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3D editing methods are usually tested on a single edit, yet an asset is built through a long sequence
of revisions, each of which must implement the requested change while leaving everything else
unchanged. We introduce EditHero, to our knowledge the first benchmark for long-horizon, part-
level 3D editing, with natural-language instructions and target images for both geometry and texture.
A deterministic assembly engine produces the exact target after every edit, and every sequence is
reviewed by hand. We use EditHero to compare 2 opposite approaches to 3D editing. Non-agentic
methods operate top down, regenerating the object from a learned 3D representation and inferring
what to keep. In contrast, LLM/VLM agents operate bottom up, editing through code that inspects
the mesh and rewrites only the parts required by instructions. The non-agentic methods often miss
the requested change and disturb regions that should stay fixed. Most LLMs follow instructions
more closely, and all of them preserve the unedited parts better, but each of their edits takes minutes.
We will release the engine and the edit sequences to support research on reliable iterative 3D editing.
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Figure 1 Editing is a sequence. The figurine goes through 5 edits, and every turn has to keep what the earlier turns built.
It gains sunglasses (t1), loses its cap (t2), turns brown-haired (t3), changes its outfit (t4) and finally puts on a witch hat
(t5). The 2 plinths show 2 ways of getting there. A traditional, non-agentic method regenerates the whole figurine at
every turn, so parts nobody asked to change can drift. An agentic method rewrites only the named part through code,
which keeps the rest fixed, although the new parts come out simpler. Can either meet the demands of asset production,
and how can we reach vibe modeling?
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1 Introduction

A 3D artist rarely makes one edit and stops. Assets in art and game production evolve through successive
editing and revisions: each turn of modification changes part of the current asset while preserving earlier
work. The same expectation underlies the recent concept of “vibe modeling”, in which users shape assets
through an iterative natural-language conversation [183, 213, 36]. Yet text- and image-guided 3D editing
methods [98, 215, 198, 192] are typically evaluated on a single edit from a clean source. It remains unclear
whether they can edit their own outputs repeatedly without losing earlier changes or degrading the asset.

Evaluating this ability requires a reference after every turn. Existing paired datasets [198, 215, 192] only
provide isolated edits. Their targets come from either learned editing models or changes to poses and
semantic parts. Neither design can tell us whether a method preserves earlier changes across a sequence of
instructions.

We introduce EditHero, a benchmark of part-level edit chains with exact ground truth (Figure 2). The benchmark
is built with the help of a data engine, which assembles library parts onto segmented host objects with 4
operations (add, remove, replace and retexture) and records every operation in a JSON file. Each entry is a
single atomic operation, so replaying the file with the part library rebuilds the exact state after any turn.
After human review, EditHero contains 457 chains and 2755 edits across 252 objects, with up to 30 turns per
chain (Section 3).

We test 2 families of methods on this long-horizon 3D editing task, and they approach an edit in opposite
ways. Non-agentic methods work top down. They regenerate the edited object from a learned 3D
representation, such as the latents of a diffusion model, so every turn changes every corner of the asset,
more or less. In contrast, LLM/VLM agents work bottom up. An LLM or VLM inspects the current mesh
and writes code that changes only the named part. This keeps everything else untouched by construction
and forces every new part to be built from primitives. We compare 4 non-agentic methods [192, 215, 198, 98]
with 6 LLM/VLM agents under a self-rollout protocol (Section 4), in which every edit starts from the
method’s own previous output. We also design 2 metrics to measure the differences between these methods,
including instruction following (IF) inside the edit region and content consistency (CC) outside it.

The results indicate that agentic methods have superior editing ability. The non-agentic methods often miss
the requested change as early as the first turn, and errors accumulate along a chain. The colors of their
results also shift away from the target. The agents behave differently. Most agents follow instructions more
closely than non-agentic methods, and all agents keep the untouched parts better. However, the agents’
speed is not so satisfying, as a single edit takes minutes rather than seconds (Sections 5 and 5.4). Our
contributions are:

• Generation engine. We construct a data synthesis engine that produces part-level edit chains with an exact
target after every turn.

• Benchmark. We propose EditHero, a human-reviewed benchmark for long-horizon part-level 3D editing.

• Evaluation framework. We evaluate 4 non-agentic methods and 6 LLM/VLM agents under self-rollout,
with region-specific measures of instruction following and preservation.

2 RelatedWork

3D editing. 3D editing has followed the available generative models. Early methods optimized a NeRF or
a Gaussian splat under a 2D diffusion prior [61, 28, 22], and later ones edit rendered views or an image
and then reconstruct the object [7, 66]. Part-level and sketch-based methods let a user refine an object
step by step [41, 157, 94, 97]. Native 3D generators such as TRELLIS [199] made it possible to edit a 3D
latent directly. Methods trained on paired edits feed the source latent to the generator through an added
branch, much as ControlNet [233] conditions an image model. PartFlow [192] adds a source-control branch,
and 3DEditFormer [198] uses dual-guidance attention. Training-free methods reuse a pretrained generator
instead. VoxHammer [98] inverts the source and reuses its cached latents and attention features in the
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preserved region, and Nano3D [215] follows the difference between the source-conditioned and target-
conditioned flows, using the FlowEdit formulation [89]. We evaluate PartFlow, 3DEditFormer, VoxHammer
and Nano3D as representatives. Each was proposed and evaluated for one edit at a time, and each uses
generative latents to synthesize edited content. EditHero instead asks them to keep editing their own output,
as an artist would, and measures what regeneration does to the parts not required by any instruction.
Appendix A describes these methods in more detail and lists the others.

3D editing benchmarks. Most text- and image-guided 3D editing benchmarks score one instruction at a time.
Some pair a source asset with a target asset, obtained through image-guided generation [198, 215, 126]
or pose and part changes [198, 192, 145]. Others have no target asset and score region preservation and
alignment to an edited image instead [98, 250, 53, 135], and scene-level benchmarks follow the same
pattern [143, 115, 252]. The closest multi-step settings are agent benchmarks such as BlenderGym [58] and
3DCodeBench [52], which let an agent iterate toward one fixed goal. EZBlender [177] instead bundles
several edits into one prompt. To our knowledge, EditHero is the first benchmark to evaluate different
natural-language part edits in sequence on one asset, with an exact 3D reference after every turn (Appendix
Table 4).

LLM/VLM agents for 3D generation and editing. LLM agents can modify 3D assets through code. They write
programs or call tools to build scenes [166, 207] and edit Blender scenes from renders [69, 121]. Related
systems generate objects and CAD programs [35, 83, 155]. Recent systems treat the program itself as the
asset and revise it under visual feedback [109, 137, 183], aiming to keep edits local and preserve the rest of
the state. Our data engine also records edits as operations that can be replayed to reconstruct each state.
We evaluate such agents on the mesh, turn by turn and with the same metrics as the non-agentic methods
(Section 5.4).

3 Benchmark Construction

Task. We hope to do multi-turn editing starting from a textured, part-segmented host object S0 with text or
image conditions. We define 4 operations, add, remove, replace and retexture (we even think that add and
remove alone would be enough). Each turn specifies one operation on a part through a text instruction and
a fixed-view render of the target state. An add attaches a part to a free contact face, and a remove deletes a
named part, which may consist of several pieces. A replace swaps a named part for another at the same
location, while a retexture changes how a part looks without touching its geometry. All other parts should
remain unchanged. After each turn, the method returns a 3D object that becomes its input at the next turn.
Text instructions may refer to earlier edits. For example, a part added at one turn can be removed a few
turns later, so a method may want to keep track of what it has already built.

Exact ground truth by construction. Evaluating a chain requires a reliable target at every turn. Some existing
paired datasets obtain their targets from image-guided generative pipelines [198, 215], and such a target can
itself contain changes nobody asked for. We instead assemble each target from parts, much as CLEVR and
Kubric generate their scenes programmatically [79, 57]. For an addition or replacement, the engine retrieves
caption-matched parts from a library based on PartVerse-XL [40]. It then screens the candidates with a
vision-language model (VLM) and tests their placement for contact, scale, connectivity, and interpenetration.
Removal deletes the part occupying a named slot. For a retexture, the engine renders the slot and restyles
the render with an image editing model (Qwen-Image-Edit [193]). The texturing module of TRELLIS.2 [200]
then textures the unchanged slot geometry from the restyled image. Each chain is stored as a JSON file that
logs every accepted operation with its library part, pose and texture. Together with the part library, the log
rebuilds any state Sk exactly and records what changed at each turn.

Human review. Reviewers inspected renders of every turn for incorrect parts, orientation, placement, scale,
ambiguous instructions, and broken dependencies. They corrected flagged cases by editing the logged
operations and rebuilding the affected turns. They also rewrote instructions drafted from part captions to
describe the intended part, position, and orientation clearly. Appendix B describes the engine, the chain
format and the review procedure.

Statistics. EditHero contains 457 chains and 2755 edits across 252 hosts (Figure 3). Chains have 3 to 30
turns, with a median of 6, and the median instruction is 17 words long. Six families group chains by their
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(a) Host and part library
Slots

Candidates from library

(b) One turn of the assembly engine
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• S2
op: add
on: doll head
part: rabbit
pose: 4×4
• S3
...

Instruction
Add a gray rabbit
with long ears,
crouching, on the
head of the yellow
kokeshi doll.

(c) Rebuild every state from the operation log
S0

host

S1
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Figure 2 Constructing EditHero. (a) A host object is divided into named slots, and candidate parts are drawn from a
captioned library. (b) The addition shown illustrates edit selection, part retrieval, visual screening and placement checks.
Each accepted edit is recorded in the chain log, and reviewers refine the drafted instructions. (c) With the part library,
the log rebuilds the exact target of any turn. A method under test never sees the log. It receives the instruction and
the target render of each turn. The example combines recorded turns from 4 chains on the same host; all images are
renders. Colors indicate the 4 edit operations.

allowed operations. Removal (R), replacement (P), and material (M) chains contain only their respective
operations. Addition (A) chains primarily add parts. Geometry (G) chains combine additions, removals,
and replacements, while geometry-and-material (X) chains also include retexturing. Appendix Table 4
compares EditHero with existing benchmarks.

4 Evaluation Protocol

Setting. We evaluate the editing methods under self-rollout, in which turn k takes the method’s own output
from turn k − 1 as input. At each turn a method receives its current state, the instruction and the target
render, and VoxHammer also receives a ground-truth edit mask. Ground-truth states are used only for
scoring. All states of a chain share one coordinate frame and 4 fixed camera views, 1 conditioning view and
3 held-out views. Image metrics are averaged over the 4 views, and Appendix L reports the conditioning
view and the held-out views separately. Scores are averaged over the turns a method completes. Appendix C
provides details.

Design of metrics. Previous 3D editing evaluations follow 2 designs. When a target asset exists, they
compare the edited object with it as a whole, using Chamfer distance, normal consistency, F-score and
image similarity of the renders [198, 192, 126, 145]. Without a target asset, they measure how well the
unedited region keeps the source object and judge the edit by its similarity to an edited image or to the
text [98, 215, 250, 53, 135, 143]. Both designs score a single edit applied to a clean source object. In our
chains, the input to each turn is the method’s own previous output, and every turn still has an exact target.
Whole-object F-score can be a poor indicator of editing ability. Because each turn changes only a small
region, simply returning the input already yields a high score. We therefore evaluate the edit region and the
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Figure 3 EditHero statistics. The benchmark contains 457 chains, 2755 edits, and 252 hosts. (a) Edits by chain family and
operation. (b) Chain lengths, with lengths 19 and above pooled. (c) Share of each operation by turn index, with turns 10
and above pooled. (d) Host categories.

unchanged region separately. In addition, under self-rollout the method’s own states drift from the ground
truth starting from the first turn. To isolate the effect of the current edit, we compare each output against
the method’s own previous output rather than against the ground-truth previous state.

Two reference baselines. We use 2 baselines as reference points at opposite ends. The no-operation (no-op)
baseline returns the initial object S0 at every turn. It keeps everything and edits nothing, so a metric on
which it scores well rewards preservation rather than editing. The regeneration baseline runs TRELLIS [199]
on the target render of each turn, without the instruction or any previous state, and aligns the result to the
ground-truth state of that turn by a similarity transform. It sees the target at every turn but keeps nothing
from the previous output. A good editor should follow instructions better than the no-op baseline and keep
the unedited parts better than regeneration. We also use the no-op baseline to check every metric, because a
metric on which doing nothing scores well cannot measure editing.

Regions and region-restrictedmetrics. We define the edit region from the parts named by the instruction in
the ground-truth states before and after turn k. Its complement is the unchanged region. Let Mk denote
these parts and S[Mk] their geometry in state S, empty if they are absent. The union of their regions before
and after the edit covers additions, removals, replacements, and retextures under one definition.

For 3D evaluation, let V(·) voxelize a surface in the chain’s grid G = {0, . . . , 63}3, and let D(·) dilate a set
by one cell, clamped to the grid. We define

Ek = D(V(Sk−1[Mk]) ∪ V(Sk[Mk])) , Uk = G \ Ek. (1)

For a fixed camera view, let Πv(S;Mk) be the depth-tested projection of the named parts, excluding pixels
occluded by other geometry. With one-pixel dilation over the image domain Ω, the corresponding regions
are

Ev
k = D(Πv(Sk−1;Mk) ∪ Πv(Sk;Mk)) , Uv

k = Ω \ Ev
k . (2)

These regions depend on part identity rather than image or voxel differences. Thus, lighting changes and
retextures do not redefine where an edit is allowed, while unintended changes outside the named parts fall
in the unchanged region. We then write mR(·, ·) for a metric evaluated only in region R of Eq. (1) or (2). For
3D states X and Y, for example,

IoUR(X, Y) =
|V(X) ∩ V(Y) ∩ R|
|(V(X) ∪ V(Y)) ∩ R| . (3)

Surface samples are assigned to regions by their voxels, and image metrics aggregate per-pixel values within
the specified region. We also evaluate the whole object by setting R = G or R = Ω. We compare each output
Ŝk with its target Sk in the edit region, the unchanged region and the whole object, using the fixed-view
renders for the 2D comparisons. Table 1 summarizes the operators, and Appendix D defines them in full.

Instruction following. Target similarity in the edit region can be high simply because the named part was
already there. We therefore also measure instruction following (IF) against the method’s own previous output.
Under self-rollout this output can already differ from the ground truth, so IF counts only the change still
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Table 1 Region-restricted evaluationmetrics. X, Y are output and reference states; I, J are their fixed-view renders; and R
is a region from Eq. (1) or (2). Full definitions appear in Appendix D.

3D 2D

IoUR(X, Y) voxel IoU ↑ PSNRR(I, J) peak signal-to-noise ratio ↑
RecallR(X, Y) voxel recall of Y ↑ SSIMR(I, J) SSIM map [188] ↑
CDR(X, Y) Chamfer distance ↓ LPIPSR(I, J) LPIPS map [234] ↓
Fτ

R(X, Y) F-score at distance τ ↑ DINOR(I, J) DINOv2 cosine [139] ↑
MAER(I, J) mean absolute error ↓

required from it. Otherwise a part lost at an earlier turn would count as a successful removal now, and the
no-op baseline would get credit for edits it never made. For additions, Ak contains required new voxels still
missing before the turn. For removals, Dk contains voxels that must disappear but remain in the previous
output:

IF+
k = RecallAk

(︁
Ŝk, Sk

)︁
, Ak =

(︁
V(Sk) \ V(Sk−1)

)︁
\ V

(︁
Ŝk−1

)︁
⊆ Ek,

IF−
k = 1 − RecallDk

(︁
Ŝk, Sk−1

)︁
, Dk =

(︁
V(Sk−1) \ V(Sk)

)︁
∩ V

(︁
Ŝk−1

)︁
⊆ Ek.

(4)

IF is IF+ for additions, IF− for removals, and their harmonic mean for replacements. It is undefined when
the relevant region is too small and for retextures, which require no geometric change. Appendix Table 6
reports how many turns have a defined IF.

Content consistency. Outside the edit region we measure what the current turn keeps from the method’s
own previous output (CCprev) and what is left of the initial host (CC0):

CCprev
k = IoUUk

(︁
Ŝk, Ŝk−1

)︁
, CC0

k = IoUU0
k

(︁
Ŝk, S0

)︁
, U0

k = G \⋃︁
j≤k Ej. (5)

The cumulative region excludes the named parts before and after every edit so far. By construction, the
no-op baseline has IF = 0 and CC = 1. IF therefore cannot be won by doing nothing, and CC has to be read
together with IF. Appendix C illustrates these choices with examples.

5 Experiments

5.1 Setup

We evaluate 4 non-agentic 3D methods, PartFlow [192], Nano3D [215], 3DEditFormer [198] and VoxHam-
mer [98], with their released code, weights and sampling settings. Each of these 4 methods runs under
self-rollout on all 457 chains (2755 turns) and receives, at each turn, its own previous output, the instruction
and the target render in the fixed view of the chain. VoxHammer also receives the ground-truth edit mask.
Nano3D has no material mode, so its material turns run in its replace mode. We also run the no-op and
regeneration baselines of Section 4. Appendix F describes the method settings and execution coverage.

5.2 Main results

Table 2 reports geometry and image metrics in the edit region, the unchanged region and the whole object.
The 2 baselines appear above the non-agentic methods.

Whole-object scores favor doing nothing. On the whole object, the no-op baseline beats every non-agentic
method on F-score, LPIPS and PSNR. A single turn changes only a small part of the object, so returning
the input already scores well. Only the edit region tells real edits apart from doing nothing. There, every
method is closer to the target than the no-op baseline (LPIPS 0.474–0.523 against 0.570). The regeneration
baseline sits at the other extreme. It rebuilds the whole object from the target render at every turn, so it has
the highest IF (0.50), but its unchanged-region IoU with its own previous output is only 0.38. A good editor
needs both high IF and good preservation, and no non-agentic method reaches regeneration on IF or the
no-op baseline on preservation.
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Table 2 Comparison of non-agentic methods and baselines. Self-rollout on 457 chains; means over completed turns with a
defined score. IF: instruction following against the method’s own previous output. CCprev: IoU of the unchanged region
to the method’s own previous output. CD: Chamfer distance (×100). Drift: mean absolute change of the unchanged
image region against the method’s own previous render. Best non-agentic method in bold.

3D 2D

edit Ek unchanged Uk whole edit unchanged whole

Method IF↑ F↑ CCprev ↑ F↑ F↑ CD↓ LPIPS↓ LPIPS↓ drift↓ LPIPS↓ PSNR↑

No-op baseline 0.00 0.56 1.00 0.82 0.77 2.03 0.570 0.130 0.000 0.151 18.7
TRELLIS regen. 0.50 0.43 0.38 0.43 0.43 2.03 0.400 0.192 0.041 0.202 15.9

PartFlow 0.12 0.47 0.86 0.71 0.67 2.15 0.516 0.166 0.014 0.181 17.0
Nano3D 0.31 0.56 0.89 0.75 0.71 1.99 0.474 0.147 0.009 0.163 17.8
3DEditFormer 0.20 0.43 0.77 0.57 0.55 2.80 0.510 0.188 0.018 0.203 16.2
VoxHammer 0.32 0.38 0.71 0.54 0.52 2.69 0.523 0.205 0.022 0.220 15.2

1 2 3 4 5 6 7
0

.2

.4

.6

turn

(a) Instruction following (IF)

1 2 3 4 5 6 7

.2

.4

.6

.8

1

turn

(b) Initial-state consistency (CC0)

1 2 3 4 5

.4

.5

.6

.7

turn

(c) IoU: own state vs. true state

PartFlow Nano3D 3DEditFormer VoxHammer TRELLIS regen. no-op

Figure 4 Along a chain. (a,b) Means on the same 135 chains with at least 7 turns, completed by all 4 non-agentic methods
(103 hosts). Only defined scores enter each mean; shading shows 95% host-clustered bootstrap intervals. (a) IF relative
to the method’s previous output. (b) CC0 in regions never edited so far. (c) IoU to the target on the 147 chains of the
reset diagnostic with at least 5 turns (Appendix H). Solid lines: each turn starts from the model’s own output. Dashed
lines: each turn starts from the ground-truth previous state.

Instructions are followed poorly from the first turn. IF is only 0.12–0.32 over all turns, and it is already low at
turn 1 (0.24–0.36), before any error can accumulate. Nano3D and VoxHammer follow instructions best, but
VoxHammer keeps much less of the rest of the object (unchanged-region IoU 0.71 against 0.89).

Errors accumulate under self-rollout. Along a chain, IF stays low and all 4 methods keep losing the initial
object (Figure 4a,b). From turn 1 to turn 7, CC0 falls from 0.60–0.78 to 0.33–0.67, and VoxHammer loses the
most. The reset diagnostic suggests that much of this loss is inherited, because each turn starts from the
unintended changes of the previous one. When every turn instead starts from the ground-truth previous
state, IoU to the target at turn 5 is 0.68 for Nano3D and 0.46 for 3DEditFormer, but under self-rollout it is
only 0.52 and 0.36 (Figure 4c). Appendices G and I report more results.

5.3 Qualitative results

Figure 5 follows 6 replacements on a covered wagon from the comparison subset, in which the cover is
replaced 4 times in a row. No non-agentic method follows this sequence. PartFlow keeps a blue rounded
cover from turn 2 to turn 5, and the other 3 keep a dark cover and end with a dull olive instead of pale
yellow. 3DEditFormer and VoxHammer also change the color of the wagon bed, which no instruction
touches. The 3 LLMs shown (Opus 5.5, Astra and Fable 5.1) produce covers closer to the targets, and their
errors stay on the cover. Appendix Figure 15 and Appendix M show more chains.
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Figure 5 Six consecutive replacements on a covered wagon (turns 1–6). The barrel becomes a wooden crate, the cover
becomes a striped peaked canopy and then gray, beige and pale yellow fabric covers, and the crate becomes a science-
fiction storage box. Columns are turns. In each block, the upper row is the method’s own output under self-rollout,
and the lower row is its per-pixel mean absolute RGB error to the ground truth of that turn. In the ground-truth block,
the lower row shows the change from the previous turn. Left: the ground truth and 3 non-agentic methods. Right:
VoxHammer and 3 agents (Section 5.4). Same camera and lighting throughout.

5.4 Comparison with LLM/VLM agents

An LLM agent inspects the current mesh, writes code to add, remove, replace or retexture parts, and checks
rendered views before it commits an edit. We evaluate 6 models: GLM 5.3 Flash, DeepSeek V4.1 Flash,
Sol 6, Astra, Fable 5.1 and Opus 5.5. Each chain is assigned to an independent agent using the same editing
prompt. New parts must be built through code; external part libraries and generative 3D or image models
are not allowed. Appendix J gives the setup.

We compare these agents with the 4 non-agentic methods and both baselines on a shared comparison subset
of 55 chains (416 turns). We selected chains with clearly visible edits that resemble an artist’s revisions,
covering all 6 families and a range of operation combinations. The editing methods use self-rollout. Table 3
reports the comparison, and Appendix N shows additional examples.

LLMs preservemore and usually follow instructions better. All 6 LLMs keep the rest of the object better than
any non-agentic method (CCprev 0.95–0.98 against at most 0.90). All except GLM 5.3 Flash also follow
instructions better (IF up to 0.62 for Opus 5.5, against at most 0.36). This is precisely the advantage of
the bottom-up approach: an agent modifies only the named part and leaves the remainder of the asset
untouched by construction. Removal is the easiest operation, since code can simply delete a part (IF
0.88–0.99). Additions and replacements are harder (IF 0.10–0.49 and 0.17–0.51), because new geometry built
from code often misses the target’s size or shape, as on the wagon cover in Figure 5.

8



Table 3 LLM/VLM agents, non-agentic methods and baselines. All rows use the 55 chains (416 turns) of the comparison
subset, so the non-agentic rows differ from Table 2. Completed / Total: delivered meshes out of all scheduled turns.
Means over completed turns with a defined value. E: edit region; W: whole object or image. Best method in bold,
excluding baselines.

3D 2D

Method Completed / Total IF↑ CCprev ↑ FW ↑ LPIPSE ↓ LPIPSW ↓ PSNRW ↑

No-op baseline 416/416 0.00 1.00 0.75 0.567 0.154 18.2
TRELLIS regen. 416/416 0.50 0.35 0.37 0.409 0.227 15.1

Non-agentic methods
PartFlow 416/416 0.13 0.87 0.65 0.502 0.184 16.8
Nano3D 416/416 0.34 0.90 0.70 0.449 0.161 17.6
3DEditFormer 416/416 0.21 0.81 0.59 0.472 0.191 16.5
VoxHammer 377/416 0.36 0.73 0.54 0.491 0.212 15.7

LLM/VLM agents
GLM 5.3 Flash 416/416 0.26 0.95 0.75 0.447 0.136 21.3
DeepSeek V4.1 Flash 416/416 0.42 0.96 0.78 0.366 0.106 24.0
Sol 6 (medium) 416/416 0.42 0.97 0.79 0.344 0.093 24.6
Astra (medium) 416/416 0.52 0.98 0.81 0.289 0.078 25.5
Fable 5.1 416/416 0.52 0.98 0.80 0.293 0.080 25.4
Opus 5.5 416/416 0.62 0.98 0.82 0.236 0.065 26.7

Unlike the non-agentic methods, every LLM also beats the no-op baseline on whole-object LPIPS (0.136 for
GLM 5.3 Flash to 0.065 for Opus 5.5, against 0.154), and all of them deliver a mesh at every turn.

LLMs are slow. An LLM needs about 1.5–6 minutes and 6–16 model calls per edit (medians, Appendix J),
while a non-agentic method takes 20–50 seconds on a local GPU. The best LLMs edit well, but they are still
too slow for interactive use.

6 Conclusion

EditHero tests whether a 3D editing method can perform successive edits on an asset over many turns.
Because its chains are assembled from parts, the correct state after every turn is known exactly, so we can
score the requested change and the rest of the object separately. The non-agentic methods, which regenerate
the whole object at every turn, often miss the edit from the first turn and let the unedited parts drift as the
chain grows. On whole-object F-score, LPIPS and PSNR they even fall behind simply returning the input.
LLM agents, which change only the parts required by instructions, keep the remainder of the asset intact,
and most of them also follow instructions more closely. It seems that the agentic approach is naturally
suited to editing. However, building new geometry from code remains hard, and an edit that takes minutes
is still too slow for interactive work. It remains an open question whether we can find a proper combination
of agentic and conventional methods that is both fast and accurate. We will release the data synthesis engine
and the edit chains for further 3D editing research.
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Appendix

A Extended related work

3D generation. An influential line of text-to-3D generation optimizes a 3D representation against a 2D
diffusion prior [144, 108, 185], with related approaches using multi-view diffusion [117, 160, 120] and
feed-forward reconstruction [65, 204]. Current systems train a diffusion or flow model directly on a native
3D latent, which may be a vector set [227, 245, 231, 103, 246, 173, 101] or a triplane [196], or a sparse or
structured voxel grid [199, 200, 104, 212]. All 4 non-agentic methods we evaluate build on the structured
latent of TRELLIS [199]. A separate line generates low-polygon, artist-style meshes autoregressively, one face
or one token at a time [133, 162, 26, 30, 29, 190, 186, 169, 191, 240, 111, 184, 165, 85, 60] or by flow matching
in a mesh latent space [102, 175]. These methods target compact mesh structure rather than instruction-
guided changes to an existing asset. TAR3D [235] autoregressively predicts quantized triplane tokens, while
SeamFlow [244] predicts cuts for UV unwrapping on an existing mesh. Part-aware modeling includes
segmentation [209, 116, 122], generative decomposition and completion [210, 232, 206, 100], and generation of
objects as sets of parts [24, 110, 211, 170, 25, 223, 253, 106]. Assembler [241] places input parts into a complete
object, while SIMART and PWM-ArtGen address articulated assets [228, 247]. Texture synthesis is a line
of work of its own [153, 18, 225, 219, 158], including PBR material generation [163, 71, 63, 31, 47, 220, 202].
EditHero applies retexturing to one part while requiring the rest of the object to remain unchanged.
CMD [99] supports progressive generation and local editing by conditioning on known parts. Its progressive
examples illustrate construction, whereas EditHero supplies a benchmark of different instructions and exact
reference states along each chain. EditHero uses the parts of an object both as the unit of editing and to
build the exact ground truth.

Additional 3D editing methods. The methods we evaluate come from the 2 main families built on native
3D latents. Trained methods learn from paired edits. Much as ControlNet [233] conditions an image
model, they feed the source latent to the generator through an added control branch. PartFlow [192] does
this with a source-control branch, and 3DEditFormer [198] does it with dual-guidance attention [see also
14, 53, 221]. Training-free methods reuse pretrained generators without edit-specific training. Inversion-
based methods such as VoxHammer [98] invert the source along the sampling trajectory and reuse its
cached latents and attention keys and values in the preserved region. Inversion-free methods follow the
difference between the source-conditioned and target-conditioned flows. Nano3D [215] does this with the
FlowEdit formulation [89], and related variants follow the same idea [250, 135, 67]. Single-view regeneration
from the target render, which we report as a reference, is the limiting case of regenerating the object
from an edited image. Further approaches are discussed below. Early editing methods modify a neural
field or a Gaussian splat with a 2D diffusion prior [61, 156, 255, 28, 178, 82, 256, 194, 22], and some of
them take sketches [130, 114] or drag handles [148] as conditions instead of text. Recent methods also
use mesh reconstruction or native 3D latents [23, 19, 146, 84, 7, 141, 250, 53, 66, 32, 21, 221, 214, 1, 142].
Other systems edit Gaussian scenes or scene atlases [161, 46]. Object insertion in 3D scenes and 3D object
inpainting are also studied separately [96, 48]. Part-level and interactive methods let a user act on one
part at a time [41, 42, 176, 157, 164], and sketch-based systems have supported iterative refinement since
Teddy [77, 134, 94, 95, 59, 10, 248, 6, 97, 92, 93, 237]. Sketch2CAD [94] and MeshPad [97] support sequential
sketch-based modeling. Their evaluations focus on sketch interpretation and interactive modeling, whereas
EditHero evaluates a sequence of natural-language part edits against exact 3D references.

2D image editing and its evaluation. Instruction-based image editing developed from inversion, personaliza-
tion and attention control [128, 5, 64, 51, 154, 132, 34, 81, 174, 15, 233, 11] to models trained on edit pairs [13,
159, 55, 50, 239, 75, 222, 189, 147] and to unified generators that edit in context [201, 238, 118, 90, 193, 39].
Geometry-aware image editing uses 3D cues for spatial transformations or object removal [9, 62, 254], and
BlenderFusion [20] combines 3D scene manipulation with generative image compositing. Before diffusion,
iterative editing was studied as human-in-the-loop optimization, in which Bayesian optimization searches
the parameters of an image or an animation under human preference feedback [12, 56, 87, 88]. Recent work
applies the same idea to generative image search or adapter merging [151, 112]. These systems study itera-
tive improvement under human feedback. Benchmarks for image editing [181, 230, 8, 124, 217, 242, 197, 54]
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established that “did it edit” and “did it leave the rest alone” must be scored separately, and that similarity
to the source mixes up the requested change with drift. Multi-turn image evaluations use reference images
or a VLM judge [230, 251, 125, 70, 226, 208, 27]. DiffSeg30k [33] instead uses multi-turn edits to benchmark
localized detection of generated content. MagicBrush provides intermediate target images reviewed by
human annotators [230]. EditHero instead supplies complete 3D reference states that can be rebuilt de-
terministically, with the edited parts known at every turn. Multi-turn methods respond with memory of
earlier turns or reinforcement learning over the sequence [229, 203, 218]. Repeated image replication can
accumulate artifacts that no-reference quality metrics fail to capture [171]. Related work studies different
sources of accumulated error: repeated training on synthetic outputs [2, 236] and exposure bias within
diffusion sampling [136]. We study successive 3D edits at inference time, where holes, loose pieces and
displacement can be computed directly.

Additional LLM/VLM and agentic methods. LLMs can build 3D content by writing procedural code or
calling tools. They do this for scenes and layouts [166, 36, 68, 207, 49, 168] and for editing an existing
scene in Blender from renders [69, 121, 177, 140]. Related code-based systems generate objects and CAD
programs [224, 80, 35, 83, 155, 3, 127, 91]. Recent systems treat the program as the asset itself, with an
agent that plans, writes and revises procedural code under visual feedback [109, 180, 138, 113, 137, 4].
EmbodiedGen V2 [183] describes this as vibe coding of 3D worlds through a dialogue of instructions,
aiming to make local edits while preserving the rest of the state. EditHero measures this workflow. Agentic
pipelines exist for images as well [187, 119, 17, 205, 123, 216, 243, 105, 195, 74, 72]. Related VLM-guided
editing models and unified generators use learned multimodal reasoning [73, 45, 107]. Benchmarks for
these agents [58, 52] score the final state against one goal.

Ground truth by construction. Part-annotated collections [16, 131, 179, 40] and procedural asset genera-
tors [249, 150] provide objects and parts for assembly. EditHero builds its chains with a program, like
synthetic benchmarks whose targets are produced by a program [79, 57, 37] and unlike annotated datasets.
The assembly engine that produces each state is deterministic, and rebuilding a turn from its logged
operations reproduces the state exactly. The engine does not guarantee quality, so every chain went through
manual review (Appendix B).

Comparison with existing benchmarks. 3DEditVerse [198] combines pose changes with image-guided ap-
pearance edits, while Nano3D-Edit-100k [215] uses a native 3D editing method guided by edited images.
Uni3DEdit-Bench [192] uses semantic-part transformations, and Delta3D [145] removes parts from CAD
assemblies. Steer3D's EDIT3D-BENCH [126] and the editing subset of 3D-Alpaca [213] reconstruct edited
images into target assets. Edit3D-Bench [98], Eval3DEdit [250], BenchUp [53] and EditFlow-Bench [135]
have no target asset, so they score region preservation and alignment to an edited image instead. Scene-level
benchmarks follow the same pattern [143, 115, 252]. Each sample specifies a single editing goal, represented
by an asset or an edited image. BlenderGym [58] and 3DCodeBench [52] let an agent iterate toward one
fixed goal, and EZBlender [177] bundles several edits into one prompt. Table 4 places EditHero next to
these benchmarks. The table compares target construction, instruction sequences, intermediate references
and evaluation on each method’s own outputs.

B Benchmark construction details

Why assemble the targets? Assembling a target needs a suitable part and a plausible placement. The part
has to make sense on the object (for example, a hat on a head or a barrel on a porch) and be attached where
a person would attach it. Accepted placements must also satisfy explicit geometric constraints and stay
reproducible after a repair. We therefore combine deterministic placement checks with manual review of
every chain.

Hosts and slots. Our primary source library is PartVerse-XL, released with FullPart [40], whose underlying
objects come from Objaverse-XL [38]. We use its textured part meshes and supplied part decomposition. For
retrieval, we generate part descriptions with Qwen3-VL-32B-Instruct [149]. These descriptions are separate
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Table 4 EditHero compared with existing editing benchmarks. Target: how the reference state is obtained (2D lift: an
edited image reconstructed as a 3D target; native edit: a native 3D editing method guided by an edited image; none: no
target asset, scored against an edited image). Turns: 1, one instruction per sample; goal, one target task, the agent may
iterate; bundle, several edits given in one prompt; sequence, different instructions applied in order. Ref.: a reference is
supplied after each instruction in a multi-turn sequence; a dash also covers single-turn or single-goal settings where
this property does not apply. Own: turn k is applied to the method’s output of turn k − 1.

Benchmark Domain Target Turns Ref. Own

MagicBrush [230] 2D image annotated image sequence
(few)

✓ ✓

3DEditVerse [198] 3D pose edits / 2D
lift

1 – –

Nano3D-Edit-100k [215] 3D native edit 1 – –
Uni3DEdit-Bench [192] 3D semantic-part

edits
1 – –

EDIT3D-BENCH (Steer3D) [126] 3D 2D lift 1 – –
Delta3D [145] 3D part removal 1 – –
3D-Alpaca [213] 3D 2D lift 1 – –
Edit3D-Bench [98], Eval3DEdit [250] 3D none 1 – –
BenchUp [53], EditFlow-Bench [135] 3D none 1 – –
BlenderGym [58], 3DCodeBench [52] 3D scene,

code
goal state goal – ✓

EZBlender [177] 3D scene – bundle – –

EditHero (ours) 3D,
part-level

program-built
state

sequence
(3–30)

✓ ✓

from the editing instructions that people later review. Each chain starts from a textured, part-segmented
object, which we call the host. Its parts are grouped into a small number of slots. A slot is a sub-assembly,
such as a head, an arm or a porch canopy, that an instruction can name and that is large enough to see in
a render. Slots are proposed automatically from the part contact graph and the part captions, and then
accepted, merged or renamed by a reviewer looking at highlighted renders. Reviewers also correct the
proposed slot names so they describe the grouped parts clearly.

Operations. Add places a new part from the library on a free face of an existing part, remove deletes the part
or part group occupying a named slot, replace swaps the part in a slot for a retrieved one on the same contact
face, and retexture repaints a slot and leaves its geometry exactly as it was. The new texture comes from a
render of the slot restyled by Qwen-Image-Edit [193] and is applied to the unchanged slot geometry by the
texturing module of TRELLIS.2 [200]. Before a support part is replaced, its attachments are removed in
separate turns, and they are reattached in separate turns as well. Each step thus stays an explicit operation
on a named part or part group. Instructions use natural-language part descriptions and never contain
internal slot identifiers or library metadata.

Placement. Placement is deterministic, as in procedural datasets whose labels come from the generating
program [79, 57, 150]. For a replacement or an add-on part, the engine retrieves candidates by the similarity
of their caption embeddings to the requested part [182, 152]. It computes an initial pose from the host’s
contact face (a planar, axial or point mate, depending on the slot), scales the part so that its mount matches
the face (between 0.75 and 2 times its original size) and snaps it into contact. Automatic candidate screening
then applies 4 checks. A contact frame must exist, the remaining gap must be below 0.01 of the object
diagonal, the object must stay one connected piece under that tolerance, and the interpenetration fraction
must stay below 0.02. The automatic search rejects candidates that fail a check and tries the next one.
Human review then assesses whether the assembly is visually appropriate, including intentional overlaps
or disconnected components in stylized hosts.

Chain recipe. Each chain is stored as a JSON file that names the host and has one entry per turn. An entry
gives the slot, the library part for an addition or a replacement, the accepted pose and, for a retexture, the
generated texture. Slots that a turn does not name stay as they were. With the part library, the file rebuilds
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any state Sk = ok(· · · o1(S0)) on its own, without repeating retrieval or texture generation. A repair edits
the entry of one turn, and that turn and the later ones are rebuilt and checked again.

Human review and repair. Every turn was rendered from several views before and after the edit and
inspected. Reviewers flagged wrong part semantics (a foot placed as a hand), wrong orientation or
mounting, implausible scale, instructions that gave away the source or were ambiguous, and dependency
errors (an attachment silently carried along when its parent was replaced). Reviewers corrected poses in the
operation log, saved revised geometry or materials as separate assets when needed, and rebuilt the affected
turns. Original source assets were retained. Turns that could not be fixed were cut, and the rest of the chain
was rebuilt from that point.

Families. Chains are grouped by the operations they contain. Family A holds mostly additions. Families R
and P contain only removals and replacements, respectively. Family M contains only material edits. Family
G mixes geometry operations, and family X mixes geometry and material operations. The benchmark
contains 141 A, 72 M, 45 R, 54 P, 85 G and 60 X chains. Taking the 6 families together, we try to keep the
share of each operation stable and even from turn to turn. Figure 3(c) counts turns 1 to 9 one by one and
puts the few edits from turn 10 onward into one bar.

C Evaluation protocol details

Self-rollout. We give each method the initial mesh and, at turn k, the instruction together with the conditions
it needs, such as a target image or a mask. Its input at turn k is its own output at turn k − 1. The main
evaluation never resets the state to the ground truth, and Appendix H reports a separate diagnostic that
does. If a method fails a turn, for example with an empty or unloadable output, the rest of that chain
is blocked and the chain counts as a failure. This rule is the same for the non-agentic methods and the
LLM/VLM agents, and we never restart from the ground truth to rescue a chain. Infrastructure faults are
handled separately (Appendix F).

Conditioning. Every method receives the same target image at a given turn, rendered with the chain’s fixed
conditioning camera, and VoxHammer also receives an edit mask. The target image shows what the object
should look like after the edit.

A shared coordinate frame and fixed views. We measure all states of a chain, ground truth and outputs alike,
in one frame normalized by the bounding box of all its ground-truth states. We render them with one
camera rig fitted to the bounding sphere of those states. The rig has 4 views 90◦ apart at one elevation, a
fixed focal length and fixed lighting. If we re-centered every turn or every part, a part that moved would
look as if it had stayed in place, and a new camera at every turn would make image metrics incomparable
across turns. One default direction for all chains, however, can hide the edited part, since a small addition
on the far side of the object barely shows in the conditioning view. We therefore choose the direction per
chain. For every turn, the edited region is the set of part nodes whose geometry or material differs between
the previous and the current ground-truth state. We fix for the chain the direction that makes its worst turn
most visible (Appendix E). To estimate visibility, we cast rays from surface samples of that region toward
each candidate direction against the full state. Because the rig is fitted to all states of the chain, its framing
reflects how large the object will become. No method receives the rig as geometry, and every method still
sees the object in its own frame, fixed at the initial state.

Why these definitions. The definitions follow the design of Section 4, and Figure 6 shows examples of the
problems they avoid.

Score the edit and the rest separately. A turn changes only a small part of an object. On the whole object,
returning the initial object can therefore score higher than doing the requested edit on a state that has
already drifted (Figure 6b). We therefore split every metric into Ek, Uk and the whole object. We take the
regions from the named parts rather than from voxel or pixel differences, because a retexture leaves the
ground-truth geometry unchanged even when a method changes it (Figure 6d). Using the named parts in
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both the old and the new state covers all 4 operations with one definition. The one-cell dilation absorbs a
part that lands one cell off, so a small misplacement lowers IF but is not counted a second time as damage
in CC.

Measure each turn against the method’s own previous output. Suppose a chain removes a hat at turn 2 and adds
it back at turn 5. If we took the required addition from the ground truth, that is, the voxels present at turn 5
and absent at turn 4, the no-op output would already contain the hat and get full credit, although it never
did anything. We instead take the required addition from the method’s own previous output. The no-op
output then needs nothing and gets no credit, and a method that did remove the hat gets credit only when
it puts the hat back. For the same reason, a part lost at an earlier turn does not count as a successful removal
now (Figure 6a). IF also catches a replacement that only deletes the old part. Its IF is close to 0 because the
new part is missing, while its F-score to the target is within 0.02 of the no-op baseline (Figure 6c). CCprev

uses the same anchor and asks whether this turn disturbed what it should keep. CC0 compares with the
initial object and shows how far the untouched content has drifted over the whole chain.

Read every score next to the references. The no-op baseline has IF = 0 and CC = 1, and the regeneration
baseline has a high IF and a low CC. A good editor should get close to both at once. We still report the
target similarity mEk (Ŝk, Sk), because prior work uses it. Read next to IF, it separates looking like the target
from actually making the change at this turn.

Sk−1 Sk Ŝk−1 Ŝk

Ground truth Model, self-rollout Target-based scores EditHero

a Remove the ammunition crate. anchor to own state

removal 1.00
credits a removal never
made

IF− not scored
the crate was gone two
turns earlier

b Remove the wooden crate. edit vs. unchanged regions

IoU 0.39
below the no-op
baseline (0.97)

IF 1.00 CCprev 0.86
crate removed; some
drift remains

c Replace the car’s rear wing with a fox tail. replace = remove + add

F 0.87
deleting the wing
≈ no-op (0.88)

IF 0.03
fox tail missing
(IF+ 0.02)

d Make the largest leaf plate glossy red. regions from parts

edit region empty
a retexture changes no
voxel

CCprev 0.05
the whole object was
regenerated

Figure 6 Why the metrics are defined on regions and on the model’s own state. Four turns from the evaluation, in the
conditioning view. Outlines mark the edited parts before and after the turn, dashed on the model’s own states. For each
turn, the left card shows how a target-similarity or ground-truth-based score can mislead, and the right card shows the
corresponding IF or CC score (Eqs. (1)–(5)). The tag on the right names the design choice the turn motivates.
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D Metric implementation

3D operators. For object states X (output) and Y (reference), V(·) is the surface voxelization into G, Q(·) is
a dense set of surface samples, and d(p, Y) = minq∈Q(Y)∥p − q∥ is the distance from a point to the reference
surface (searched over all of Y, not only inside R). A sample belongs to R when its voxel does.

IoUR(X, Y) =
|V(X) ∩ V(Y) ∩ R|
|(V(X) ∪ V(Y)) ∩ R| ,

RecallR(X, Y) =
|V(X) ∩ V(Y) ∩ R|

|V(Y) ∩ R| .

(6)

CDR(X, Y) =
1
2

(︃
mean

p∈Q(X)∩R
d(p, Y) + mean

q∈Q(Y)∩R
d(q, X)

)︃
. (7)

Fτ
R(X, Y) =

2 Pr Re
Pr + Re

,

Pr = mean
p∈Q(X)∩R

I
[︁
d(p, Y) < τ

]︁
,

Re = mean
q∈Q(Y)∩R

I
[︁
d(q, X) < τ

]︁
.

(8)

2D operators. For renders I (output) and J (reference) in the same fixed view, with RGB values in [0, 1],

MAER(I, J) = mean
p∈R

1
3
∥I(p)− J(p)∥1,

PSNRR(I, J) = −10 log10

(︃
mean

p∈R

1
3
∥I(p)− J(p)∥2

2

)︃
,

(9)

and SSIMR(I, J), LPIPSR(I, J) are the SSIM [188] and LPIPS [234] maps of (I, J) averaged over the pixels of
R. DINOR(I, J) is the cosine similarity of the DINOv2 patch features of I and J, averaged over the patches
whose center lies in R.

Constants. Voxelization uses the 643 grid of the chain frame. Chamfer distance and F-score use 20,000
surface samples per mesh, and a sample belongs to a region when its voxel does. Nearest neighbors are
searched over the whole reference, distances are in units of the chain side, and the F-score threshold is
τ = 0.01. IF+ (IF−) is defined only when Ak (Dk) has at least 8 voxels and at least a quarter of the ground-
truth addition (removal) V(Sk) \ V(Sk−1) (V(Sk−1) \ V(Sk)). Otherwise that turn has no IF. Defined-turn
counts for the 2 main comparisons are in Table 6. Image metrics use the 4 fixed views, composited on black,
with the LPIPS map of AlexNet [234], the SSIM map [188] and the patch features of DINOv2 ViT-B/14 [139]
(a 16 × 16 patch grid), each averaged over the region. Target-similarity metrics compare with the ground
truth, and image drift compares consecutive outputs.

E Camera search

For each chain and each candidate camera direction, we sample points on the edited region of every turn
and cast rays toward the camera against the full state. The visible projected area, weighted by the cosine to
the view direction and corrected for depth, is divided by the frame area at the object center. The chosen
direction is the one whose worst turn is most visible, with a small preference for the default direction. The
estimate correlates with the measured pixel change of the rendered views at Spearman ρ = 0.95.
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F Experimental setup and coverage

We evaluate PartFlow [192], Nano3D [215], 3DEditFormer [198], and VoxHammer [98] with their released
code and weights. Each method is wrapped in an adapter that only supplies inputs and records outputs.
The sampling code, seeds and hyperparameters are the authors’ own. PartFlow, Nano3D and 3DEditFormer
take the current state and the target render. VoxHammer also takes the ground-truth edit mask. Nano3D’s
official interface has add, remove and replace modes but no material mode. With the official routing,
Nano3D rejects a material instruction and the rest of the chain is blocked, which would happen on all 132
chains that contain one. We therefore route every material instruction to the replace mode. The adapter
passes the unchanged instruction text and the target render exactly as for a replace turn, and the output is
scored like any other turn. The Nano3D rows use this routing on those 132 chains and the official routing
on the other chains. All methods are scored with the same fixed-camera protocol of Section 4. The meshes
of the 4 methods, exported through TRELLIS, carry no metallic value and would render as dark metal, so
we render them as non-metallic. The agents’ outputs of Section 5.4 set their own materials and are rendered
as exported.

The TRELLIS regeneration baseline runs the released TRELLIS-image-large pipeline [199] on the target
render of every turn, in the same fixed view that the non-agentic methods receive. It sees neither the
instruction nor its previous output, so its turns are independent. Its output lies in the normalized frame
of TRELLIS. One view does not fix the orientation in that frame, so on some turns the object comes out
turned by a multiple of 90◦. We therefore align every turn to the ground-truth state of the same turn with
a yaw search followed by a similarity ICP. The ground-truth geometry is used only for this alignment. It
completes all 2755 turns of the 457 chains.

Table 5 reports, per method, the chains completed, the completed turns, the failed or subsequently blocked
turns, and the failure categories. Infrastructure faults, such as a time-out or a lost node, were handled by
rerunning the whole chain from its first turn, and the decision to rerun never depended on the outputs. These
faults do not appear in the table. The remaining failures occurred during model execution. VoxHammer
produces an empty sparse structure on 39 chains, and Nano3D writes no edited voxels on 2 chains. Nano3D
would also fail on every material instruction without this adaptation, but with the replace routing above it
completes all chains except those 2. We keep these as failures rather than drop the chains, because a method
that cannot run a turn has not completed the chain.

Table 5 Execution coverage on the 457 chains. Completion means the chain ran to the end, not that the edits were
correct. Conditions: image = current state and target render; + mask = also the ground-truth edit mask. The Turns
column reports completed turns out of all scheduled turns. Failed / blocked includes the failure turn and later turns
that could not run.

Method Cond. Chains Turns Failed / blocked Failure category

PartFlow image 457/457 2755/2755 0 –
Nano3D image 455/457 2749/2755 6 no edited voxels (2)
3DEditFormer image 457/457 2755/2755 0 –
VoxHammer image + mask 418/457 2569/2755 186 empty sparse output

(39)

G Whole-object metrics, per-turn curves and end state

Table 7 reports whole-object and preservation metrics in 2 groups. The first group uses the chains that all 4
non-agentic methods complete, so every method is scored on the same turns. The second uses all completed
turns of the methods that complete almost every chain. The metric means in the 2 groups agree to within
0.015. The no-op baseline has a higher surface IoU to the target than every method (0.71 against at most 0.58
on these chains) and a lower LPIPS to the target render. Nano3D has the highest IoU and preservation of
the 4, and its IF is close to VoxHammer’s. VoxHammer gets its IF while keeping only 0.45 of the untouched
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Table 6 Defined-turn counts for IF, by operation and comparison set. Retexture turns have no geometry IF and are
excluded. These counts differ from execution coverage.

Method All defined Add Remove Replace

Main evaluation (457 chains)
PartFlow 1880 960 416 504
Nano3D 1929 961 438 530
3DEditFormer 1895 966 414 515
VoxHammer 1750 894 375 481
No-op baseline 1815 946 386 483
TRELLIS regen. 1798 967 352 479

Agentic/non-agentic comparison (55 chains)
PartFlow 270 125 55 90
Nano3D 274 125 57 92
3DEditFormer 278 125 56 97
VoxHammer 248 122 50 76
No-op baseline 243 119 46 78
TRELLIS regen. 259 125 51 83
GLM 5.3 Flash 236 125 42 69
DeepSeek V4.1 Flash 268 125 54 89
Sol 6 (medium) 269 125 57 87
Astra (medium) 288 125 65 98
Fable 5.1 286 125 60 101
Opus 5.5 300 125 71 104

initial object (CC0). The TRELLIS regeneration baseline, which builds every turn from the target render
alone, sits at the other extreme. It has the highest IF on these chains (0.51) but also the lowest IoU (0.30) and
the lowest preservation (CCprev 0.39).

Figure 7 and Table 8 follow the metrics turn by turn on the 416 chains completed by all 4 non-agentic
methods, with 95% intervals from a bootstrap [43] over hosts (chains built on the same host are not
independent). Target similarity drops as the chain goes on. The no-op baseline also declines as the targets
move away from the initial object, but it stays above all 4 methods. The TRELLIS regeneration baseline,
whose turns are independent, stays almost flat (IoU 0.31 at turn 1 and 0.27 at turn 7). These curves alone
cannot tell whether later targets are harder or the errors are inherited, and Appendix H tests this. After
turn 7 the set shrinks to 80 chains at turn 8 and we do not draw conclusions from it.

End state. The per-turn curves stop at turn 7 and average over chains of different lengths, so they do not
show where a chain ends up. Table 9 scores the last turn of every chain of this set, grouped by chain length,
next to the first turn of the same chains. All 4 methods lose similarity and preservation from the first to
the last turn in every length group, and they lose more on the longest chains. The IoU of PartFlow falls
by 0.10 on chains of 3 turns and by 0.20 on chains of 11 turns or more. The CC0 of 3DEditFormer falls by
0.06 and 0.41 on the same groups, and that of VoxHammer by 0.11 and 0.39. The IoU of the no-op baseline
falls with length too, from 0.83–0.88 at the first turn to 0.61–0.78 at the end, because the target moves away
from the initial object. End-state IoU should be read against this baseline, and none of the 4 non-agentic
methods beats it on mean end-state IoU in any length group. The TRELLIS regeneration baseline, which
never carries a state over, has an IoU of roughly 0.3 at both the first and last turns.

H Own state versus ground-truth state

The decline under self-rollout has 2 possible causes. Later instructions may be harder, or errors in the
previous output may make them harder to execute. To tell them apart we rerun Nano3D and 3DEditFormer
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Table 7 Whole-object metrics of the self-rollout runs. Upper block: the 416 chains that all 4 non-agentic methods
complete, so all rows share the same turns. Lower block: all completed turns of the 457 chains, for the methods with
full or near-full coverage. Bold: best non-agentic method in the upper block.

Method n IoU↑ IF↑ CCprev ↑ CC0 ↑ LPIPS↓ drift↓

416 chains completed by every non-agentic method
PartFlow 2472 0.516 0.126 0.862 0.674 0.177 0.014
Nano3D 2472 0.584 0.317 0.887 0.730 0.160 0.009
3DEditFormer 2472 0.414 0.202 0.774 0.490 0.198 0.018
VoxHammer 2472 0.380 0.322 0.714 0.452 0.220 0.022
No-op baseline 2472 0.712 0.000 1.000 1.000 0.144 0.000
TRELLIS regen. 2472 0.296 0.508 0.385 0.282 0.202 0.041

All completed turns (methods with full or near-full coverage)
PartFlow 2755 0.507 0.122 0.862 0.666 0.181 0.014
Nano3D 2749 0.575 0.312 0.887 0.718 0.163 0.009
3DEditFormer 2755 0.408 0.197 0.772 0.481 0.203 0.018
No-op baseline 2755 0.700 0.000 1.000 1.000 0.151 0.000
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Figure 7 Per-turn metrics on the 416 chains that all 4 non-agentic methods complete (228 hosts). Shaded: 95% host-
clustered bootstrap intervals. The dashed line is the no-op baseline, which has IF = 0 and CC0 = 1 by definition. Its
IoU compares the unchanged initial object with the current target.

on 200 chains and change one thing. The input state at turn k is the ground-truth state Sk−1 instead of the
model’s own Ŝk−1, with the same instruction, target render, camera and seed. The ground-truth states are
encoded into each method’s latent space with the same pipeline that encodes its initial object. Under this
condition the turns are independent. Table 10 pairs the 2 input conditions on the same chains at each turn.
Figure 4(c) instead uses a fixed subset of 147 chains with at least 5 turns, so its means differ slightly from
those in the table.

In this diagnostic, much of the decline comes from the inherited state. Under self-rollout, IoU to the
target falls from turn 1 to turn 5 (0.68 to 0.52 for Nano3D and 0.51 to 0.36 for 3DEditFormer). With the
ground-truth input it stays at 0.68 for Nano3D and falls only to 0.46 for 3DEditFormer. Instruction following
is higher with the ground-truth input at every turn after the first, by 0.06 to 0.08 for Nano3D and by 0.08
to 0.19 for 3DEditFormer (95% host-clustered intervals exclude zero at turns 2 to 5). For this diagnostic,
CCprev

∆ measures preservation outside the one-cell-dilated voxel difference between the 2 ground-truth
states, rather than the part-based region of Eq. (5). Preservation of the previous state moves the other way.
Over turns 2 to 7, for Nano3D it is 0.90–0.94 under self-rollout and 0.71–0.75 with the ground-truth input,
and for 3DEditFormer it is 0.80–0.83 against 0.46–0.56. In other words, a method keeps its own output well
but disturbs a state it did not produce, as it also does at turn 1. A high CCprev under self-rollout only means
that the method keeps its own state, which can already be wrong.
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Table 8 Per-turn means within the matched cohort (turns 1–7), using chains that reach each turn and excluding
undefined scores. TRELLIS regen.: the regeneration baseline, whose turns are independent.

Turn 1 2 3 4 5 6 7
n chains 416 416 416 375 302 233 135

IoU
PartFlow 0.625 0.558 0.511 0.468 0.464 0.459 0.448
Nano3D 0.691 0.629 0.583 0.538 0.527 0.529 0.514
3DEditFormer 0.512 0.457 0.408 0.371 0.371 0.380 0.360
VoxHammer 0.541 0.440 0.375 0.321 0.308 0.297 0.286
No-op baseline 0.840 0.763 0.705 0.652 0.646 0.653 0.630
TRELLIS regen. 0.306 0.300 0.299 0.294 0.292 0.285 0.274

IF
PartFlow 0.256 0.143 0.100 0.084 0.068 0.070 0.064
Nano3D 0.311 0.295 0.323 0.298 0.313 0.398 0.335
3DEditFormer 0.270 0.203 0.185 0.186 0.149 0.198 0.178
VoxHammer 0.354 0.307 0.349 0.285 0.274 0.365 0.316
No-op baseline 0.000 0.000 0.000 0.000 0.000 0.000 0.000
TRELLIS regen. 0.536 0.472 0.519 0.494 0.484 0.534 0.535

CC0

PartFlow 0.718 0.690 0.676 0.663 0.662 0.644 0.638
Nano3D 0.793 0.766 0.742 0.713 0.695 0.681 0.673
3DEditFormer 0.574 0.536 0.496 0.459 0.458 0.448 0.427
VoxHammer 0.624 0.532 0.459 0.400 0.369 0.340 0.331
No-op baseline 1.000 1.000 1.000 1.000 1.000 1.000 1.000
TRELLIS regen. 0.303 0.294 0.292 0.277 0.275 0.257 0.248

I Material edits

Geometry metrics do not register material edits, so we measure them in images. For every retexture
turn we take the pixels where the ground-truth render changes. This changed-pixel diagnostic uses a
narrower region than the part-based definition in Section 4. We then measure how much each method’s own
consecutive renders change there, relative to the ground-truth change (Table 11). PartFlow, 3DEditFormer
and VoxHammer produce 0.68–0.98 times the ground-truth image-change magnitude and bring the result
closer to the target. Nano3D, whose material turns run in the replace mode, changes the region by 0.31
times the ground-truth image change, and its distance to the target is close to that of its own unedited
previous output. It completes all chains containing retexture turns and has the highest whole-object IoU
on those chains (0.67). This does not show material accuracy, since retexturing leaves the ground-truth
geometry unchanged. Figure 9 shows what the other methods do instead. They change the appearance
of untouched parts too, so their errors spread over the whole object instead of staying on the named part.
Their colors also shift away from the target.

J LLM/VLM setup and cost

Setup. Opus 5.5 and Fable 5.1 run in Claude Code, Astra and Sol 6 run as Codex subagents, and GLM 5.3
Flash and DeepSeek V4.1 Flash run through OpenRouter in our API tool loop, which dispatches the tools
a model requests and returns their results to the conversation. We evaluate each model with the tools
provided by its runtime. Each chain is edited by its own agent, which starts a fresh session and shares no
memory with other chains. Each agent receives the source mesh, the chain’s instructions and target renders,
and the camera parameters. It edits its own previous output and saves a full mesh after every turn. All
models use the same base editing prompt (Appendix P) and our adaptation of img2threejs v2.0.0 [78], which
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Table 9 End-state evaluation on the same chains, by chain length: IoU to the target and CC0 at the first turn → at the
last turn of the chain (means over the chains in the group; the first and last groups are small).

Chain length 3 turns (41 chains) 4–6 turns (240 chains) 7–10 turns (124 chains) 11–30 turns (11 chains)

Method IoU CC0 IoU CC0 IoU CC0 IoU CC0

PartFlow 0.67→ 0.57 0.71→ 0.69 0.61→ 0.43 0.72→ 0.63 0.63→ 0.43 0.72→ 0.62 0.67→ 0.47 0.72→ 0.57
Nano3D 0.74→ 0.68 0.79→ 0.76 0.68→ 0.50 0.80→ 0.68 0.69→ 0.50 0.78→ 0.64 0.75→ 0.50 0.81→ 0.58
3DEditFormer 0.55→ 0.46 0.59→ 0.53 0.49→ 0.33 0.55→ 0.40 0.54→ 0.36 0.60→ 0.42 0.58→ 0.24 0.65→ 0.24
VoxHammer 0.58→ 0.47 0.62→ 0.51 0.54→ 0.28 0.63→ 0.35 0.54→ 0.29 0.61→ 0.33 0.57→ 0.22 0.61→ 0.22

No-op baseline 0.88→ 0.78 1.00→ 1.00 0.83→ 0.61 1.00→ 1.00 0.85→ 0.62 1.00→ 1.00 0.86→ 0.64 1.00→ 1.00
TRELLIS regen. 0.29→ 0.31 0.28→ 0.30 0.31→ 0.30 0.30→ 0.28 0.31→ 0.28 0.32→ 0.25 0.28→ 0.28 0.28→ 0.21
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Figure 8 Metrics by operation. Means over completed turns with defined scores. Retexture IF is undefined (N/A, not
zero). Coverage and conditioning differ by method, so the methods are not compared on the same turns here.

retains staged construction and render-and-compare refinement while editing an existing mesh and using
Blender for rendering. New parts are built in code, removals delete the named part, and retextures change
its material while keeping its geometry. External assets, hidden ground-truth meshes, and generative 3D or
image models are prohibited.

Budgets. Opus 5.5 and Fable 5.1 were asked to finish a chain in about 3 hours. GLM 5.3 Flash and
DeepSeek V4.1 Flash had 200 model responses and 3 hours per chain, followed by a completion pass
without a cap. Astra and Sol 6 use medium reasoning effort without a time cap. We report the cost they
actually used.

Coverage and failures. A turn counts as delivered when its mesh exists, is not empty and loads. Otherwise
the turn fails and the rest of the chain is blocked, as for the non-agentic methods.

Cost. Table 12 reports the amortized cost per edit for all 6 LLMs. We divide each chain’s recorded time,
tokens and model calls by its number of delivered turns, then take the median across chains. Opus 5.5 uses
149 s per edit (90th percentile 291 s) and 10.9 model calls, most of whose input is cached context.

K Extendedmetrics and held-out views

Tables 13 and 14 add metrics that the main tables leave out, computed on the same runs. For geometry
we report the symmetric Chamfer distance [44] and the 95th percentile of the two-sided nearest-neighbor
distance (HD95 [76, 167]), which is more sensitive to large surface errors than the mean distance. We also
add normal consistency (NC [129]) and the F-score at 2 thresholds [86, 172]. The same HD95 and NC are
also restricted to an untouched region (subscript u), which here lies outside the dilated voxel difference
V(S0)△V(Sk) between the initial and the target state. This region can include parts that were edited and
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Table 10 Self-rollout versus ground-truth input, paired per turn. Turn 1 has the same input in both conditions. self-rollout:
the model consumes its own previous output; ground-truth input: it consumes the ground-truth state. Turn k averages
the chains with at least k turns (200 at turns 1–3, 181 at turn 4, 147 at turn 5, 115 at turn 6 and 65 at turn 7), the same
chains in both conditions.

Metric State 1 2 3 4 5 6 7

Nano3D
IoU self-rollout 0.684 0.619 0.575 0.529 0.518 0.525 0.534

ground-truth input 0.684 0.694 0.676 0.666 0.681 0.694 0.725
IF self-rollout 0.335 0.320 0.306 0.291 0.277 0.365 0.387

ground-truth input 0.337 0.378 0.364 0.356 0.337 0.424 0.466
CCprev

∆ self-rollout 0.790 0.903 0.906 0.896 0.899 0.900 0.936
ground-truth input 0.789 0.750 0.730 0.714 0.727 0.739 0.751

3DEditFormer
IoU self-rollout 0.506 0.446 0.405 0.367 0.364 0.383 0.380

ground-truth input 0.506 0.482 0.471 0.431 0.460 0.502 0.545
IF self-rollout 0.282 0.197 0.201 0.172 0.152 0.184 0.185

ground-truth input 0.284 0.289 0.279 0.316 0.321 0.361 0.379
CCprev

∆ self-rollout 0.561 0.799 0.810 0.813 0.826 0.821 0.834
ground-truth input 0.560 0.515 0.502 0.456 0.486 0.531 0.564

Table 11 Change inside the ground-truth changed-pixel region on retexture turns. Views count turn × view pairs. A
view is skipped when the ground-truth change covers fewer than 50 pixels, and VoxHammer has fewer views because
some of its chains stop early. Own change / GT change compares a method’s consecutive renders with the ground-truth
change. Residuals are mean absolute error to the target render inside the region, for the method’s render (method) and
for its previous output (no edit).

Own change Residual to target

Method Views / GT change method no edit

PartFlow 2563 0.68 0.187 0.213
Nano3D 2563 0.31 0.209 0.210
3DEditFormer 2563 0.80 0.186 0.219
VoxHammer 2384 0.98 0.216 0.225

later restored, whereas the cumulative part-based region of Eq. (5) excludes them. The last geometry column
(∆frag.) is the median difference in the number of small connected components (below 0.5% of surface
area) between the prediction and ground truth. Negative values mean fewer such components, which is
not always a better reconstruction. For images we report PSNR, LPIPS [234], silhouette IoU from the alpha
channel and DINOv2 ViT-B/14 cosine similarity [139] to the target render. PSNR, LPIPS and silhouette IoU
are given separately for the conditioning view (subscript 0), which every image-conditioned method sees,
and for the 3 held-out views 90◦ apart (subscript 1-3), which are not provided as target images. DINOretex
is the similarity in the conditioning view on retexture turns only. All numbers are means over completed
turns, except ∆frag., which is a median.

The 4 non-agentic methods show little average gap between conditioning and held-out views (PSNR within
0.5 dB, LPIPS within 0.01). In the untouched region the no-op baseline has an HD95 of 0.009, and the 4
methods have values 3 to 8 times as large. On retexture turns, DINO similarity is close to the no-op baseline
(0.851) for PartFlow (0.854), Nano3D (0.843) and 3DEditFormer (0.847), and lower for VoxHammer (0.804).
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Table 12 Cost per delivered edit. Non-agentic methods: median time per completed turn on one local H100 (90th
percentile in parentheses). All agent costs are chain totals divided by delivered turns, summarized by the median across
55 chains (90th percentile for time). Input tokens include cached context. Agent time includes model and tool latency
and is not comparable to local GPU time.

Method time per turn (s) tokens per turn (in / out) calls per turn

PartFlow 26 (32) – –
Nano3D 22 (29) – –
3DEditFormer 20 (26) – –
VoxHammer 49 (80) – –

GLM 5.3 Flash 358 (619) 680k / 4.66k 12.8
DeepSeek V4.1 Flash 358 (1036) 1697k / 14.13k 15.9
Sol 6 (medium) 87 (183) 848k / 2.67k 7.8
Astra (medium) 95 (143) 325k / 2.36k 5.8
Fable 5.1 258 (557) 1555k / 18.26k 9.3
Opus 5.5 149 (291) 1216k / 9.20k 10.9

Table 13 Extended geometry metrics over completed turns on the 457 chains. Subscript u: untouched region; ∆frag.:
median fragment-count difference relative to ground truth.

Method CD↓ HD95↓ NC↑ F.01 ↑ F.02 ↑ HD95u ↓ NCu ↑ ∆frag.

PartFlow 0.022 0.114 0.81 0.67 0.80 0.039 0.87 -17.0
Nano3D 0.020 0.100 0.83 0.71 0.83 0.034 0.87 -17.0
3DEditFormer 0.028 0.117 0.75 0.55 0.72 0.065 0.79 -17.0
VoxHammer 0.027 0.122 0.75 0.52 0.69 0.072 0.79 -17.0

No-op baseline 0.020 0.122 0.85 0.77 0.84 0.009 0.93 0.0

L Conditioning and held-out views by region

The main tables average every image metric over the 4 fixed views. Tables 15 and 16 split that average by
view and by region on the comparison subset of Section 5.4, so the LLM/VLM agents appear next to the
non-agentic methods. The conditioning view is the one in which each method receives the target render,
and no method ever sees the 3 held-out views. Most methods score a little better in the conditioning view,
and the gap is widest in the edit region. There Opus 5.5 reaches an LPIPS of 0.215 in the conditioning view
and 0.244 in the held-out views, while the non-agentic methods lose at most 0.016. The no-op baseline goes
the other way. The camera direction of each chain is chosen so that every edit is visible in the conditioning
view, which makes an unedited object look worse there than from the side. The order of the methods is
almost the same in both kinds of view, with only 2 neighboring pairs swapping places, so averaging the 4
views does not favor a method that fits the view it was shown.
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Table 14 Multi-view image metrics over completed turns. Subscript 0: conditioning view; 1-3: held-out views; retex:
retexture turns only.

Method PSNR0 PSNR1-3 LPIPS0 ↓ LPIPS1-3 ↓ Sil0 ↑ Sil1-3 ↑ DINO1-3 ↑ DINOretex ↑

PartFlow 17.2 17.0 0.180 0.182 0.78 0.79 0.753 0.854
Nano3D 17.8 17.7 0.163 0.163 0.82 0.81 0.765 0.843
3DEditFormer 16.5 16.1 0.197 0.205 0.73 0.73 0.752 0.847
VoxHammer 15.3 15.2 0.221 0.219 0.72 0.72 0.737 0.804

No-op baseline 18.1 18.9 0.161 0.147 0.79 0.80 0.752 0.851

Table 15 LPIPS by view and region on the comparison subset. Cond.: the conditioning view; held-out: mean of the 3
other fixed views. Means over each method’s completed turns. Best method (excluding the 2 baselines) in bold.

Edit region Unchanged region Whole object

Method Cond.↓ Held-out↓ Cond.↓ Held-out↓ Cond.↓ Held-out↓

No-op baseline 0.592 0.558 0.140 0.128 0.165 0.151
TRELLIS regen. 0.377 0.420 0.188 0.225 0.199 0.236

Non-agentic methods
PartFlow 0.497 0.503 0.161 0.169 0.178 0.186
Nano3D 0.439 0.453 0.138 0.145 0.156 0.163
3DEditFormer 0.462 0.475 0.162 0.180 0.177 0.195
VoxHammer 0.479 0.495 0.195 0.199 0.209 0.214

LLM/VLM agents
GLM 5.3 Flash 0.458 0.443 0.123 0.117 0.141 0.134
DeepSeek V4.1 Flash 0.356 0.369 0.087 0.093 0.102 0.108
Sol 6 (medium) 0.336 0.347 0.077 0.080 0.091 0.094
Astra (medium) 0.279 0.293 0.063 0.066 0.076 0.079
Fable 5.1 0.276 0.299 0.063 0.069 0.075 0.082
Opus 5.5 0.215 0.244 0.048 0.056 0.058 0.067

Table 16 PSNR (dB) by view and region on the comparison subset, as in Table 15.

Edit region Unchanged region Whole object

Method Cond.↑ Held-out↑ Cond.↑ Held-out↑ Cond.↑ Held-out↑

No-op baseline 10.6 10.4 23.0 23.8 17.5 18.4
TRELLIS regen. 13.6 12.0 16.5 15.3 15.9 14.8

Non-agentic methods
PartFlow 10.4 9.9 18.3 18.0 17.0 16.8
Nano3D 12.1 11.4 19.2 19.0 17.7 17.6
3DEditFormer 10.9 10.2 18.2 17.4 17.0 16.3
VoxHammer 11.0 10.3 16.5 16.4 15.7 15.6

LLM/VLM agents
GLM 5.3 Flash 16.9 16.4 24.5 25.2 20.8 21.4
DeepSeek V4.1 Flash 20.2 19.3 27.2 27.6 23.9 24.1
Sol 6 (medium) 20.6 19.5 28.2 28.3 24.5 24.6
Astra (medium) 21.4 20.6 28.9 29.2 25.3 25.6
Fable 5.1 21.6 20.4 29.0 28.9 25.3 25.4
Opus 5.5 23.3 21.8 30.3 29.9 26.8 26.6
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Figure 9 Retexture turns from 3 chains in the conditioning view. For each method the left tile is its render and the right
tile its per-pixel error to the target render (mean absolute RGB difference; color bar at the bottom right). The numbers
in the top-right corner are (PSNR in dB / LPIPS) of the render against the target view. The ground truth changes only
the appearance of the named part, while the errors of the 4 methods spread over the whole object.
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Figure 10 Conditioning and held-out views. GT, PartFlow and VoxHammer at turn 6 of one chain, in the conditioning view
and the 3 held-out views.
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M More qualitative comparisons

Figures 11 and 12 follow 2 more chains. One is a table setting whose edits are mostly material changes, and
the other is a house whose porch gains and loses parts. Rows are methods and columns are the first 5 turns.
Under each output is its per-pixel error to the ground truth of that turn (mean absolute RGB difference).

N Qualitative comparison of LLM/VLM agents and non-agentic methods

Figures 13–15 show 3 chains of the comparison subset with every method side by side. The 4 non-agentic
methods come first, followed by the 6 agents in the order of Table 3. Columns are the first 5 turns and rows
are methods. Every tile is the method’s own output after that turn under self-rollout, rendered from the
same camera as the ground truth. The non-agentic methods drift in color and shape even on turns that ask
for a small change, while most agents keep their changes on the named part.

O Qualitative examples of chains

Figures 16–28 show ground-truth chains from EditHero. Each page uses the same grid of 5 columns and
4 rows, with equally sized cards for the source and every edited state. Each chain stays on one page and
reads from left to right, continuing on the next row when needed. The operation and an instruction excerpt
appear below each state. Geometry-only examples use one flat color per slot. Examples with material edits
and those grouped by subject keep the assets’ own textures.
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T1: retexture T2: retexture T3: retexture T4: replace T5: retexture
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Figure 11 A table setting (turns 1–5): turns 1–3 and 5 change the material of the sushi tray, the soup bowl or the
compartment tray, and turn 4 replaces the sushi tray and the sushi with a wooden compartment tray. Shown in the
conditioning view.
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Figure 12 A house (turns 1–5): 3 additions and 2 removals on the porch. Shown from a held-out view other than the
conditioning view.
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T1: replace T2: retexture T3: replace T4: retexture T5: replace
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Figure 13 A bicycle (turns 1–5): the saddle is replaced by a wooden stool and repainted, the basket is replaced by a
medical case and repainted, and the stool is replaced by a mushroom cap. Shown in the conditioning view.
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T1: replace T2: remove T3: replace T4: add T5: add
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Figure 14 A flying saucer (turns 1–5): the dome is replaced by a parachute canopy, the landing legs are removed, the
canopy is replaced by a transparent cylinder, and a gas cylinder and a barrel are added. Shown from a held-out view
other than the conditioning view.
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T1: remove T2: replace T3: add T4: retexture T5: retexture
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Figure 15 A character (turns 1–5, all 4 operations): the green cap is removed, the legs are replaced by legs in black
thigh-high socks, a yellow hard hat is added, the arms are retextured with red and white candy stripes, and the legs are
retextured as honey-oak wood. Shown from a held-out view other than the conditioning view.
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A wooden fish cart with a striped canopy and barrels.

Source
A wooden fish cart with a
striped canopy and barrels

Turn 1 · Add
Add a wooden barrel with
metal hoops on the top . . .

Turn 2 · Add
Add a wooden bucket with
a rope handle on . . .

Turn 3 · Add
Add the fruit body of a
small, round, green and . . .

Turn 4 · Add
Add a bunch of yellow
bananas on the canopy . . .

A wooden fish cart with a striped canopy and barrels.

Turn 5 · Add
Add a red apple on top of
the shorter wooden barrel.

Turn 6 · Add
Add a single red onion on
the canopy top, next to . . .

Turn 7 · Add
Add a stack of white
octagonal bowls with . . .

Turn 8 · Add
Add a burlap sack filled
with yellow grain on . . .

A red and blue robotic quadruped with wheel-like feet.

Source
A red and blue robotic
quadruped with . . .

Turn 1 · Remove
Remove the machine’s rear
leg, the blue jointed . . .

Turn 2 · Remove
Remove the machine’s front
leg, the blue . . .

Turn 3 · Remove
Remove the cylindrical
metal motor drum . . .

Turn 4 · Remove
Remove the remaining dark
bracket beneath . . .

A row of six colorful popsicles with wooden sticks.

Source
A row of six colorful
popsicles with wooden . . .

Turn 1 · Remove
Remove the orange
popsicle.

Turn 2 · Remove
Remove the yellow
popsicle.

Turn 3 · Remove
Remove the green popsicle.

Turn 4 · Remove
Remove the blue popsicle.

Figure 16 Add-only and remove-only chains.
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A low-poly 3D model of a cozy cabin in a forest setting.

Source
A low-poly 3D model of a
cozy cabin in a forest . . .

Turn 1 · Remove
Remove the small stone
well with its wooden . . .

Turn 2 · Remove
Remove the tree closest to
the cabin’s rear gable . . .

Turn 3 · Remove
Remove the tree farthest
from the front door . . .

Turn 4 · Remove
Remove the tree farthest
from the front door . . .

A low-poly 3D model of a cozy cabin in a forest setting.

Turn 5 · Remove
Remove the last remaining
tree beside the cabin.

A classic black kerosene lantern with a greenish-yellow glass globe.

Source
A classic black kerosene
lantern with a . . .

Turn 1 · Replace
Replace the lantern’s cream
glass globe with . . .

Turn 2 · Replace
Replace the lantern’s dark
blue vented top cap . . .

Turn 3 · Replace
Replace the clear glass
globe with a white . . .

Turn 4 · Replace
Replace the light grey
chimney pipe with a . . .

A classic black kerosene lantern with a greenish-yellow glass globe.

Turn 5 · Replace
Replace the weathered zinc
chimney cap with a . . .

Turn 6 · Replace
Replace the white mesh
lampshade with a green . . .

Figure 17 Removal and replacement chains.
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A set of three Japanese kokeshi dolls on a wooden base.

Source
A set of three Japanese
kokeshi dolls on a . . .

Turn 1 · Replace
Replace the right kokeshi
doll with a snowman . . .

Turn 2 · Replace
Replace the kokeshi doll on
the left with a small . . .

Turn 3 · Replace
Replace the middle wooden
doll with a . . .

Turn 4 · Replace
Replace the snowman on
the right with a wooden . . .

A set of three Japanese kokeshi dolls on a wooden base.

Turn 5 · Replace
Replace the lucky cat in the
middle with a small . . .

Turn 6 · Replace
Replace the wooden book
stand on the left with a . . .

Turn 7 · Replace
Replace the globe in the
middle with a small . . .

Turn 8 · Replace
Replace the wooden tripod
stand on the . . .

A wooden block-style robot with a cube head and articulated limbs.

Source
A wooden block-style robot
with a cube head . . .

Turn 1 · Replace
Replace the figure’s head
with a vintage kerosene . . .

Turn 2 · Replace
Replace the lantern globe
with a blue and red . . .

Turn 3 · Replace
Replace the blue and red
helmet dome with a . . .

Turn 4 · Replace
Replace the jack-o’-lantern
head with a horned . . .

A wooden block-style robot with a cube head and articulated limbs.

Turn 5 · Replace
Replace the horned helmet
with an upright grey . . .

Figure 18 Replacement chains.
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A decorative wooden treasure chest with golden accents and a gemstone.

Source
A decorative wooden
treasure chest with . . .

Turn 1 · Add
Add a dark brown treasure
sack with a . . .

Turn 2 · Remove
Remove the lid gem of the
object.

Turn 3 · Add
Add a stone guardian lion
statue at the center of . . .

Turn 4 · Add
Add a stack of golden coins
on the book cover . . .

A decorative wooden treasure chest with golden accents and a gemstone.

Turn 5 · Add
Add a golden bird statue
on the book cover, on . . .

A whimsical fantasy-style house with arched windows and a thatched roof.

Source
A whimsical fantasy-style
house with arched . . .

Turn 1 · Add
Add a stone lantern with a
green tiled roof and a . . .

Turn 2 · Add
Add a large orange
pumpkin with a green . . .

Turn 3 · Add
Add a weathered terracotta
pot with a . . .

Turn 4 · Remove
Remove the orange
pumpkin with the green . . .

A whimsical fantasy-style house with arched windows and a thatched roof.

Turn 5 · Add
Add a black cat with
glowing green eyes . . .

Turn 6 · Remove
Remove the weathered
terracotta pot with the . . .

Figure 19 Add-and-remove chains.
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A wooden single bed with a green duvet and a bedside table with a lamp.

Source
A wooden single bed with
a green duvet and a . . .

Turn 1 · Add
Add two white and gray
throw pillows on the . . .

Turn 2 · Add
Add a plush toy cat on the
duvet, facing the foot of . . .

Turn 3 · Remove
Remove the two white and
gray throw pillows . . .

Turn 4 · Add
Add a baby deer plush
with white spots . . .

A vintage-style desktop fan with a metal cage and three blades.

Source
A vintage-style desktop fan
with a metal cage . . .

Turn 1 · Replace
Replace the black flared fan
stand with a chunky . . .

Turn 2 · Replace
Replace the caged fan head
with a black . . .

Turn 3 · Replace
Replace the fan rotor with a
red three-bladed . . .

Turn 4 · Replace
Replace the base with an
upright chicken foot . . .

A vintage-style desktop fan with a metal cage and three blades.

Turn 5 · Replace
Replace the bird’s foot with
a weathered . . .

Turn 6 · Remove
Remove the weathered
sheet-metal dome base.

A red ladybug with black spots and black legs and head.

Source
A red ladybug with black
spots and black legs . . .

Turn 1 · Replace
Replace the ladybug’s red
spotted wing case with . . .

Turn 2 · Add
Add an upright wooden
cask with vertical staves . . .

Turn 3 · Remove
Remove the wooden cask
from the top of the . . .

Turn 4 · Replace
Replace the beetle’s pale
gray dome shell with a . . .

Figure 20 Add-and-remove and mixed-edit chains.
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A 3D model of a Japanese sushi meal set with soup bowl and chopsticks.

Source
A 3D model of a Japanese
sushi meal set with . . .

Turn 1 · Retexture
Change the material of the
dark red soup bowl and . . .

Turn 2 · Retexture
Change the material of the
dark red tray holding . . .

Turn 3 · Retexture
Change the material of the
pale ash wood sushi . . .

Turn 4 · Replace
Replace the cream
crackle-glaze soup bowl . . .

A 3D model of a Japanese sushi meal set with soup bowl and chopsticks.

Turn 5 · Retexture
Change the material of the
white footed bowl to . . .

Turn 6 · Retexture
Change the material of the
glossy black sushi tray . . .

A yellow and brown three-wheeled motorized rickshaw with a black canopy.

Source
A yellow and brown
three-wheeled . . .

Turn 1 · Retexture
Change the material of the
boxy passenger cabin to . . .

Turn 2 · Replace
Replace the left rear wheel
with a wheel that has a . . .

Turn 3 · Retexture
Change the material of the
flat canopy roof above . . .

Turn 4 · Add
Add an ivory-and-cobalt
floral enamel jar on top . . .

A yellow and brown three-wheeled motorized rickshaw with a black canopy.

Turn 5 · Retexture
Refinish the motorcycle
front in . . .

Turn 6 · Remove
Remove the red and white
striped canvas awning . . .

Turn 7 · Replace
Replace the white-tire left
rear wheel with a . . .

Figure 21 Mixed-edit chains.
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A studio condenser microphone with a shock mount and XLR connector.

Source
A studio condenser
microphone with a . . .

Turn 1 · Replace
Replace the connector on
the side of the . . .

Turn 2 · Replace
Replace the microphone’s
mesh grille head with a . . .

Turn 3 · Retexture
Refinish the bent connector
in copper . . .

Turn 4 · Retexture
Give the grille navy enamel
bars, fine gold . . .

A studio condenser microphone with a shock mount and XLR connector.

Turn 5 · Replace
Replace the navy-and-brass
grille . . .

Turn 6 · Remove
Remove the
copper-and-brass . . .

A black leather plague doctor mask with a long beak and decorative stitching.

Source
A black leather plague
doctor mask with a long . . .

Turn 1 · Replace
Replace the beaked mask’s
top panel with a . . .

Turn 2 · Retexture
Change the material of the
tortoise shell to . . .

Turn 3 · Retexture
Change the material of the
mask’s beak to bone . . .

Turn 4 · Replace
Replace the aged bronze
turtle shell with a red . . .

A black leather plague doctor mask with a long beak and decorative stitching.

Turn 5 · Retexture
Change the material of the
porcelain beak to deep . . .

Turn 6 · Remove
Remove the red square lid.

Figure 22 Chains with all four operations.
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A wooden barrel drum with a decorative stand and ornate metal accents.

Source
A wooden barrel drum
with a decorative stand . . .

Turn 1 · Retexture
Change the material of the
barrel drum resting in . . .

Turn 2 · Retexture
Change the material of the
black and white . . .

Turn 3 · Retexture
Give the drum a scarlet
festival lacquer shell . . .

Turn 4 · Retexture
Give the drum an
olive-green and brown . . .

A wooden barrel drum with a decorative stand and ornate metal accents.

Turn 5 · Retexture
Change the material of the
camouflage-patterned . . .

Turn 6 · Retexture
Change the material of the
honey brown wicker . . .

A low-poly 3D tree with a brown trunk and green leaf clusters.

Source
A low-poly 3D tree with a
brown trunk and green . . .

Turn 1 · Retexture
Change this canopy cluster
to silvery-white . . .

Turn 2 · Retexture
Change this canopy cluster
to midnight-blue . . .

Turn 3 · Retexture
Change this canopy cluster
to dark . . .

Turn 4 · Retexture
Change this canopy cluster
to charcoal-black . . .

A low-poly 3D tree with a brown trunk and green leaf clusters.

Turn 5 · Retexture
Change this canopy cluster
to deep . . .

Figure 23 Retexture-only chains.
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A small 3D model of a bonsai tree with red-orange leaves on a dark base.

Source
A small 3D model of a
bonsai tree with . . .

Turn 1 · Retexture
Change the low side
branch’s leaves to . . .

Turn 2 · Retexture
Give the tree’s top leaves a
pink cherry-blossom . . .

Turn 3 · Retexture
Give the low side leaves an
emerald . . .

Turn 4 · Retexture
Give the tree’s top leaves a
sapphire-blue skin with . . .

A whimsical cartoon-style house with a curved roof and glowing window.

Source
A whimsical cartoon-style
house with a curved . . .

Turn 1 · Retexture
Change the material of the
arched roof of the little . . .

Turn 2 · Retexture
Change the material of the
cottage’s terracotta tiled . . .

Turn 3 · Retexture
Change the material of the
cottage’s mossy grey . . .

Turn 4 · Retexture
Change the material of the
cottage’s blue and white . . .

A whimsical cartoon-style house with a curved roof and glowing window.

Turn 5 · Retexture
Change the material of the
cottage’s black roof to . . .

Turn 6 · Retexture
Change only the roof
shingles to an amethyst . . .

A green tripod-mounted robotic turret with multiple weapon barrels.

Source
A green tripod-mounted
robotic turret with . . .

Turn 1 · Replace
Replace the turret’s upper
secondary barrel with a . . .

Turn 2 · Add
Add a rectangular metal
box to the side of the . . .

Turn 3 · Replace
Replace the tripod with a
low metallic pedestal.

Turn 4 · Remove
Remove the rectangular
metal box from the turret.

Figure 24 Retexture and geometry-edit examples.
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A small wooden house with a tiled roof and chimney.

Source
A small wooden house with
a tiled roof and . . .

Turn 1 · Add
Add a small green potted
plant on the porch deck . . .

Turn 2 · Add
Add an orange pumpkin on
the porch deck, next . . .

Turn 3 · Remove
Remove the small tiled
awning above the porch . . .

Turn 4 · Add
Add a green pine tree with
a brown trunk on . . .

A small wooden house with a tiled roof and chimney.

Turn 5 · Remove
Remove the green potted
plant from the porch deck.

Turn 6 · Add
Add a cartoon-style red
mushroom with white . . .

A modern computer desk with a monitor, keyboard, and two towers.

Source
A modern computer desk
with a monitor . . .

Turn 1 · Replace
Replace the flat monitor on
the desk with a black . . .

Turn 2 · Replace
Replace the small amplifier
beside the . . .

Turn 3 · Replace
Replace the blue computer
tower standing under . . .

Turn 4 · Add
Place the orange folding
chair in front of the . . .

A modern computer desk with a monitor, keyboard, and two towers.

Turn 5 · Replace
Replace the ribbed
olive-green cylinder on . . .

Turn 6 · Replace
Replace the black
curved-screen monitor . . .

Figure 25 Scene editing.
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A red vintage-style tractor with large rear wheels and a small front cab.

Source
A red vintage-style tractor
with large rear wheels . . .

Turn 1 · Retexture
Refinish the tractor hood in
cream-and-barn-red . . .

Turn 2 · Retexture
Refinish the left rear tire’s
rubber in an icy tread . . .

Turn 3 · Retexture
Refinish the two front tires’
outer rubber with . . .

Turn 4 · Retexture
Change the material of the
tractor’s right rear . . .

A red vintage-style tractor with large rear wheels and a small front cab.

Turn 5 · Retexture
Refinish the hood in
petrol-green explorer . . .

A small clay teddy bear figurine in a seated pose.

Source
A small clay teddy bear
figurine in a seated pose

Turn 1 · Retexture
Give the teddy head
midnight-navy fabric . . .

Turn 2 · Retexture
Give this teddy leg
burgundy fabric with . . .

Turn 3 · Retexture
Give this teddy arm deep
forest-green fabric with . . .

Turn 4 · Retexture
Give this teddy leg
burgundy fabric with . . .

A small clay teddy bear figurine in a seated pose.

Turn 5 · Retexture
Give this teddy arm deep
teal-green fabric with . . .

Turn 6 · Retexture
Give the teddy head
navy-blue fabric with . . .

Figure 26 Scene and character editing.
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A 3D model of a female cowboy character with a red hat and yellow shirt.

Source
A 3D model of a female
cowboy character with . . .

Turn 1 · Retexture
Give the denim trouser
panels a deep navy . . .

Turn 2 · Retexture
Change the figure’s hat to a
smooth jet-black . . .

Turn 3 · Retexture
Give the denim trouser
panels a deep . . .

Turn 4 · Retexture
Give the hat deep teal
leather with dark . . .

A 3D model of a female cowboy character with a red hat and yellow shirt.

Turn 5 · Retexture
Give the denim trouser
panels a deep navy . . .

Turn 6 · Retexture
Change the turquoise hat to
a warm . . .

A purple robotic bunny figure with a red bow tie and articulated limbs.

Source
A purple robotic bunny
figure with a red bow . . .

Turn 1 · Retexture
Change the material of the
rabbit’s legs and feet to . . .

Turn 2 · Retexture
Change the material of the
purple rabbit’s head . . .

Turn 3 · Retexture
Change the material of the
rabbit’s outstretched . . .

Turn 4 · Retexture
Change the material of the
red-and-cream striped . . .

A purple robotic bunny figure with a red bow tie and articulated limbs.

Turn 5 · Retexture
Give the head creamy ivory
and turquoise . . .

Turn 6 · Retexture
Give the arms and gloves
deep-navy leather with . . .

Turn 7 · Retexture
Change the material of the
brown leather legs to . . .

Figure 27 Character editing.
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A wooden shelf holding various glass bottles and a funnel.

Source
A wooden shelf holding
various glass bottles . . .

Turn 1 · Remove
Remove the tall conical
glass flask with the . . .

Turn 2 · Add
Add a small hourglass with
a brown wooden . . .

Turn 3 · Remove
Remove the two small glass
bottles standing at . . .

Turn 4 · Add
Add a potted plant with
dark gray angular . . .

A wooden shelf holding various glass bottles and a funnel.

Turn 5 · Replace
Replace the large smoky
glass jar topped by a . . .

Turn 6 · Remove
Remove the small hourglass
with the . . .

Turn 7 · Add
Add a stone candle stand
with four yellow . . .

An orange and black forklift model with a cab and lifting forks.

Source
An orange and black
forklift model with a . . .

Turn 1 · Retexture
Change the material of the
forklift’s rear wheels . . .

Turn 2 · Retexture
Change the material of the
forklift’s engine hood to . . .

Turn 3 · Retexture
Change the material of the
forklift’s mast and forks . . .

Turn 4 · Retexture
Change the material of the
mud-caked rear wheels . . .

An orange and black forklift model with a cab and lifting forks.

Turn 5 · Retexture
Change the material of the
camouflaged engine . . .

Turn 6 · Retexture
Refinish the mast in worn
safety-yellow livery . . .

Figure 28 Object editing.
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P Prompts

The templates below are used for material restyling and for drafting replacement instructions, which
reviewers then revised (Section 3). An excerpt of the shared agent prompt is listed last.

Retexturing material redraw prompt

Change the material to <material_description>. Keep the shape, geometry and camera angle exactly the
same. White background.

Replacement instruction template

Replace the <current_part_description> with <new_part_description>.

LLM/VLM task prompt (excerpt). Each agent receives the task below, followed by the modeling skill and
rendering and resource rules. These will be released with the benchmark. We quote the main task and the
retexture rule, with omissions marked.

[...] Edit your own previous saved output, starting with source.glb. Infer each
operation and region from text/image; preserve unaffected parts. [...] Remove is direct
physical deletion; add/replace retain the original construction and review loop;
retexture directly edits only the target material/texture while preserving geometry and
placement, with render-and-compare iteration. No external assets, hidden GT
models/passes or generative geometry/image models. [...] Attempt the requested actual
edit on every turn within the finite budget. Deliver the best runnable edited candidate
even if quality gates fail; label it partial and continue from it. [...]

- Retexture: directly edit the named part’s material, texture, or shader parameters to
match the instruction and target appearance. Preserve its geometry, topology, UV
coordinates, node names, transforms, placement, and attachment relationships. [...]
Patterned finishes: either (a) project the target image onto the part [...]; or (b)
generate the pattern procedurally in code [...] evaluated at each surface point’s 3D
position [...] rather than in UV space. Either route is acceptable; choose by
render-and-compare at the evaluation camera and match the target colours.
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