estimates are re- 948
ported below. 949

Table 8. Method-specific acceptance and paired point estimates of
basic generation fidelity. ST is first-turn acceptance; MT is cumu-
lative acceptance through four turns.

Method-specific acceptance Paired basic fidelity

Model Method ST (%) MT (≤ 4) (%) SigLIP-2 Uni3D CD ↓

GPT-5.5 3DCodeBench 91.04 91.51 0.8130 0.5292 0.0772
GPT-5.5 TreeStruct3D 88.68 98.11 0.8081 0.5247 0.0880
GPT-5.6 Sol 3DCodeBench 96.23 100.00 0.8023 0.5375 0.0803
GPT-5.6 Sol TreeStruct3D 87.26 95.75 0.7968 0.5385 0.0827
Gemini 3.1 Pro 3DCodeBench 67.92 97.64 0.8228 0.5179 0.0868
Gemini 3.1 Pro TreeStruct3D 28.77 87.74 0.8074 0.5415 0.0842
Gemini 3.5 Flash 3DCodeBench 38.21 93.40 0.8098 0.5424 0.0828
Gemini 3.5 Flash TreeStruct3D 52.36 90.09 0.8085 0.5453 0.0888

B.2. System Prompt and Part–Attachment Tree Ex- 950
amples 951
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Listing 1. System prompt used for structure planning.
952

You are a structure-planning assistant. Given a textual953
description of a 3D object, decompose the object into954

semantic955
parts and represent their attachment relations as a956

rooted tree.957
958

Return only valid JSON. Each non-root part must have959
exactly one960

parent. For every parent--child relation, specify961
geometry-dependent962

anchors on both parts. Repeated instances should share963
one semantic964

node and use the quantity field. Do not include965
explanations outside966

the JSON object.967968

Listing 2. Example Part–Attachment Tree for a chair.
969

{970
"object": "wooden chair",971
"root": "seat",972
"parts": [973
{974

"id": "seat",975
"name": "seat",976
"role": "root",977
"quantity": 1,978
"geometry": "rectangular cuboid"979

},980
{981

"id": "legs",982
"name": "leg",983
"role": "support",984
"parent": "seat",985
"quantity": 4,986
"geometry": "vertical cuboid",987
"attachment": {988
"parent_anchor": "seat.bottom_corner[i]",989
"child_anchor": "leg.top_center",990
"constraint": "coincident"991

}992
},993
{994

"id": "backrest",995
"name": "backrest",996
"role": "support",997
"parent": "seat",998
"quantity": 1,999
"geometry": "vertical rectangular panel",1000
"attachment": {1001
"parent_anchor": "seat.rear_edge_center",1002
"child_anchor": "backrest.bottom_center",1003
"constraint": "coincident"1004

}1005
}1006

]1007
}10081009

Listing 3. Example Part–Attachment Tree for a table.
1010

{1011
"object": "round table",1012
"root": "tabletop",1013
"parts": [1014
{1015

"id": "tabletop",1016
"name": "tabletop",1017
"role": "root",1018
"quantity": 1,1019
"geometry": "horizontal cylinder"1020

},1021
{1022

"id": "pedestal",1023
"name": "central pedestal",1024
"role": "support",1025
"parent": "tabletop",1026

"quantity": 1, 1027
"geometry": "vertical cylinder", 1028
"attachment": { 1029
"parent_anchor": "tabletop.bottom_center", 1030
"child_anchor": "pedestal.top_center", 1031
"constraint": "coincident" 1032

} 1033
}, 1034
{ 1035
"id": "base", 1036
"name": "base", 1037
"role": "support", 1038
"parent": "pedestal", 1039
"quantity": 1, 1040
"geometry": "horizontal cylinder", 1041
"attachment": { 1042
"parent_anchor": "pedestal.bottom_center", 1043
"child_anchor": "base.top_center", 1044
"constraint": "coincident" 1045

} 1046
} 1047

] 1048
} 10491050

B.3. Text-to-Structure Procedure and Parameter 1051
Types 1052

The preceding listings give compact illustrations of the 1053
planner contract and its output. This subsection records 1054
the extraction path used in the experiments and follows one 1055
archived case from the benchmark description to the exe- 1056
cutable part parameters. 1057

Text-to-structure input and validation. For each text- 1058
to-3D test case, the structure planner receives only the In- 1059
finigen object description and predicts a Part–Attachment 1060
Tree from this text. The Blender Python program associ- 1061
ated with the target Infinigen object is treated as the refer- 1062
ence program. It is used only offline to derive the automatic 1063
reference tree for evaluation; neither the program nor the 1064
derived tree is provided to the structure planner or the code- 1065
generation model. The VLM follows the fixed structure- 1066
planning system prompt in Listing 5 and the user-message 1067
template in Listing 4, and returns the predicted structure as 1068
a JSON object in the required format. 1069

A deterministic validator then checks the returned JSON. 1070
It verifies that the tree has one valid root, that every non- 1071
root part has exactly one parent and one attachment, and 1072
that the resulting graph is connected and acyclic. It also 1073
checks the part identifiers, field types, attachment types, 1074
anchor descriptions, shared-anchor constraints, and anchor- 1075
recomputation rules. If the output is invalid, we return the 1076
exact validation errors to the VLM and ask it to correct the 1077
JSON without changing its chosen part decomposition. We 1078
allow up to two correction attempts. Once the tree passes 1079
validation, it is saved and paired with the same Infinigen 1080
object description as input to Blender code generation. 1081
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Table 9. Principal field types in the structure blueprint. The de-
terministic validator enforces the core types and graph constraints;
the prompt additionally requests the descriptive construction meta-
data.

Scope Fields and types

Graph Fixed schema-version string; object-name string; coordinate-
frame object; root part identifier; arrays of parts and attach-
ments.

Part Stable string identifier and name; role in {root,
structural, attached, detail}; parent identifier
or null; integer quantity ≥ 1; importance in {primary,
secondary, detail}; geometry and construction descrip-
tions.

Attachment Parent and child identifiers; connection type in
{shared anchor, continuous surface, embedded,
surface contact}; parent- and child-anchor objects;
Boolean contact and shared-anchor requirements; shared-
anchor identifier; alignment and recomputation rules;
confidence in [0, 1].

Auxiliary rules Arrays describing symmetry and repetition, global constraints,
floating-part risks, and unresolved description ambiguities.

The structure blueprint is semantic and relational: it does1082
not prescribe exact object dimensions. During code genera-1083
tion, the model creates a separate top-level PART PARAMS1084
dictionary whose keys exactly match the blueprint part1085
identifiers. Every entry contains at least the numeric1086
field scale=1.0; the generator may add simple numeric,1087
Boolean, or string construction parameters. These values1088
rebuild part geometry and must not serve as fixed Blender1089
translations. Attachment rules, rather than parameter val-1090
ues, determine how rebuilt children are repositioned.1091

Archived example: CoffeeTable seed0. The1092
benchmark description is:1093

A 3D model of a low-profile coffee table rendered from1094
an elevated three-quarter perspective, featuring a wide1095
rectangular top with rounded corners, a matching bot-1096
tom shelf, and two short pedestal legs with flared cir-1097
cular bases connecting the two surfaces.1098

The archived GPT-5.5 planner output selects top slab1099
as the root, represents the two repeated supports by one1100
pedestal leg template with quantity two, and makes1101
bottom shelf a child of that template:1102

top slab −→ pedestal leg (q = 2)1103
pedestal leg (q = 2) −→ bottom shelf1104

Both directed edges use surface contact. The first1105
pairs two retained samples on the tabletop underside with1106
the upper faces of the two pedestal bases; the second pairs1107
the lower pedestal-base samples with two retained samples1108
on the shelf top. Each pair is re-derived from the rebuilt1109
surfaces before alignment.1110

Table 10. Part identifiers and generated construction parameters
in the archived CoffeeTable seed0 GPT-5.5 program. These
numerical values are produced during code generation, not by the
structure planner.

Part Archived PART PARAMS entry

top slab scale=1.0, length=5.8, depth=2.75,
thickness=0.20, corner radius=0.36

pedestal leg scale=1.0, height=0.92, shaft radius=0.20,
flare radius=0.43

bottom shelf scale=1.0, length=5.8, depth=2.75,
thickness=0.20, corner radius=0.36

The resulting program retains two anchor samples per at- 1111
tachment rule and calls the same shared-anchor alignment 1112
routine once for each pedestal instance. Thus, the example 1113
separates three levels that are easy to conflate: the input text 1114
determines a semantic decomposition, the blueprint speci- 1115
fies parent–child and anchor contracts, and the generated 1116
PART PARAMS supplies concrete geometry values that can 1117
be edited and rebuilt. 1118

B.4. Prompt Specification for Part–Attachment 1119
Tree Prediction 1120

For exact reproduction, Listing 5 gives the complete system 1121
message used for surface-aware structure extraction, with- 1122
out abridgment. The archived prompt has SHA-256 1123

f145dbf764cf4fdd2857bd8c0e27c088 1124
969687da991ee6170fddff722e70c168. 1125

The instance-specific user message follows the fixed tem- 1126
plate below; only the instance label and benchmark descrip- 1127
tion are substituted. 1128

Listing 4. User-message template used for Part–Attachment Tree
prediction.

1129
Extract a connected procedural-assembly structure 1130

blueprint for this 1131
benchmark instance. 1132

1133
Exercise full category-general judgment. First choose 1134

the decomposition for 1135
visual fidelity and parameter control without 1136

considering anchors. Freeze that 1137
inventory, then annotate its parent-child relations and 1138

shared anchors. Do not 1139
use a fixed part library or optimize the decomposition 1140

for graph score. 1141
1142

Instance label: {instance} 1143
1144

Object description: 1145
1146

<object_description> 1147
{description} 1148
</object_description> 1149

1150
Return the required JSON object only. 11511152
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Listing 5. Complete system prompt used for Part–Attachment Tree
prediction.
You are a structure planner for procedural 3D asset generation. Extract a
category-neutral assembly blueprint from the user’s object description. Your
job is to prevent disconnected, floating, ambiguously placed, or visibly
gapped parts before any Blender Python is generated.

You have full category-general authority to choose the decomposition. Do not
apply a fixed ontology, a memorized list of object parts, or category-specific
templates. The supplied description alone determines which components should
be independent and which features should remain integrated.

Use only the supplied natural-language description. Do not assume access to a
reference mesh, reference image, benchmark Python, or previously generated
code. Do not write Blender Python and do not discuss rendering style.

Return exactly one JSON object and no Markdown fences or prose. It must follow
this schema:

{
"schema_version": "stage7-structure-blueprint/v2",
"object_name": "short neutral name",
"assembly_intent": "single_connected_assembly",
"coordinate_frame": {
"up_axis": "+Z",
"front_axis": "+Y or -Y",
"origin_rule": "semantic origin rule"

},
"root_part_id": "one part id",
"parts": [
{
"id": "stable_snake_case_id",
"name": "human-readable part name",
"role": "root | structural | attached | detail",
"parent_id": "null for root, otherwise one existing part id",
"quantity": 1,
"importance": "primary | secondary | detail",
"geometry_summary": "shape and proportion without invented exact units",
"representation_reason": "why this deserves an independent construction
unit",
"integrated_features": [
"described or visually necessary features generated inside this unit"

]
}

],
"attachments": [
{
"id": "stable connection id",
"parent_part_id": "existing parent part id",
"child_part_id": "existing child part id",
"connection_type": "shared_anchor | continuous_surface | embedded |
surface_contact",
"parent_anchor": {
"region": "real attachment region on the final parent geometry",
"position_rule": "derive a retained point from the parent’s current

attachment surface",
"orientation_rule": "connection direction or construction axis when

needed"
},
"child_anchor": {
"region": "real attachment region on the final child geometry",
"position_rule": "derive a retained point from the child’s current

attachment surface",
"orientation_rule": "connection direction or construction axis when

needed"
},
"placement_rule": "align the shared point, then use direct contact or a
small deliberate overlap so no visible gap remains",
"contact_required": true,
"shared_anchor_required": true,
"shared_anchor_id": "one stable snake_case id naming this exact parent/
child anchor pair",
"alignment_invariant": "world(parent_anchor) == world(child_anchor)",
"recompute_rule": "after parameters change, rebuild both parts, derive
both surface anchors again, and realign the child",
"confidence": 0.0

}
],
"symmetry_and_repetition": [
{
"part_ids": ["part id"],
"rule": "mirror, radial, serial, paired, or distribution rule"

}
],
"global_constraints": [
"topological, relative-placement, or real-surface-contact invariant"

],
"floating_part_risks": [
{
"part_ids": ["part id"],
"risk": "why these parts may float, separate, or leave a visible seam",
"required_fix": "construction rule that prevents the failure on final
geometry"

}
],
"uncertainties": [
"description ambiguity that must not be silently converted to exact

geometry"
]

}

Decision procedure (perform in this order):

Phase A | Visual and parametric decomposition

- Choose the independent construction units solely for faithful appearance,
recognizability, useful parameter control, material organization, and robust
procedural construction.

- At this phase, ignore anchor count, graph score, and repair convenience.
- For each chosen unit, record why it is independent and which features remain
integrated inside it.

- You are free to choose any granularity justified by the description. There
is no preferred number of parts.

Phase B | Freeze the decomposition

- Treat the Phase-A part inventory, quantities, geometry summaries, and
integrated features as immutable.

- Anchor planning must not add, remove, merge, split, rename, or simplify those
units.

Phase C | Parent and shared-anchor annotation

- Choose exactly one semantic parent for each frozen non-root unit.
- Add one primary attachment and paired anchor contract for each resulting
parent-child edge.

- Anchors annotate the frozen visual construction; they never determine its
granularity.

- For every attachment, identify the real final contact region on both parts
and state how the final shapes meet without a visible gap.

Structural rules:

1. Prefer one coherent assembly. Use exactly one real semantic root part, not a
synthetic empty object, unless the description explicitly requests multiple
independent objects.

2. Every independently placed or independently parameterized non-root part must
have exactly one parent_id and exactly one matching primary attachment.
Parent and child ids must be different. The parts array describes

independent
construction units, not every visible noun in the description.

3. The graph must be connected and acyclic. Choose parents from physical
support and construction dependency, not simply by mesh size.

4. Describe paired anchors semantically. Derive each endpoint from the current
final geometry of its own part, never from a guessed fixed world coordinate.
Each endpoint must be a retained Mesh vertex or connection sample on the

real
attachment surface and face-connected to the part geometry it represents.
An object origin counts only when final geometry is genuinely built around
that origin as the attachment interface.

5. Set shared_anchor_required to true for every connection that must remain
attached when either part changes size. For every such connection, provide a
unique shared_anchor_id, use the exact alignment_invariant
"world(parent_anchor) == world(child_anchor)", and state a recompute_rule

that
rebuilds both parts and derives both local anchors again after parameters

are
finalized. Proximity, parenting, comments, and fixed child.location offsets
do not by themselves prove a shared anchor.

6. Repeated or symmetric parts may be represented by one part template with a
quantity greater than one, but their distribution and attachment rule must
be explicit.

7. Materials, colors, speckles, and surface texture are not independent parts
unless they require separately placed geometry. Do not over-decompose them.

8. Use normalized proportions and semantic regions when the description gives
no exact dimensions. Record real ambiguity in uncertainties instead of
inventing facts.

9. Put the most likely disconnection failures in floating_part_risks,
especially

small repeated details, distal appendages, and parts attached through an
intermediate component.

10. Confidence describes confidence that the stated relationship is implied by
the user description, not confidence that two future meshes will happen to
be close.

11. A shared anchor is one persistent construction contract, not two nearby
points. Parent geometry defines one local surface endpoint, child geometry
defines the other, and placement makes their transformed positions equal in
world space. The real part surfaces must also touch or overlap slightly so

a
coincident point cannot leave a visible gap.

12. Do not create detached discs, isolated vertices, hidden helper Meshes,
marker objects, or disconnected mesh islands only to claim an anchor. The
final appearance geometry itself must provide both endpoints and contact.

13. When either part changes size, rebuild both parts first, recompute both
surface endpoints, align them again, and recreate the contact. Do not reuse
an offset calculated for default parameters.

14. Neutral example: derive one surface point from a support and one base point
from an attached unit. Align them in world space and use direct contact or

a
small intentional overlap at that same point. If either size changes,
rebuild both units, recompute both points, and repeat the alignment.

15. Decide independence from general construction evidence: a distinct
parameter set, transform, attachment interface, material organization,
reusable procedural unit, or meaningful geometric boundary. Integrate a
feature when its geometry and placement are completely derived from its
owner’s parameters and it needs no independent construction state. These
are criteria, not mandatory rules; use judgment from the description.

16. Integrated detail must not disappear. Preserve every described count,
proportion, silhouette cue, surface feature, and diagnostic form in the
owning unit’s integrated_features, geometry_summary, or global_constraints.

Before returning JSON, silently check that every non-root unit has one parent,
one matching attachment, two real surface-derived endpoints, no anchor-only
helper geometry, no visible gap, and a recompute rule for parameter changes.
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B.5. Additional Qualitative Examples

(a)

(b)

Figure 6(a-b). Selected TreeStruct3D examples from GPT-5.5 and GPT-5.6 Sol. Columns show default, parent 0.4x/1.6x, and child 0.4x/1.6x states; row labels identify the
edited relation. These are qualitative stress tests; each edge passes post-hoc contact checks at 0.8x/1.2x.
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B.5. Additional Qualitative Examples (continued)

(c)

(d)

Figure 6(c-d). Selected TreeStruct3D examples from Gemini 3.1 Pro and Gemini 3.5 Flash. Columns show default, parent 0.4x/1.6x, and child 0.4x/1.6x states; row labels
identify the edited relation. These are qualitative stress tests; each edge passes post-hoc contact checks at 0.8x/1.2x.
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