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A 3D scene reconstructed from a single image is most useful when represented not as a rendering
or a fixed 3D output, but as an explicit scene program whose execution yields a scene that can be
inspected, edited, and queried. We present LEGO-Anything, an Image-to-Code framework in which
a coding agent builds such a program by iteratively writing and executing Blender code, inspecting
the evolving scene and its renderings, and revising the program. To evaluate how well such agents
recover scenes end to end, we introduce LEGO-Bench, a simulator-grounded benchmark with 208
images from 104 diverse scenes spanning indoor and outdoor environments. LEGO-Bench separately
scores artifact validity, visible-surface geometry, and rendered appearance, and its simulator-grounded
design makes the benchmark naturally extensible while retaining precise automatic evaluation. Across
the evaluated coding agents, GPT-6-astra achieves the strongest overall results, with 53.4% indoor
and 39.6% outdoor scores, yet substantial gaps remain between delivering valid scene artifacts and
faithfully recovering scene geometry and appearance. To understand these failures, we analyze agent
construction trajectories and identify three recurring issues: weak scene initialization, regressive edits
during iteration, and unreliable self-evaluation. These findings motivate LEGO-Plugin, a training-free
harness plugin for more controlled iterative scene construction with relative gains of up to 62.7% in
overall score. Finally, we ask whether reconstructed scenes are faithful enough to represent natural
images and support vision tasks. In LEGO-World, we take scenes reconstructed by GPT-6-astra and
derive object detections, instance masks, and relative depth as deterministic queries on each scene.
These readouts show non-trivial performance across all three tasks but fall well short of specialized
vision models, suggesting that program-constructed scenes from current coding agents are a promising
but not yet sufficiently precise representation of natural images.
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1 Introduction

The representation a 3D reconstruction takes determines what can be done with it. Compared with
meshes (Gkioxari et al., 2020), point maps (Wang et al., 2024), or object sets (Ardelean et al., 2025),
an executable scene program makes objects, geometry, layout, and camera explicit, and can be run, inspected,
edited, and queried like any other code. Yet existing approaches rarely adopt this form. Modular pipelines
compose specialized components for perception, reconstruction, asset retrieval, and scene assembly (Kim
et al., 2026; Kang et al., 2026), while learned models map images directly to fixed 3D outputs (Team et al.,
2026; Cao et al., 2025; Dahnert et al., 2021; Zadaianchuk et al., 2026). Neither offers a direct way to check the
result against the input and revise it. Building on recent program-based approaches (Hu et al., 2024; Li et al.,
2026a; Yin et al., 2026), we treat single-image scene reconstruction as the iterative construction of an explicit,
executable scene program, in which each step is executed, compared with the input image, and refined.

Coding agents (Anthropic, 2026; OpenAI, 2026) offer a natural way to instantiate this representation: rather
than predicting a scene in one shot, they can build it incrementally, using execution feedback to guide
each revision (Yin et al., 2026). We study this setting as LEGO-Anything, an Image-to-Code (Image2Code)
framework in which a general-purpose coding agent writes and executes Blender programs, inspects the
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Figure 1 From image to scene program. Given a single RGB image, a coding agent iteratively plans, edits
Blender code, renders, and inspects the result against the input, producing an editable and executable scene
program. The resulting scene program can also serve as a representation that can be queried directly for
detection, segmentation, and depth estimation.

evolving scene and its renderings, and revises the construction to match a single reference image. This
formulation lets us study three questions: (1) how faithfully coding agents reconstruct scenes from a single
image, (2) what limits their iterative construction process, and (3) whether the resulting scene programs
are precise enough to serve as representations of natural images. Figure 1 illustrates the formulation, from
iterative scene construction to querying the reconstructed scene for detection, segmentation, and depth.

To evaluate agentic end-to-end reconstruction, we need a benchmark whose inputs resemble the natural and
diverse scenes that users would actually ask a system to reconstruct, while still supporting precise automatic
evaluation. Existing benchmarks cover parts of this setting but not all of it: they focus on object- or part-level
modeling (Gao et al., 2026; Yang et al., 2026), specify worlds through text rather than images (Lu et al.,
2026a), or rely on calibrated multi-view indoor observations (Zhao et al., 2026). We therefore introduce
LEGO-Bench, a simulator-grounded diagnostic benchmark with 208 images rendered from 104 diverse indoor
and outdoor simulator scenes. Rendering from fully specified 3D scenes yields natural-image-style inputs
while retaining private geometry, depth, and instance masks for evaluation, and allows scene complexity to
be varied in a controlled way. LEGO-Bench separately scores artifact validity, visible-surface geometry, and
rendered appearance, distinguishing failures to deliver valid scene artifacts from failures of geometric and
visual fidelity. Among the evaluated coding agents and scene-construction baselines, GPT-6-astra achieves
the strongest overall results, with 53.4% indoor and 39.6% outdoor scores.

To diagnose why end-to-end scene reconstruction still falls short, we analyze agent construction trajectories
and identify three recurring failures: weak scene initialization, regressive edits during iteration, and unreliable
self-evaluation. These findings motivate LEGO-Plugin, a training-free harness plugin with three modules, each
targeting one failure: Enhanced Initialization grounds the starting scene in the reference image, Grounded
Refinement replaces unreliable self-judgment with evidence from the reference, and Version Control protects
previously correct progress from regressive edits. Rather than introducing a separate planner, LEGO-Plugin
plugs into existing harnesses as tools, skills, and runtime hooks. It improves all six evaluated models on the
LEGO-Bench Office subset, by up to 62.7% relative, with the largest gains for weaker agents.

We next ask whether reconstructed scenes are precise enough to serve as structured representations of natural
images (Zhang et al., 2025; Wang et al., 2026; Zhu et al., 2022) for downstream vision tasks. To this end, we
introduce LEGO-World, an evaluation setting that takes the program reconstructed from a natural image and
derives object detections, instance masks, and relative depth through deterministic readouts. Without any
task-specific training, these readouts achieve non-trivial performance on all three tasks but remain well below
SOTA vision models, suggesting that executable scenes from current coding agents are a promising but not
yet sufficiently precise representation of natural images.
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Table 1 Comparison of related 3D benchmarks. ✓: supported; ✗: not supported. LEGO-Bench uniquely
targets end-to-end evaluation of executable scene reconstruction across diverse, realistic scenes with controlled
difficulty.

Benchmark Image Input Scene-level Eval. Executable / Interactive Indoor/Outdoor Coverage Natural-Image Style Controlled Difficulty

3DCodeBench (Gao et al., 2026) ✓ ✗ ✗ ✗ ✗ ✗
WorldCoder-Bench (Lu et al., 2026b) ✗ ✓ ✓ ✗ ✗ ✗
P3D-Bench (Yang et al., 2026) ✓ ✗ ✗ ✗ ✗ ✗
SEIG (He et al., 2026) ✓ ✗ ✓ ✗ ✗ ✗
SceneActBench (Zhao et al., 2026) ✓ ✓ ✓ ✗ ✗ ✗
LEGO-Bench (Ours) ✓ ✓ ✓ ✓ ✓ ✓

2 Related Work

2.1 Coding Agents

Coding agents combine language models with tools for code editing, execution, and iterative verification
(Anthropic, 2026; OpenAI, 2026; Liu et al., 2026b). Their harnesses organize tool access, execution context,
and environmental feedback, allowing code to serve not only as an output, but also as an interface for
planning and interaction (Ning et al., 2026). Recent work extends this paradigm to visual and 3D settings.
VIGA reconstructs and edits visual programs through a code–render–inspect loop (Yin et al., 2026); SEIG
reconstructs images as editable Blender programs through staged executable inverse graphics (He et al.,
2026); ArtiCraft (Zhou et al., 2026a) develops an agentic coding interface for articulated 3D assets; and
Code-CoT (Liu et al., 2026c) uses executable 3D programs as intermediate representations for spatial reasoning.
In contrast, we study general-purpose coding agents as a testbed for single-image executable scene construction,
emphasizing scene fidelity, iterative failure modes, and the perceptual sufficiency of frozen reconstructed
scenes.

2.2 3D Scene Construction and Evaluation

Prior work addresses important components of scene construction under different assumptions. Procedural
systems generate natural, indoor, and urban environments from structured specifications and reusable
assets (Deitke et al., 2022; Raistrick et al., 2023, 2024; Deng et al., 2024), while image-conditioned methods
recover geometry and appearance from visual observations (Cao et al., 2026; Team et al., 2026). Other
work targets editable indoor scenes from RGB-D scans (Huang et al., 2026) or simulation-ready articulated
assets (Jiang et al., 2022; Liu et al., 2023; Wu et al., 2026; Zhang et al., 2026; Le et al., 2025; Cao et al.,
2025). These directions provide increasingly capable components, but do not directly answer whether a single
natural image can be reconstructed as a faithful executable scene.

Existing benchmarks leave different parts of this setting untested. 3DCodeBench (Gao et al., 2026) focuses on
procedural object modeling, P3D-Bench (Yang et al., 2026) targets parametric parts and assemblies, and
WorldCoder-Bench (Lu et al., 2026a) evaluates text-specified interactive worlds rather than fidelity to a
reference image. SEIG is closely related in its executable Blender-program formulation, but its quantitative
evaluations are object-centric. SceneActBench (Zhao et al., 2026) comes closest, but its reconstruction track
uses calibrated multi-view indoor observations and excludes room structure and texture recovery. LEGO-
Bench instead evaluates single-image, end-to-end executable scene reconstruction across diverse and realistic
environments, separating artifact validity, visible-surface reconstruction, and rendered appearance. See Table 1
and Appendix A.5 for additional comparisons.

3 LEGO-Anything: Scene Reconstruction as Image-to-Code

LEGO-Anything formulates single-image scene reconstruction as an Image-to-Code (Image2Code) problem.
Given a single RGB image I, a general-purpose coding agent π interacts with a 3D editing environment E to
produce a scene program P , whose execution constructs a 3D scene S:

P = π(I; E), S = ExecE(P ). (1)
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Figure 2 Agentic scene construction, abstracted from a GPT-6-astra trajectory. Four blocks define the process:
the Agent Workspace manages artifacts, the Action Space exposes agent operations, the Blender Code Structure
organizes editable scene state, and the Scene Construction Workflow iterates from reference interpretation to
validated final artifacts. Together, they enable executable, feedback-driven scene reconstruction.

In our setting, E is Blender. Rather than producing P in one shot, the agent alternates between editing
code, executing it, and inspecting the resulting scene and renderings, yielding a construction trajectory
τ = {(Pt, St, ot)}Tt=1 of intermediate programs, scenes, and observations, with P = PT . The agent submits the
final scene, its export, and a rendered view, which together form an executable artifact that can be evaluated
for fidelity and queried for downstream perception. Figure 2 illustrates this workflow as abstracted from a
GPT-6-astra trajectory. We evaluate final scenes in LEGO-Bench (Section 4), analyze trajectories to diagnose
failures and design LEGO-Plugin (Section 5), and query frozen scenes in LEGO-World (Section 6).

4 LEGO-Bench: A Simulator-Grounded Benchmark for End-to-End Scene Re-
construction

LEGO-Bench evaluates end-to-end 3D scene reconstruction in a setting that mirrors real use: given a single
natural image, an agent must reconstruct the scene as a complete, executable 3D artifact, jointly recovering
its contents, geometry, spatial layout, and appearance from one view. Because every case is rendered from a
fully specified simulator scene, ground truth comes for free, and the benchmark scales naturally: users can
extend it with their own scenes and assets through the same construction pipeline while retaining precise
automatic evaluation.

4.1 Benchmark Design and Construction

Real photographs lack precise 3D ground truth, while simple synthetic scenes lack realism. LEGO-Bench
resolves this tension by rendering inputs from professionally authored simulator scenes, which (1) provides
realistic, natural-image-style observations, (2) retains private geometry, object identities, camera parameters,
depth, and instance masks for automatic evaluation, and (3) allows scene complexity to be controlled directly.

As shown in Figure 3, we build LEGO-Bench in LychSim (Ma et al., 2026a) using scene and asset packs from
Fab, and organize indoor and outdoor scenes into themes with nested object sets (Easy ⊂ Medium ⊂ Hard).
We select only Fab assets whose usage terms allow AI use. Within each theme, architecture, materials, lighting,
and camera remain fixed while visible scene content increases, allowing matched comparisons across difficulty
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Figure 3 Extensible benchmark-construction pipeline. Fab assets are mined and
assembled into candidate scenes; human verification triggers either remaking
or annotation before acceptance. This human-in-the-loop process scales
benchmark construction while retaining simulator ground truth and scene
quality.

Table 2 Statistics of LEGO-
Bench. The benchmark spans
104 scenes, eight environ-
ments, 17 themes, and 443 as-
sets.

Statistic LEGO-Bench

# RGB Inputs 208

# Environments 8
# Themes 17
# Logical Scenes 104
# Registered Assets 443

levels. Candidate scenes undergo collision and stability checks and human review before inclusion. Because
this pipeline only requires registered assets and a scene specification, LEGO-Bench scales with available asset
libraries: new environments, difficulty levels, and views can be added without changing the evaluation protocol.
As an example, we include an NYC aerial split without difficulty pairing as a large-scale reconstruction stress
test (Appendix B.3).

LEGO-Bench contains 208 RGB inputs from 104 scenes across 8 environments and 17 themes, using 443
registered assets (Table 2). Through the construction pipeline in Figure 3, users can convert their own scenes
and assets into new evaluation cases with the same ground truth and scoring protocol. Each trial provides an
RGB image and public metadata, including image dimensions, horizontal field of view, a category taxonomy,
and an output schema, while reference geometry, depth, instance masks, object correspondences, and scene
transforms remain private to the evaluator.

4.2 Evaluation Metrics

We evaluate each trial along three complementary axes: submission Validity Vi, visible-surface Reconstruction
Ri, and rendered Appearance Ai. Together, these metrics distinguish failure to deliver an evaluable scene
from failures of geometric and visual fidelity. Appendix E provides implementation details, auxiliary metric
protocols, and a human-validation study of the headline metrics (Appendix E.5).

Validity. Validity checks whether the submission delivers usable scene artifacts: scene.blend must open and
contain renderable geometry and an active camera, scene.glb must be a well-formed, non-empty export, and
final.png must be a parseable, non-degenerate image. Submissions that fail these checks, or for which the
headline evaluation cannot be completed, receive Vi = 0 and Ri = Ai = 0. Low reconstruction quality alone
does not make a submission invalid.

Reconstruction. Reconstruction measures geometric agreement on object surfaces visible in the reference
view. We extract visible surfaces from the submitted scene under its active camera and derive reference-visible
surfaces from private depth. Both point sets are projected onto the image plane and partitioned into scored
objects by the private instance masks, then compared directly in camera coordinates without alignment or
rescaling. For each object o, precision is the fraction of submitted points within a depth-scaled tolerance
τ(g) = 0.05 z(g) of the nearest reference point g, where z(g) is its forward depth, and recall is defined
symmetrically. The Reconstruction score (F@5%) averages object-level F1 scores:

Fi,o =
2Preci,o Reci,o
Preci,o +Reci,o

, Ri =
1

|Oi|
∑
o∈Oi

Fi,o, (2)

where Oi contains the annotated scored objects (Appendix E.2), and Fi,o = 0 when its denominator is zero.
Missing surfaces reduce recall, while extra geometry within a scored mask reduces precision. Appendix E.2
also reports stricter F@2% and relaxed F@10% variants.
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Table 3 Performance (%) on LEGO-Bench. Higher is better for every metric. As a group, general-purpose coding
agents reliably produce valid artifacts across both Indoor and Outdoor splits, with GPT-6-astra achieving
the strongest overall performance.

Indoor Outdoor

Model (+ Harness) V ↑ R ↑ A ↑ S ↑ V ↑ R ↑ A ↑ S ↑

General-Purpose Coding Agents
GPT-6-astra + Codex 100.0 (0.0) 52.4 (1.1) 54.4 (0.7) 53.4 (0.8) 98.0 (1.0) 34.0 (1.5) 45.5 (0.5) 39.6 (0.8)
GPT-6-sol + Codex 99.4 (1.1) 22.2 (2.4) 42.5 (0.3) 32.3 (1.0) 99.7 (0.6) 19.8 (1.0) 28.7 (0.5) 24.2 (0.4)
GPT-6-luna + Codex 99.7 (0.5) 15.8 (1.2) 30.5 (0.3) 23.2 (0.7) 99.7 (0.6) 13.2 (0.6) 21.4 (0.5) 17.3 (0.5)
GPT-5.6-sol + Codex 97.8 (2.3) 9.8 (2.1) 19.8 (0.6) 14.8 (1.0) 98.7 (0.6) 12.8 (1.8) 17.7 (0.4) 15.3 (0.8)
GPT-5.6-terra + Codex 99.7 (0.5) 9.5 (1.0) 21.3 (0.5) 15.4 (0.6) 98.0 (1.7) 8.1 (0.7) 15.0 (0.9) 11.5 (0.4)
GPT-5.6-luna + Codex 99.1 (0.0) 10.2 (2.1) 18.0 (0.7) 14.1 (1.3) 97.0 (1.0) 7.8 (1.5) 16.6 (0.8) 12.1 (1.0)

Task-Specific LLM Systems
VIGA (Yin et al., 2026) 100.0 (0.0) 10.8 (1.5) 20.3 (0.7) 15.6 (1.1) 100.0 (0.0) 8.0 (0.4) 17.1 (0.0) 12.6 (0.2)
SceneConductor (Kim et al., 2026) 12.3 (2.3) 5.0 (2.1) 0.0 (0.0) 0.3 (0.2) – – – –

Single-Image Scene Construction Baselines
3D-RE-GEN (Sautter et al., 2025) 100.0 (0.0) 1.2 (0.1) 11.3 (0.2) 6.3 (0.1) – – – –
Gen3DSR (Ardelean et al., 2025) 92.0 (1.1) 65.4 (0.7) 0.0 (0.0) 30.1 (0.4) 80.0 (1.0) 35.0 (0.5) 0.0 (0.0) 14.0 (0.1)
REST3D (Ma et al., 2026b) 77.5 (13.0) 7.2 (0.7) 0.0 (0.0) 2.8 (0.4) – – – –
SceneGen (Xia et al., 2025) 71.6 (3.0) 9.7 (1.8) 0.0 (0.0) 3.4 (0.5) 38.7 (1.5) 2.6 (1.1) 0.0 (0.0) 0.5 (0.2)

Appearance. Appearance evaluates visual similarity between the reconstructed scene and the reference image.
Rather than scoring the agent’s own final.png, the evaluator re-renders the submitted scene, preserving its
camera, geometry, materials, lighting, and color settings while standardizing the rendering engine and output
resolution. Let Îi and Ii denote the evaluator render and reference image in 8-bit sRGB, with pixel domain
Ωi. Appearance is the fraction of pixels whose error does not exceed a threshold δ in any channel:

Ai =
1

|Ωi|
∑
u∈Ωi

1
[∥∥∥Îi(u)− Ii(u)

∥∥∥
∞

≤ δ
]
. (3)

This metric captures the combined effect of scene geometry, materials, lighting, and camera configuration on
the rendered view. We set δ = 30 (on a 0-255 scale) based on our sensitivity analysis (Appendix E.3).

Overall score. Valid submissions receive the mean of Reconstruction and Appearance. Artifact-invalid
submissions and unresolved evaluator failures receive zero. The benchmark score averages over all N
attempted cases, including failures:

S =
1

N

N∑
i=1

1

2
(Ri +Ai) ∗ Vi. (4)

4.3 Main Results

Experimental setup. We evaluate GPT-series coding agents under the Codex harness (Bolin, 2026), using
each model’s native harness behavior. All methods run in a shared execution environment based on the
Harbor Framework (Harbor Framework Team, 2026), with Blender 5.0.1 (Blender Foundation) and Blender-
MCP (ahujasid, 2025). We report mean and standard deviation over three runs; Appendix F details
baseline-specific configurations.

How well do coding agents reconstruct 3D scenes? Table 3 reveals a clear gap between artifact delivery and
faithful scene reconstruction. All six GPT configurations achieve near-saturated Validity, yet fidelity differs
sharply by model: overall scores range from 53.4%/39.6% for GPT-6-astra to 15.4%/15.3% for the strongest
GPT-5.6 configurations. Among baselines, Gen3DSR attains higher Reconstruction than GPT-6-astra (65.4%
vs. 52.4% indoors) but produces no evaluable appearance, while VIGA and 3D-RE-GEN deliver valid artifacts
with low fidelity. Three of six baselines do not support outdoor scenes, whereas all coding agents run on both
splits with stable Validity, although fidelity drops outdoors for every model.
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Finding 1: GPT-6-astra achieves the best overall score, surpassing task-specific and single-image scene-
construction baselines. Coding agents deliver valid artifacts across indoor and outdoor scenes.

Table 4 Performance across scene-complexity
tiers.

Indoor Outdoor

Tier R A R A

Easy 23.3 (0.1) 30.4 (0.6) 18.4 (0.9) 25.3 (0.4)
Medium 19.7 (1.2) 27.9 (0.6) 14.2 (1.0) 22.8 (0.9)
Hard 18.8 (0.4) 27.4 (0.5) 12.7 (1.0) 22.4 (0.3)

How does scene complexity affect performance? Increasing
scene complexity degrades fidelity rather than executability.
Averaged over all GPT-6 and GPT-5.6 configurations, Valid-
ity stays at 99.5% across tiers, while the overall score drops
from 24.6% (Easy) to 21.3% (Medium) and 20.5% (Hard), with
consistent declines in Reconstruction and Appearance on both
splits (Table 4). The drop is steepest for outdoor Reconstruction
(18.4% → 12.7%).

Finding 2: Greater scene complexity lowers both Reconstruction and Appearance while leaving Validity
intact, and outdoor scenes are harder than indoor scenes at every complexity tier.
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Figure 4 Test-time scaling im-
proves GPT-6 performance.

Does more reasoning improve scene reconstruction? We run a test-time
scaling experiment on a fixed 42-case Office subset, varying the harness-
native reasoning effort (Low, Medium, High, XHigh) while keeping inputs,
prompts, execution budgets, and scoring fixed. For all three GPT-6 models,
the overall score rises with effort (Figure 4): astra from 32.3% to 61.8%,
sol from 21.3% to 39.7%, and luna from 14.4% to 21.2%. Gains grow
with model strength, and astra saturates toward XHigh while sol keeps
improving. By contrast, GPT-5.6 models show weak or non-monotonic
changes (Appendix F.4).

Finding 3: Higher reasoning effort improves all three GPT-6 models, with larger gains for stronger models,
while GPT-5.6 models show no consistent improvement.

5 LEGO-Plugin: From Failure Diagnosis to Reliable Scene Reconstruction

LEGO-Bench scores the submitted scene but collapses the construction process into a single outcome. A poor
result may stem from a weak or delayed initial scene, edits that undo earlier progress, or an agent’s failure to
judge whether its scene is improving. We therefore analyze intermediate artifacts and test whether agents can
reliably evaluate their own artifacts. These diagnoses motivate LEGO-Plugin, a training-free harness plugin
whose three modules, Enhanced Initialization, Version Control, and Grounded Refinement, each target one
failure.

5.1 Diagnosing Construction Failures

Trajectory analysis. We re-evaluate every renderable intermediate artifact in the trajectories from our main
experiments with the LEGO-Bench metrics. This yields three trajectory-level quantities: time to the first
evaluable scene, the frequency of score-decreasing edits, and the gap between the best intermediate score
and the final submission. We contrast GPT-6-astra and GPT-5.6-sol here and report all four models in
Appendix B.2. As shown in Figure 5, GPT-6-astra reaches its first evaluable scene within roughly the
first tenth of its budget, whereas GPT-5.6-sol needs about one fifth, leaving less budget for render-based
refinement. After initialization, GPT-6-astra improves more steadily, while GPT-5.6-sol often stagnates or
declines: 29.6% of its edits decrease the score, and its final submission trails its best intermediate scene by
3.2 points. These regressions stem from later edits that damage geometry, camera settings, or a previously
stronger scene.
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Figure 5 Scene quality over construction time. GPT-6-astra reaches an evaluable scene earlier and refines it
steadily, whereas GPT-5.6-sol starts later and regresses more often. The gap shows that reliable construction
depends on fast initialization and protection against regressive edits.

Finding 4: Reconstruction quality is non-monotonic over the construction trajectory: weaker agents take
longer to produce an evaluable scene, and subsequent edits can still degrade scene fidelity.
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Can coding agents judge their own scenes? We next test
whether agents can tell when a scene improves. Given two
renderings of the same case, a judge model picks the better
one, and we measure agreement with the direction given by
deterministic LEGO-Bench metrics (chance: 50%). Across
all 36 builder–judge pairs of six models, self-judgments
agree 45.8% of the time on Reconstruction and 62.2% on
Appearance, versus 45.4% and 63.9% for cross-model judg-
ments. Judges are thus near or below chance on geometry,
and self-judging beats the mean of the other five judges
for only 3 of 6 builders on Reconstruction and 2 of 6 on
Appearance (Figure 6; protocol in Appendix F.3).

Finding 5: Coding agents cannot reliably judge scene quality, especially geometry, and self-judging offers
no advantage over cross-model judging. Refinement should therefore be grounded in deterministic evidence
rather than self-assessment.

5.2 LEGO-Plugin

LEGO-Plugin is a training-free control layer exposed as MCP tools, workflow skills, and runtime hooks,
rather than a separate planner or memory module. The agent remains the planner and Blender MCP remains
the scene editor, so LEGO-Plugin stays compatible with evolving harnesses while preserving native agent
behavior. All plugin signals are derived from the reference image alone; private benchmark ground truth is
never accessed. LEGO-Plugin comprises three modules, each targeting one failure mode from Section 5.1. We
illustrate the workflow in Figure 7 .

Enhanced Initialization. LEGO-Plugin recovers the scene frame and camera from the reference image with
VGGT (Wang et al., 2025), then derives visible-object layout cues to form an explicit initialization proposal.
This gives the agent a reference-aligned starting scene instead of an unconstrained first placement.

Grounded Refinement. Since agents judge their own scenes unreliably (Section 4), Grounded Refinement
replaces free-form self-correction with tool-grounded measurement. It extracts reference object regions with
SAM 3 (Carion et al., 2026) and relative depth with Depth Anything V2 (Yang et al., 2024), then compares
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Plan Action Observe Final Program

Enhanced Initials Grounded Refinement

Harness

LEGO-Plugin

Reference Image

Version Control Artifacts

Iteration

Figure 7 LEGO-Plugin. A harness-compatible plugin adds Enhanced Initialization, Grounded Refinement,
and Version Control to the vanilla coding-agent harness. These modules directly address weak initialization,
unreliable self-evaluation, and regressive edits without changing the underlying agent.

Example 1: Reception Example 2: Copy room

Ref. w/o plugin w/ plugin Ref. w/o plugin w/ plugin

Figure 9 Qualitative LEGO-Plugin examples. Relative to the best of three GPT-5.6-sol base runs, LEGO-Plugin
better matches both references and more than doubles overall scores (0.147→0.325; 0.109→0.278).

the executed scene against these targets through explicit residuals, such as projected extent and relative
depth, rather than global visual judgment.

Version Control. LEGO-Plugin treats each bounded update as a candidate revision and scores the resulting
scene against reference-grounded residuals. Each update is accepted, repaired, or rolled back to the last
accepted state, preventing later edits from silently overwriting earlier progress.

5.3 LEGO-Plugin Evaluation

Protocol. We evaluate LEGO-Plugin on the 42-case Office
subset (Section 4), comparing each model with and without
the plugin under identical inputs, prompts, execution budgets,
reasoning effort, and evaluator. As noted in Section 5, the
plugin sees only the reference image and the current Blender
scene, never private ground truth or LEGO-Bench scores, so it
guides construction without optimizing against the evaluator.

Main comparison. We compare each model with and with-
out LEGO-Plugin on the Office subset, reporting the overall
LEGO-Bench score for six model settings (Figure 8). LEGO-
Plugin improves all six models, with gains inversely related
to base performance: the three GPT-5.6 models improve by
55–63% relative (about 7–8 points), GPT-6-luna and GPT-
6-sol by 27.5% and 12.1%, and GPT-6-astra by only 2.1%.
This pattern suggests that the plugin mainly compensates for
the initialization, regression, and self-evaluation failures that
weaker agents exhibit, while the strongest agent already avoids
most of them.

GPT-5.6
Luna

GPT-5.6
Terra

GPT-5.6
Sol

GPT-6
Luna

GPT-6
Sol

GPT-6
Astra

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

O
ve

ra
ll 

sc
or

e

without plugin with plugin

+62.7%
+55.8% +55.3%

+27.5%

+12.1%

+2.1%

Figure 8 LEGO-Plugin comparison. LEGO-
Plugin improves all six models.

Finding 6: LEGO-Plugin improves every model without training, with the largest gains for weaker agents,
narrowing but not closing the gap to the strongest model.
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6 LEGO-World: Reconstructed Scenes as Visual Representations

Table 5 Task readout from frozen reconstructed
scenes on three 100-image tracks. Without
task-specific training, the same scenes support
detection, segmentation, and depth, but re-
main substantially behind specialist models.

Task Metric Methods Score

Detection
AP ↑ DINO 59.88COCO

BBox LEGO-Anything 30.14

Segmentation
AP ↑ Segment Anything 3 53.96LVIS

Mask LEGO-Anything 14.75

Depth Estimation
AbsRel ↓ Depth Anything 3 0.0783ETH3D

Depth LEGO-Anything 0.1554

We next ask whether reconstructed scenes can serve as rep-
resentations of natural images. Because each reconstructed
artifact is an executable scene program, object detection, in-
stance segmentation, and relative depth can be obtained as
deterministic readouts of the same frozen scene rather than
as separate task-specific predictions (Figure 1). For task k, a
deterministic readout ρk produces the prediction:

I
π, E−−−→ P

ExecE−−−−−→ S
ρk−−→ ŷk. (5)

We test whether a single reconstructed scene supports three
standard vision tasks. We reconstruct scenes with GPT-6-
astra, the strongest agent on LEGO-Bench, without LEGO-
Plugin, and let the agent label each object from the target
dataset’s category set. From each frozen scene, visible object
instances are projected into 2D boxes for detection and in-
stance masks for segmentation, and camera-space depth renderings provide relative depth. We evaluate on
100 randomly sampled images each from COCO val2017 (Lin et al., 2015), LVIS v1 val (Gupta et al., 2019),
and ETH3D (Schops et al., 2017). Since scene exports provide no calibrated confidences, box and mask AP
follow an equal-confidence protocol (Appendix H.2); coverage is reported in Table 9. As shown in Table 5,
scene readouts reach 30.1 box AP, 14.8 mask AP, and 0.155 AbsRel, compared with 59.9, 54.0, and 0.078 for
DINO (Siméoni et al., 2025), SAM 3 (Carion et al., 2026), and Depth Anything 3 (Lin et al., 2025).

Finding 7: Scenes reconstructed by current coding agents already support detection, segmentation, and
depth without task-specific training, reaching about half of specialist box AP, but fall well short of
specialized models. Executable scenes from current coding agents are thus a promising but not yet
sufficiently precise representation of natural images.

7 Conclusion

We presented LEGO-Anything, an Image-to-Code framework in which coding agents iteratively reconstruct 3D
scenes from a single image as editable, executable scene programs. LEGO-Bench separately measures artifact
validity, visible-surface geometry, and rendered appearance, revealing that current agents reliably deliver
valid scene artifacts but remain limited in geometric fidelity. Trajectory analysis traces this gap to weak
initialization, regressive edits, and unreliable self-evaluation, which LEGO-Plugin addresses through Enhanced
Initialization, Version Control, and Grounded Refinement, improving all six evaluated models without training.
Finally, LEGO-World shows that a single frozen scene already supports detection, segmentation, and depth
readouts, though well below specialized models. Together, these results position executable scene programs as a
promising, measurable, and diagnosable target for general-purpose coding agents, and we hope LEGO-Bench’s
extensible design supports future progress toward faithful scene reconstruction.
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Appendix

A Additional Related Work

The main paper focuses on work most directly related to end-to-end image-conditioned 3D scene reconstruction.
Here, we briefly situate LEGO-Anything within adjacent lines on procedural scene generation, object and
asset reconstruction, coding agents, and executable 3D benchmarks.

A.1 Procedural Scene Generation and Simulation Environments

Procedural systems construct large scene collections from rules and reusable asset libraries. ProcTHOR (Deitke
et al., 2022) targets embodied indoor environments; Infinigen and Infinigen Indoors (Raistrick et al., 2023,
2024) generate photorealistic natural and indoor scenes; and CityCraft (Deng et al., 2024) extends procedural
construction to cities. These systems provide scalable generation once structured specifications are available.
LEGO-Anything instead studies whether an agent can infer such an executable specification from a single
reference image.

A.2 Object Reconstruction and Asset Generation

Object-level image-to-3D methods recover geometry and appearance from visual observations. Representative
systems include TriMM (Cao et al., 2026), SAM 3D (Team et al., 2026), and LiteReality (Huang et al., 2026).
Such models provide increasingly capable geometric and appearance priors, making them useful components
of larger scene-construction pipelines. However, reconstructing an isolated object does not by itself determine
how multiple objects should be selected, positioned, articulated, and integrated into a coherent executable
scene.

Related work also studies articulated and simulation-compatible assets. Ditto (Jiang et al., 2022) and
PARIS (Liu et al., 2023) recover movable parts and articulation from observations. More recent systems
generate or refine structured articulated assets, including URDF-Anything+ (Wu et al., 2026), SIMART (Zhang
et al., 2026), and Articulate-Anything (Le et al., 2025). PhysX-Anything (Cao et al., 2025) further targets
physical attributes and simulation-ready representations. ArtiCraft (Zhou et al., 2026a) develops an agentic
coding interface for articulated-object generation, illustrating how executable programs can expose structured
modeling operations to a general-purpose coding agent. These lines are complementary to our setting:
they strengthen object-level geometry, appearance, or functionality, whereas LEGO-Anything evaluates
image-conditioned assembly of full executable scenes.

A.3 Scene Reconstruction and Editable 3D Intermediates

Holistic scene-reconstruction methods recover multiple objects, geometry, semantics, or layout from partial
visual evidence. Panoptic 3D scene reconstruction from a single RGB image jointly reasons about geometry,
semantics, and instances in a fixed scene representation (Dahnert et al., 2021). RecGen reconstructs multi-
object scenes from sparse RGB-D observations through a generative framework, directly addressing ambiguity,
occlusion, and uncertainty under incomplete views (Zadaianchuk et al., 2026). These works are closely related
in task motivation, but they differ from LEGO-Anything in output interface: we ask whether a general coding
agent can produce an executable Blender scene program from a single RGB image, rather than predicting a
fixed panoptic or generative scene representation.

Editable 3D intermediates are also useful beyond reconstruction. BlenderFusion uses 3D-grounded Blender
scenes for visual editing and generative compositing, showing that explicit scene state, camera control, and
object manipulation can support image-conditioned visual tasks (Chen et al., 2025). This is adjacent to our
LEGO-World motivation: executable scenes are valuable not only as reconstruction artifacts, but also as
inspectable representations that can be queried, edited, and reused by downstream procedures.
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A.4 Coding Agents and Harnesses

Coding-agent systems increasingly use code as the operational interface for planning, tool use, environment
interaction, and execution-based verification (Jimenez et al., 2024; Anthropic, 2026; OpenAI, 2026; OpenClaw
contributors, 2026; Liu et al., 2026b). Agent harnesses organize these interactions by exposing tools, maintaining
execution state, and returning environmental feedback to the underlying model (Ning et al., 2026). Recent
work has studied automatic harness optimization (Lee et al., 2026) and extended coding agents to scientific,
hardware, simulated, and physical environments (Karpathy, 2026; Li et al., 2026b; Yu et al., 2026; Chen et al.,
2026; Fu et al., 2026; Liu et al., 2026a; Kang et al., 2026). LL3M is especially relevant to our formulation
because it uses multiple language-model agents to write, debug, and refine Blender Python scripts for 3D
modeling (Lu et al., 2025). LEGO-Anything differs in the task and evaluation target: it evaluates end-
to-end image-conditioned scene reconstruction under hidden scene ground truth, rather than focusing on
language-driven asset generation and editing.

A.5 3D Construction Benchmarks

Existing benchmarks study the generation of executable 3D content through code. 3DCodeBench (Gao et al.,
2026) evaluates agentic procedural modeling, while WorldCoder-Bench (Lu et al., 2026b) and P3D-Bench (Yang
et al., 2026) examine code-based generation of structured, parametric, or physically grounded 3D content.
These benchmarks establish code generation as a practical interface between foundation models and graphics
environments. Buildee provides a Blender-based simulation framework for scene exploration, reconstruction,
and understanding with simulator-grounded geometry and semantics (Boittiaux and Lepetit, 2025). It is
complementary to LEGO-Bench: Buildee emphasizes interactive exploration and simulator tasks, whereas
LEGO-Bench fixes a single RGB observation, hides evaluator geometry and semantics, and evaluates final
executable scene artifacts across diverse scene families and controlled difficulty levels.

Compared with prior executable-3D benchmarks, LEGO-Bench is image-conditioned, scene-level, and end-to-
end : the agent must infer a complete executable scene program from visual evidence rather than generate
code from a textual or parametric specification.

B Supplementary Analyses

This section collects supplementary analyses on the scope and limits of LEGO-Anything beyond the paper’s
main evaluations. We place the strongest benchmark-adjacent evidence first and retain more exploratory
extensions only as secondary context.

B.1 Cost–Performance Pareto Frontier

Figure 10 summarizes the six coding-agent configurations with one point per model. The horizontal axis uses
a standardized token-cost proxy reconstructed from logged uncached input, cached input, and output tokens
for the retained source attempts; the vertical axis reports the corresponding benchmark-wide validity-gated
Final score.

Finding 8: GPT-5.6-luna is the absolute cheapest point, but most of the quality–cost frontier is defined by
the GPT-6 family: GPT-6-luna improves sharply over the lowest-cost regime, GPT-6-sol adds another
quality tier at moderate cost, and GPT-6-astra reaches the highest score at substantially higher spend.
GPT-5.6-sol and GPT-5.6-terra lie off the frontier.

B.2 Construction Trajectory Diagnostics

We analyze the first archived native, high-reasoning-effort runs of GPT-6-astra, GPT-5.6-sol, GPT-5.6-terra,
and GPT-5.6-luna. Each cohort targets 198 Indoor/Outdoor tasks; the 10 Bird’s-Eye tasks are excluded. An
eligible checkpoint has a valid Blender scene, geometry export, and both Reconstruction and Appearance
scores. Checkpoint quality is Q = (R + A)/2, computed offline and never exposed to the actor. Figure 11
summarizes matched common-task statistics for first-scene timing, trajectory regression, and final regret.
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Figure 10 Cost–performance frontier for coding agents on LEGO-Bench. Each point is one coding-agent
configuration, using full-benchmark mean Final score and a standardized token-cost proxy per input. The
dashed line connects the non-dominated frontier.

Finding 9: GPT-6-astra reaches its first evaluable scene later in absolute time, but earlier relative to
its own runtime, and it shows the lowest regression rate and best-to-final regret. Construction remains
non-monotonic for all four models, so final submissions should be interpreted as trajectory endpoints
rather than guaranteed best states.

Severity-selected failure example. To make this non-monotonicity concrete, Figure 12 shows the common task
with the largest mean best-to-last regret across the four models. We use this case only as a severity example.
It shows that even the strongest model can still regress sharply late in the construction process.

B.3 Bird’s-Eye Reconstruction Stress Test

The unpaired NYC Bird’s-Eye split contains 10 overhead-view cases per complete run. The main result
table pools these cases with the 90 ground-level Outdoor views, but we report them separately here only
as a stricter large-scale reconstruction stress test rather than as a matched benchmark split. It is therefore
excluded from the paired scene-complexity analysis. Table 6 reports the three GPT-6 agents under artifact
validity, Reconstruction F@2%, Appearance, and the corresponding validity-gated Final score.
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Figure 11 Trajectory diagnostics on the common-task intersection. GPT-6-astra reaches the first evaluable
scene later in wall-clock time but earlier relative to its own runtime, and it has the lowest regression rate and
best-to-final regret. Points and bars denote means and scene-family bootstrap 95% intervals.

Finding 10: GPT-6-astra is the strongest agent on the Bird’s-Eye stress test, and the GPT-6 family
substantially outperforms the GPT-5.6 family. However, all models still show a clear gap between artifact
delivery and much weaker strict-geometry reconstruction under F@2%.

B.4 Pilot Scene-Level Articulation Evaluation on LEGO-Bench

Motivation. Interactive 3D scenes must capture not only geometry and appearance, but also which objects
can move and how they move (Zhou et al., 2026b; Xiang et al., 2020). Prior work such as Articulate-Anything
and ArtiCraft (Le et al., 2025; Zhou et al., 2026a) focuses on individual objects. Scene-level evaluation is
harder because it must identify articulatable instances, recover their movable structure, and avoid assigning
false motion to static objects.

Canonical GT coverage. This pilot uses the canonical articulation registry described in Appendix D.4.
LEGO-Bench provides one human-validated reference articulation for each articulated asset together with
confirmed-static controls; Table 7 summarizes the resulting coverage of the canonical manifest.

Pilot diagnostic and result. As an initial scene-level diagnostic, each eligible canonical joint requirement is
classified as object missing, part missing, joint missing, wrong joint type, or correct. For one articulated object,
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Figure 12 A severe best-to-last regression example. Each model is shown on the same House bedroom task at
its best and last observed checkpoints. Even the strongest model can regress late in the trajectory. Displayed
Q is the ungated average of Reconstruction and Appearance.

Table 6 Performance (%) on the Bird’s-Eye reconstruction stress split. Higher is better for every metric.

Model + Harness V ↑ R ↑ A ↑ S ↑

GPT-5.6-sol + Codex 93.3 (5.8) 11.2 (7.9) 24.3 (3.3) 16.4 (3.6)
GPT-5.6-terra + Codex 86.7 (5.8) 0.9 (1.3) 23.0 (4.2) 10.7 (2.8)
GPT-5.6-luna + Codex 80.0 (10.0) 7.6 (6.0) 21.1 (2.9) 11.4 (2.8)

GPT-6-astra + Codex 100.0 (0.0) 24.0 (5.0) 46.6 (0.3) 35.3 (2.5)
GPT-6-sol + Codex 100.0 (0.0) 17.8 (2.6) 40.0 (0.8) 28.9 (1.0)
GPT-6-luna + Codex 100.0 (0.0) 6.7 (4.7) 34.4 (0.7) 20.0 (2.7)
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the provisional score is

Spilot
Art =

2C

2C +O + P + J + 2W + E
, (6)

where C, O, P , J , W , and E denote correct requirements, missing objects, missing parts, missing joints,
wrong joint types, and extra joints, respectively. Scene scores macro-average articulated target objects and
predictions that place movable joints on matched human-confirmed static objects receive zero.

We reevaluate one frozen Office submission without changing its predicted Blender scene. Under the earlier
partial GT adapter, only two articulated targets were scoreable and 12 were unavailable. The complete
canonical manifest makes all 14 articulated targets scoreable, retains 12 human-confirmed static targets as
false-motion controls, and reduces the unavailable count to zero. The submission still obtains Spilot

Art = 0, so
the zero reflects the prediction rather than missing articulation GT.

Finding 11: Under the complete canonical articulation manifest, the pilot Office submission still obtains
Spilot
Art = 0. A more concrete scenario for tenable scene-level articulation needs further exploration.

C Demos on LEGO-Bench

Figure 13 shows qualitative examples from the same run_01 evaluation split used in the main LEGO-Bench
experiments. Each row uses one reference image on the left and the evaluator-rendered final artifacts from six
coding-agent configurations on the right.

Reference 5.6 Luna 5.6 Terra 5.6 Sol 6 Luna 6 Sol 6 Astra
Example 1: Havana rum shop street

Example 2: NYC East Village

Example 3: House bedroom

Example 4: House kitchen

Example 5: Office open-plan

Example 6: Warehouse

Figure 13 Qualitative LEGO-Bench examples. Columns show the reference image followed by final evaluator
rerenders from GPT-5.6-luna, GPT-5.6-terra, GPT-5.6-sol, GPT-6-luna, GPT-6-sol, and GPT-6-astra.
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D LEGO-Bench Construction and Statistics

D.1 Scene Construction and Capture

LychSim provides the scene-construction, simulation, and ground-truth capture backend for LEGO-Bench.
We use it to assemble scene geometry, object layout, support relations, lighting, and materials, then render
benchmark inputs and record the hidden annotations used for evaluation. Candidate scenes are included only
after collision and stability checks and human review of the resulting scene composition and capture quality.

Task inputs and ground truth. Each task exposes only the public input needed for end-to-end reconstruction,
including the reference image, basic camera metadata, and the prediction schema. The geometric and
correspondence-level ground truth used for evaluation remains private to the benchmark.

Evaluator coordinate convention. For evaluation, simulator outputs are converted from LychSim’s left-handed
centimetre coordinates to the evaluator’s right-handed metric coordinates with +Z up:

pB = DpU/100, RB = DRUD, D = diag(1,−1, 1). (7)

Subscripts U and B denote the simulator and evaluation coordinate systems, respectively.

D.2 Controlled Scene Complexity

LEGO-Bench controls difficulty within matched scene families rather than by a global object-count threshold.
For each paired family, object membership is nested, with OE ⊂ OM ⊂ OH , so higher tiers add visible scene
content while keeping shared content fixed. Across the three tiers, architecture, lighting, materials, camera,
and the asset identity, transform, scale, and bounding box of every shared object are held constant. Every
retained object must preserve support consistency and be visible in at least one reference view; families that
violate these conditions are rejected. Difficulty is therefore defined by controlled additions within a scene
family rather than by raw object count alone. The Aerial XHard split has no matched family and is excluded
from the paired complexity analysis.

D.3 Dataset Statistics

Figure 14 shows representative benchmark inputs. Figures 15 and 16 report scene inventory and object-size
distributions.

D.4 Articulated-Asset Annotation

Annotated assets. The frozen benchmark registry contains 443 canonical assets, each of which received a
human articulation judgment. The archived review log additionally contains 597 historical records, including
superseded asset identifiers kept for provenance. We map these records back to the canonical registry before
computing statistics, so all counts below are reported over canonical assets rather than raw historical entries.
This is the same 443-asset registry summarized in Table 2. Execution records for the planned GPT-5.6-terra
proposal workflow are tracked separately in the source manifest and do not affect the reported benchmark
statistics.

Proposal and verification workflow. Annotation is human-verified throughout. For each candidate asset,
annotators inspect the reference observation together with the available source geometry. P3-SAM (Ma et al.,
2025) initializes the part segmentation, while X-Part (Yan et al., 2025) provides candidate part decompositions
and articulation structures. Before joint inference, an object-first stage groups mesh components into logical
rigid parts and labels each part as fixed, movable, or uncertain. Candidate joints then specify parent–child
relations, joint type, axis, origin, motion limits, and rest state. Deterministic checks validate the URDF
structure, mesh references, and executable joint motion. A reviewer then compares the complete object, part
decomposition, candidate structure, and rendered motion evidence. Acceptance requires complete coverage
of the object’s functional movable components, correct rigid-part grouping and mechanism geometry, and
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Figure 14 Representative LEGO-Bench inputs. LEGO-Bench includes indoor, outdoor, and Bird’s-Eye recon-
struction settings with controlled scene complexity.

Figure 15 Scored-object count per logical scene. Counts increase within paired families, but global count is
not used as the formal difficulty definition.

individually observable and executable joint motion. Reviewers may mark an object as static, validate its
articulation, or assign repair labels such as missing joint, incorrect grouping, joint type, axis, pivot, or motion
range. Before acceptance, each motion is executed in the simulator and visually checked, including the asset’s
return to its rest state. All automatically generated outputs remain proposals and are never promoted directly
to benchmark ground truth without human review.

Annotation results. Figure 17 provides a Sankey-style view of the round-by-round annotation flow, showing
how assets move from initial review to static acceptance, articulated acceptance, or regeneration as evidence
is refined across rounds. After 15 human annotation rounds, all 443 canonical assets are resolved: 368
(83.1%) are confirmed static and 75 (16.9%) have validated articulation, with no unspecified or unresolved
assets remaining. Each accepted annotation is linked to the reviewed asset revision and its motion-validation
evidence. Only human-reviewed and execution-verified annotations enter Articulation evaluation, using the
matching and aggregation rules in Appendix E.
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Figure 16 Distribution of scored-object size. Object scale spans small manipulable items through architectural
and city-scale structures.

Table 7 Coverage of the canonical articulation GT manifest. Joint requirements are parsed from the exact
human-accepted candidate URDFs.

Manifest statistic Count

Canonical assets 443
Confirmed static 368
Validated articulated 75
Joint requirements 327

Continuous 75
Revolute 55
Prismatic 197

GT unavailable 0

E Metric Implementation and Validation

The primary comparison uses Validity, Reconstruction, Appearance, and their validity-gated Final score.
Layout and articulation are auxiliary protocols and are documented separately after the headline metrics and
validation plan.

E.1 Artifact Checks and Reported Validity

The raw artifact-validity check measures deliverability rather than reconstruction quality. Artifacts pass
this check iff the submission contains a reloadable non-empty scene.blend with at least one mesh and an
active camera, a non-empty scene.glb, and a decodable non-degenerate render. This check is determined
from the submitted artifacts themselves rather than from process status: a timeout or interrupted run may
still leave a valid submission, while a clean process exit does not by itself establish validity. Artifact-invalid
attempts remain in the denominator and receive zero validity-gated Final score. For the main table, reported
Validity additionally requires completed headline evaluation: an unresolved verifier error receives zero penalties
for all four columns. Historical diagnostic analyses retain their stated artifact-validity and missingness
conventions. This distinction is important in agent evaluation more broadly: environment- construction
and agent-benchmark work increasingly treats usable artifact delivery as a first-class outcome, rather than
assuming that nominal task completion or process exit is sufficient evidence of success (Li et al., 2026b; Ye
et al., 2026).

E.2 Reconstruction Alignment and Scoring

The headline Reconstruction metric performs no registration. Submitted geometry is evaluated directly in the
camera frame induced by its active camera, and the evaluator does not fit or apply a global or per-object
transform. In particular, it does not absorb errors through fitted translation, rotation, scale, reflection,
anisotropic scaling, or a Layout transform. The evaluator rasterizes the submitted triangle geometry to obtain
submitted visible surfaces, back-projects private depth to obtain reference-visible surfaces, and uses private
instance masks to select the scored surface scopes.

Point-to-instance assignment. The implementation assigns surfaces to object scopes in the reference image
plane, not by matching predicted objects to ground-truth objects. Each scored reference instance has a private

25



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

303

45

7

88

353

17
7

66

355

24
7
15

42

355

30
7
15

36

359

39
7
15
23

359

44

7
15
18

359

48

7
15
14

359

48

7
15
14

359

49

7
15
13

359

60

7
15
2

359

60

7
15
2

359

62

7
15

368

74

1

368

74

1

368

75

Static Artic. Unspec. Unavail. Regen.

Figure 17 Human-in-the-loop articulation annotation process. The figure traces how the 443 canonical assets
move across review states over 15 human annotation rounds, from initial review to static acceptance, articulated
acceptance, or regeneration. The second round deliberately re-examines both first-pass articulation positives
and unresolved assets, so the articulated count need not increase monotonically. After 15 rounds, all assets
are resolved as 368 static and 75 articulated.

RGB segmentation color, which defines a binary mask Mo. The reference set Go is obtained by back-projecting
private depth samples whose pixels lie in Mo, after invalid/far-depth filtering and reference-camera visibility.
The submitted set is obtained by rasterizing the submitted triangles from the fixed camera frame, retaining
the visible submitted surface, projecting each visible submitted point into the same reference image plane,
and keeping it in Po iff its rounded projected pixel lies in Mo.

The evaluator therefore does not use predicted object names, categories, mesh grouping, or a Hungarian/IoU
matching step to establish object correspondence. A camera, scale, boundary, occlusion, duplicate-object, or
category error is penalized through where the submitted surface projects: it may be assigned to the wrong
private instance mask, fall outside all scored object masks, or fail the geometric nearest-neighbor test below.
Visible submitted geometry outside the scored object masks is excluded from the headline per-object macro
score, while companion object-union/visible-scene diagnostics and the evaluator-rendered Appearance score
expose broader-scope errors.

Nearest-neighbor tests. For each scored instance o, let Go be the reference-visible point set and Po be the
predicted visible point set assigned by the rule above. Recall is computed in the reference-to-prediction
direction:

Reco =
1

|Go|
∑
g∈Go

1

[
min
p∈Po

∥g − p∥2 ≤ τ(g)

]
,

with zero recall when Go is non-empty and Po is empty. Precision uses the opposite nearest-neighbor direction.
For each p ∈ Po, define g⋆(p) = argming∈Go

∥p− g∥2; the reference-dependent tolerance is then evaluated at
this nearest reference point:

Preco =
1

|Po|
∑
p∈Po

1[∥p− g⋆(p)∥2 ≤ τ(g⋆(p))] .

If Po is empty, precision is defined as zero for the F1 denominator. These rules make unmatched visible
predicted geometry inside a scored mask count as false-positive surface mass for that instance, and missing
reference-visible surface count as false-negative mass.

For each eligible object, precision and recall use a pointwise tolerance τ(g) = 0.05z(g), where z(g) is the
reference point’s positive forward depth in the reference-camera frame. There is no fixed metre floor or cap in
the headline tolerance. The object score is the harmonic mean of precision and recall, and the trial score is
the equal-weight macro average over eligible scored objects. Objects with no target points after sampling are
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Figure 18 Overview of the LEGO-Bench metrics. Validity checks usable scene artifacts; the main table also
treats unresolved headline-evaluation failures as invalid. Reconstruction is illustrated with step-wise point-
cloud states from the evaluator: visible GT surfaces from private depth, visible prediction surfaces from
the submitted scene, and per-object sets induced by private masks. Appearance compares a fresh evaluator
rerender against the reference image without geometric warping or camera refitting.

marked ineligible rather than included in the macro average; objects with target points but no submitted
points receive zero precision, recall, and F1. The whole-scene scoring representation is deterministically
capped at 100,000 points before the object masks are applied. Missing visible surfaces therefore reduce recall,
extra visible geometry inside a scored mask reduces precision, and camera or scale errors are penalized directly
rather than corrected after the fact.

The evaluator also reports stricter 2% and relaxed 10% depth-relative variants, fixed-distance and globally
aligned diagnostics, normalized symmetric Chamfer-L1, and visible-surface voxel IoU. These are auxiliary
diagnostics only; the headline metric remains the no-alignment per-object F@5% score.

Auxiliary reconstruction diagnostics. The strict and relaxed depth-relative variants keep the same visible-
surface point sets and per-object macro aggregation, but replace the headline tolerance by

τα(g) = α z(g), α ∈ {0.02, 0.10}, (8)

yielding F@2% and F@10%, respectively. Historical fixed-distance diagnostics instead use a constant threshold
τδ(g) = δ with δ ∈ {0.05, 0.10} m.

E.3 Evaluator-Rendered Appearance

Appearance uses a fresh render of the submitted Blender scene. The evaluator preserves its active camera,
geometry, materials, lights, and color settings, while fixing the rendering engine, output resolution, and
full-frame output. The reference is resized to that resolution without fitting a spatial warp, crop, camera
transform, or photometric correction. For 8-bit sRGB images, a pixel is correct only if its largest absolute
channel difference is at most 30. Appearance is the fraction of correct pixels, reported as a percentage. The
submitted final.png is checked for artifact delivery but does not substitute for this evaluator render.

This measure tests agreement with the reference rendering under a fixed protocol. It is sensitive to lighting,
materials, camera error, and geometry, and is not a perceptual similarity model or an independent measure of
geometric correctness. Reconstruction and Appearance are therefore reported separately as well as through
their validity-gated average.

Figure 19 reports a small-scale sensitivity check on a fixed six-task subset shared by GPT-6-astra and
GPT-5.6-sol. Varying reconstruction thresholds, appearance tolerances, and reconstruction point budgets
changes absolute values as expected, but does not change the model ordering on this subset.
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(c) Point-budget sensitivity.

Figure 19 Small-scale metric sensitivity on a fixed shared subset. Left: no-alignment per-object Reconstruction
under F@2%, F@5%, and F@10%. Middle: evaluator-rendered Appearance under RGB hit tolerances 20,
30, and 40. Right: Reconstruction F@5% under 25k, 50k, and 100k sampled-point budgets. Across all three
perturbations, GPT-6-astra remains ahead of GPT-5.6-sol; the conclusions are therefore not driven by a
single threshold or point-sampling choice in this subset analysis.

Figure 20 Human study interface used for metric validation. Left: annotator login. Middle: a worked example
shown before annotation. Right: the main annotation page, where the annotator compares two blinded
full-scene reconstructions against a shared reference and records one A/B/Tie judgment for each marked
object or region.

E.4 Aggregation and Failure Accounting

The main table averages over all attempted benchmark views within each declared Indoor or Outdoor split. For
completed evaluations, Si = Vi(Ri+Ai)/2; artifact-invalid trials receive Si = 0. In the main table, submissions
with usable artifacts but unresolved headline-evaluation failures are also assigned Vi = Ri = Ai = Si = 0 and
remain in the denominator as explicit failure penalties rather than measured scores. Conditional diagnostic
analyses may use restricted evaluated subsets, but must report both eligible and evaluated counts.

E.5 Human-Metric Alignment

To assess whether the headline metrics align with human judgment, we conduct a blinded A/B/Tie study
on fixed candidate pairs. Each task presents one natural reference image and two full-scene candidate
reconstructions. Reconstruction tasks ask annotators to compare four numbered objects using shape, size,
pose, placement, visible structure, and missing geometry, while disregarding color, material, texture, and
lighting. Appearance tasks ask annotators to compare four numbered circular regions using only local visual
similarity. Each annotator first completes one worked example for each task type and then annotates 40
assigned scenes from controlled-overlap batches: 20 Reconstruction and 20 Appearance.

We report results over six completed annotators in total 240 samples and 960 local area on those samples.
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Our primary inter-annotator measure is compatibility agreement, which counts Tie-A, Tie-B, and Tie-Tie as
agreement and only a direct A-B conflict as disagreement. Compatibility agreement is 86.6% overall, with
88.9% on Reconstruction and 84.3% on Appearance.

For human-metric comparison, human labels are aggregated per scored target, and an equal number of A and
B votes is treated as Both OK. On the metric side, we likewise assign Both OK whenever the absolute score
gap between the two candidates falls below a fixed uncertainty threshold, |sA − sB | < ε, with ε = 0.05. Under
this rule, human-metric compatibility is 83.7%, indicating that the headline metrics track human preferences
in most cases.

E.6 Articulation Protocol

Articulation evaluation asks whether a predicted scene recovers the benchmark’s canonical articulated structure
for each matched object, rather than whether it admits any visually plausible mechanism. Because global
scene pose is not part of the functional target, movable parts are first matched in an object-centric frame. The
articulation score then combines three factors: movable-part structure F1, matched-part surface quality, and
a quality-weighted joint F1 that evaluates parent–child structure, joint type, motion trajectory, and observed
state:

SArt = HMean(Sstruct, Sgeom, Skin). (9)

Unmatched predicted or ground-truth parts contribute false positives or false negatives, and assigning motion
to a human-confirmed static object is counted as an explicit error. We additionally report Worst-Mover,
movable recall, false-move rate, axis/state error, and complete-object success as diagnostics.

F Experimental Setup and Supplementary Results

F.1 Common Runtime and Artifacts

All formal experiments run in isolated Harbor tasks with Blender 5.0.1 and Blender-MCP. For each campaign,
we freeze the agent, harness, prompt, evaluator, timeout policy, and container image. The actor receives a
single public RGB image and no private depth, segmentation, or metric feedback. The main LEGO-Bench
coding-agent campaigns use three independent runs per model configuration; main tables report mean and
standard-deviation summaries over these repeated runs.

All coding-agent campaigns use the same base user prompt shown in Figure 21.

Vanilla user prompt

You are given a single RGB reference image.
Reconstruct the depicted scene in Blender using the available Blender MCP tools. Create a valid, editable 3D
scene that represents the visible environment and major objects in the reference image.
The submission must contain actual 3D scene geometry rather than a rendered-image approximation. Major
visible objects should exist as separate scene objects where appropriate.
Save the final Blender scene and export all required submission artifacts before finishing.

Figure 21 The vanilla user prompt for LEGO-Bench.

Evaluation is performed on the submitted artifacts, including scene.blend, scene.glb, and final.png when
available. Failed or incomplete attempts remain in scope. Main-table aggregation follows Appendix E.4;
conditional diagnostic subsets are reported separately.

F.2 Method Configurations and Information Access

The main table compares end-to-end systems: general-purpose coding agents, task-specific LLM systems, and
single-image scene-construction baselines. These systems need not share the same tools, native outputs, or
recovery procedures. The shared component is the evaluation endpoint: each method is scored by the same
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frozen evaluator on each supported task after any declared artifact conversion. This equalizes scoring, but not
inference budget or information access.

For the non-Codex rows, we preserve each method’s native generation pipeline and report only the tasks
it supports. VIGA is evaluated in its procedural-only setting with external asset generation disabled.
SceneConductor and REST3D are evaluated only on Indoor tasks in our setup, while SceneGen and Gen3DSR
are evaluated on both Indoor and Outdoor splits. 3D-RE-GEN is also Indoor-only; because it outputs
calibrated PLY geometry rather than a Blender scene, we convert its outputs to Blender using public camera
intrinsics, a fixed camera convention, and fixed area lighting before Appearance evaluation.

F.3 VLM Judge Setup and Reference Results

The VLM judge is read-only: it sees only the reference image and candidate renders, not system identity,
transcripts, private depth, segmentation, or LEGO-Bench scores. We evaluate GPT-6-astra, GPT-6-sol,
GPT-6-luna, and the three GPT-5.6 models as both builders and judges. The comparison contains 360
checkpoint pairs, 60 from each builder, and 2,160 primary judgments from the full 6× 6 matrix.

Each builder contributes one pair from each of 60 distinct, artifact-valid main-experiment trajectories from
runs two and three. We select 20 pairs each with sequence gaps of 1–2, 3–5, and at least 6, balancing run,
difficulty, and environment deterministically. Both checkpoint scenes and renders must exist, and their scene
signatures and image hashes must differ. Pairs with unavailable deterministic endpoint metrics are replaced
under the declared validity rule before judging, preserving builder and gap bucket. Selection does not compare
score values or judge preferences.

Agreement is an exact match to the deterministic metric direction, using ϵ = 10−6 for ties. both_bad and
terminal judge failures count as incorrect; all 60 pairs remain in each cell’s denominator. There are 0 terminal
failures among the 2,160 primary judgments. An additional 36 pairs are evaluated in reversed order by every
judge, yielding 216 audit judgments. Order-swap consistency ranges from 69.4% to 100.0% for Reconstruction
and 61.1% to 83.3% for Appearance.
Table 8 Builder–judge directional agreement (%). Each cell reports Reconstruction / Appearance agreement on
60 archived checkpoint pairs. Rows are builders; columns are judges. both_bad and failed judgments count
as incorrect.

Builder / Judge GPT-6-astra GPT-6-sol GPT-6-luna GPT-5.6-sol GPT-5.6-terra GPT-5.6-luna

GPT-6-astra 61.7 / 76.7 51.7 / 78.3 50.0 / 83.3 58.3 / 86.7 51.7 / 76.7 53.3 / 78.3
GPT-6-sol 45.0 / 75.0 45.0 / 78.3 46.7 / 76.7 43.3 / 75.0 48.3 / 81.7 45.0 / 63.3
GPT-6-luna 51.7 / 71.7 56.7 / 76.7 43.3 / 66.7 46.7 / 71.7 41.7 / 70.0 41.7 / 65.0
GPT-5.6-sol 41.7 / 48.3 45.0 / 60.0 38.3 / 53.3 46.7 / 48.3 46.7 / 55.0 46.7 / 46.7
GPT-5.6-terra 45.0 / 58.3 40.0 / 66.7 36.7 / 56.7 40.0 / 70.0 43.3 / 65.0 43.3 / 55.0
GPT-5.6-luna 41.7 / 51.7 43.3 / 46.7 45.0 / 35.0 35.0 / 43.3 41.7 / 41.7 35.0 / 38.3

Judge Prompt

All judges use the same prompt template:
You are a blind evaluator of a rendered 3D reconstruction. Image 1 is the original reference. Image 2 is candidate
A (left) and image 3 is candidate B (right). Judge only visible evidence in these images. Model identity, run
identity, critique text, and benchmark metrics are unavailable.
Reconstruction: Which candidate better matches the reference geometry? Judge camera/viewpoint, object
presence, layout, scale, shape, silhouette, and occlusion. Ignore color, material, texture, and lighting as much as
possible.
Appearance: Which candidate better matches the reference appearance? Judge color, material, texture, lighting,
shadows, and overall visual character. Do not reward geometry differences except where they prevent appearance
judgment.
For each question choose exactly one of: left, right, tie, or both_bad. Return only the requested JSON object.
Do not include an explanation, score, or confidence.
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F.4 Reasoning-Effort Protocol

We study test-time scaling with the native Low, Medium, High, and XHigh reasoning settings. The sweep
covers GPT-5.6-luna, GPT-5.6-terra, GPT-5.6-sol, GPT-6-astra, GPT-6-sol, and GPT-6-luna under the
Codex harness on the 42-task Office subset, comprising seven room types, three complexity levels, and two
paired views per room–level group. This produces a balanced 6× 4× 42 design with one scored outcome per
task cell. When infrastructure failures occur, we rerun the same model–effort–task configuration, but do not
use retries for best-of selection. Within each model, task inputs, prompts, execution budgets, and scoring are
held fixed across effort settings. All 1,008 outcomes are rescored with the same frozen evaluator and container
image. Figure intervals are pointwise 95% percentile bootstrap intervals for the mean over the 42 task inputs,
using 10,000 resamples; they do not measure variation across repeated runs.

The new GPT-6-sol and GPT-6-luna sweeps contribute 336 outcomes, all with completed evaluations. Their
High results are generated specifically for this sweep, whose prompts disable the extra camera guidance used
in the main-table campaigns. Thirteen Luna trials retain native nonzero-exit flags but yield artifacts that are
successfully rescored; these outcomes remain in the fixed denominator. Terminal evaluation failures would
receive zero scores rather than being dropped. Worker concurrency and shared-host disk contention varied
during this campaign, so its elapsed times are not treated as a controlled measure of reasoning cost.

G LEGO-Plugin: Implementation and Controlled Evaluation

G.1 Runtime Boundary

LEGO-Plugin runs alongside the standard Blender MCP. Blender MCP remains the only general scene editor
and the agent remains the planner; the plugin exposes only bounded operations for measurement, validation,
edit transactions, and evidence retrieval. It adds no unrestricted code-execution path and never modifies
the scene without an explicit agent call. All services communicate through fixed JSON schemas, and large
payloads are stored by content hash.

G.2 Shared Reference Evidence

Both Enhanced Initialization and Grounded Refinement draw on evidence extracted from the reference
image only: camera and scene geometry from VGGT (Wang et al., 2025), and optionally object masks from
SAM 3 (Carion et al., 2026) and relative depth from Depth Anything V2 (Yang et al., 2024). Providers
return image regions and depth maps; the agent, not the provider, decides which Blender entity each region
corresponds to.

G.3 Enhanced Initialization

The initialization service estimates a gravity-aligned, Z-up Manhattan frame from VGGT, constructs a
landscape and installs the room and camera together after validation. It then produces a construction plan
recording, for each visible object, its normalized centroid, projected extent, relative and ordinal depth, and
observability flags. The plan deliberately avoids metric depth or absolute object size, which cannot be reliably
recovered from a single monocular image. Outputs include the VGGT predictions, the recovered room and
camera, a rendered room shell, and an initialization report.

G.4 Version Control

Each edit is wrapped in a transaction that declares editable entities, protected entities, allowed types of
change, and acceptance requirements. Before the edit, the plugin snapshots the relevant scene state, including
transforms, meshes, materials, hierarchy, visibility, active camera, and render settings. After the Blender
MCP edit, it rejects any change to protected or undeclared entities. A transaction commits only if it produces
a non-empty allowed change and all hard requirements pass on the current scene ; otherwise it is rolled back
by removing new entities and restoring the snapshot. Evaluation runs allow at most eight transactions and
two rollbacks per case to prevent unbounded repair loops.
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G.5 Grounded Refinement

Validation checks named objects or collections against explicit requirements and returns pass, fail, or unknown.
Supported requirements cover existence, valid transforms and dimensions, support, containment, collision,
facing direction, repeated layout, camera visibility, projected centroid and extent, reference depth, depth
order, and rendered luminance. Failures of hard requirements, or missing evidence for them, block acceptance,
while other failures are reported as warnings. Each report records the requirements, measurements, and
residuals, and is tied to the exact scene state: any later scene change invalidates it. Each candidate receives
at most two correction rounds before it must be committed or rolled back.

G.6 Execution Records

As supporting infrastructure rather than a separate module, every plugin call is logged with its request,
response, Blender execution status, transaction state, and resulting scene signature, so that a failed backend
call can never be recorded as a successful edit. Runtime hooks prevent the agent from finishing while validations
are stale, transactions are unresolved, or renders are unreviewed. All camera renders are logged independently
of the prompt. At the end of each run, the plugin exports scene.blend, scene.glb, and a 1920×1080 render
without modifying scene geometry.

H LEGO-Anything: Natural-Image Task Protocols

H.1 Task Inputs and Frozen-Scene Readouts

The main paper evaluates GPT-6-astra without LEGO-Plugin on three fixed 100-image tracks: COCO val2017
detection, LVIS v1 validation instance segmentation, and ETH3D relative depth. The agent constructs a
scene before evaluation; task predictions are read from the frozen artifact. These experiments test a common
executable-scene interface across datasets, not whether a single scene has already been evaluated against all
three annotation types on the same image.

The readout projects semantic/instance geometry into visible-object boxes and masks and renders camera-
space depth. Ground-truth annotations and metric feedback belong to the verifier and must not be returned
to the agent. The intended category vocabulary and task schema are public inputs; exact camera metadata
and task-dependent prompt differences must be recorded.

H.2 Detection and Segmentation: Confidence and Missing Predictions

The archived direct baselines are DINO-R50-4scale-24ep for boxes and SAM 3 for instance masks. The
COCO comparison uses pycocotools.cocoeval.COCOeval with at most 100 detections per image; the LVIS
comparison uses lvis.LVISEval with at most 300 detections and its federated-label evaluation.

LEGO-Anything’s scene schema does not provide a calibrated confidence score. The AP export therefore
assigns every predicted instance a confidence of 1.0 and uses a deterministic tie order based on image ID,
category ID, and the mask/box payload. The main table reports this equal-confidence AP. It measures the
resulting ranking under that declared policy, not calibrated detector confidence. Missing scene predictions are
exported as no detections rather than dropping their images. Because LEGO-Anything emits deterministic
scene-derived predictions without calibrated confidence scores, AP should be read as a compatibility diagnostic
under a fixed ordering rather than as a calibrated ranking comparison against detectors or segmenters with
learned confidence scores.

Both scene-based AP tracks have 94 scored trials out of 100 attempted images. All 100 images remain in
the official subset AP evaluation. The separate score-free matched-IoU diagnostic has 93 paired quality-valid
images: one image in each subset contains no scored ground-truth instances, and the remaining missing
predictions further restrict paired coverage.
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H.3 Relative Depth and Coverage

The direct depth baseline is DA3MONO-LARGE. Evaluation uses the frozen inverse-depth scale-and-shift
alignment protocol, so this is a relative-depth comparison rather than a test of absolute metric scale. The
main table’s direct AbsRel is averaged over 100 images, whereas LEGO-Anything has 99 quality-valid depth
outputs. A missing output cannot be assigned zero error for a lower-is-better metric.

On the same 99 valid images, the archived direct and scene-based AbsRel means are 0.07845 and 0.15540,
respectively. This paired diagnostic addresses the coverage difference while retaining the separate 99/100
completion statement. Table 9 makes the distinct denominators explicit.
Table 9 Coverage of the natural-image comparisons. Official box/mask AP retains all 100 subset images,
including missing scene predictions. Matched diagnostics use only jointly valid pairs.

Track Attempted images Scene outputs scored Matched diagnostic pairs

COCO boxes 100 94 93
LVIS masks 100 94 93
ETH3D depth 100 99 99

The raw standard-evaluator metrics, equal-confidence exports, and paired comparison summaries are preserved
with source hashes in the ancillary file appendix_verified_evidence.json.

I Evaluation Infrastructure and Reproducibility

This section summarizes the evaluation infrastructure used by the reported experiments. Adapter support
alone does not imply that a corresponding model configuration appears in the paper; reported runs are
identified by the frozen manifests in Appendix F.

Harbor extension. We build on Harbor (Harbor Framework Team, 2026) for task expansion, repetitions,
logging, artifact collection, verifier execution, and aggregation. Our lego_bench_harbor package adds the
dataset converter, isolated Blender runtime, agent adapters, verifier, and run manifest. Public inputs are
mounted for the actor, while private geometry, masks, depth, and correspondences remain verifier-only.

Common runtime. Formal runs use isolated Docker/Compose environments with Blender 5.0.1, Xvfb, and
one Blender MCP listener per trial. Every harness receives the same image, prompt, taxonomy, tool interface,
limits, and artifact contract. The runtime collects the submitted scene artifacts, transcripts, and verifier
reports, and applies the same prompt-independent finalization policy on timeouts.

Codex. ContainerCodex subclasses Harbor’s Codex adapter (Bolin, 2026), registers the MCP tools in an
isolated CODEX_HOME, and attaches the input image. Final campaigns set model_provider=amazon-
bedrock; GPT-family identifiers therefore do not by themselves specify the serving path.

Hermes. Our wrapper uses Harbor’s generic adapter and the upstream Nous Research Hermes Agent (Nous
Research, 2026), pinned to revision aa6f77596b. ContainerHermes supports local-model diagnostics, while
ContainerBedrockHermes uses the Bedrock Converse provider with the same MCP tools and session export.
Only configurations with frozen run manifests are reported.
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