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Fig.1: VIGA constructs 3D scenes as executable programs from a reference
image. Starting from an empty 3D environment, VIGA constructs the scene by leverag-
ing abstract symbolic generation (writing and executing code to modify the scene) and
active visual verification (rendering the state to inspect visual discrepancies and provide
grounded feedback). By seamlessly interleaving code execution with fine-grained visual
perception, the agent progressively refines the layout, geometry, and lighting to match
the reference image.

Abstract. Vision-as-inverse-graphics, the concept of reconstructing im-
ages into editable programs, remains challenging for Vision-Language
Models (VLMSs), which inherently lack fine-grained spatial grounding in
one-shot settings. To address this, we introduce VIGA (Vision-as-Inverse-
Graphics Agent), an interleaved multimodal reasoning framework where
symbolic logic and visual perception actively cross-verify each other. VIGA
operates through a tightly coupled code-render-inspect loop: synthesizing
symbolic programs, projecting them into visual states, and inspecting
discrepancies to guide iterative edits. Equipped with high-level semantic
skills and an evolving multimodal memory, VIGA sustains evidence-based
modifications over long horizons. This training-free, task-agnostic frame-
work seamlessly supports 2D document generation, 3D reconstruction,
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multi-step 3D editing, and 4D physical interaction. Finally, we intro-
duce BlenderBench, a challenging visual-to-code benchmark. Empirically,
VIGA substantially improves accuracy compared with one-shot base-
lines in BlenderGym (35.82%), SlideBench (117.17%) and our proposed
BlenderBench (124.70%).

1 Introduction

Consider the images in Fig. 1. What would it take to recreate these scenes
symbolically in a graphics engine like Blender? Starting from scratch, we would
need to write code that crafts or imports appropriate assets, establishes scene
layout, places objects, and configures materials and lighting. Such an ability would
yield compositional scene representations, easily manipulated for applications like
robot training or interpretable digital twins. This capability represents achieving
“vision-as-inverse-graphics”, a longstanding aspiration since Larry Roberts’ seminal
1963 thesis on the blocks world [38].

However, solving inverse graphics for complex scenes [52, 62| remains extremely
difficult. Accurate reconstruction is not a passive, one-shot generation problem; it
inherently requires continuous observation, active information-seeking, and precise
geometric refinement. Existing approaches largely fall into two paradigms. On the
one hand, differentiable inverse graphics [5, 11, 29, 30| provides fine-grained visual
grounding through pixel-level optimization. However, its strict reliance on local
gradients makes it vulnerable to local minima, especially when the discrepancy is
large between the initial state and the target reference. Fundamentally lacking the
capacity for high-level semantic reasoning and active exploration, the optimization
process is unable to leap out of these non-convex traps. On the other hand, Vision-
Language Models (VLMs) offer a complementary paradigm. Leveraging broad
semantic priors, VLMs can generate scene code in a single pass, bypassing the
local minima that trap gradient-based methods. However, this one-shot paradigm
is inherently open-loop. Without fine-grained visual grounding, they struggle to
precisely verify and refine complex scene details, such as camera extrinsics, object
poses, and lighting. Consequently, even powerful proprietary VLMs struggle with
one-shot code generation for accurate complex scene reconstruction [42].

In this work, we demonstrate that these limitations can be overcome by
leveraging their complementary strengths. We present VIGA (Vision-as-Inverse-
Graphics Agent), a multimodal coding agent that tightly couples discrete symbolic
generation with continuous visual perception. By operating through a concise
code-render-inspect loop, VIGA allows code logic and visual evidence to actively
cross-verify each other. From a modern agentic perspective, this is a direct
instantiation of interleaved multimodal reasoning. It aligns with the emerging
notion of “thinking with images”, but in a substantially richer setting: rather than
relying on simple 2D image operations (e.g., crop/zoom), VIGA reasons through
a graphics engine whose action space is comprehensive, including camera poses,
3D geometry, materials, lighting, visibility, timestamps, etc. In a nutshell, this
agent thinks with a graphics engine.
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Fig. 2: The main pipeline of VIGA. VIGA operates through a continuous code-
render-inspect loop. At each step, the agent synthesizes a program, which is executed to
render a new scene. The agent then actively inspects this scene by invoking read-only
perceptual interfaces to adjust camera viewpoints, identify the dominant discrepancy,
and feed this visual feedback into the next step. We illustrate the scene editing task here.
VIGA can also synthesize scenes from scratch given a goal specification (as in Fig. 1).

To robustly execute this multi-turn reasoning (Fig. 2), VIGA relies on two
critical pillars. First, it equips the agent with a high-level semantic skill
library that strictly decouples scene observation from modification. For in-
stance, the agent can repeatedly invoke read-only perceptual interfaces (e.g.,
investigate) to actively shift camera viewpoints and gather multi-angle visual
evidence without altering the underlying scene. By explicitly comparing these
rendered multi-angle views against the target image to localize discrepancies,
the agent then triggers execution interfaces (e.g., execute_code) to apply tar-
geted programmatic edits. Second, it leverages an evolving, sliding-window
multimodal context memory to execute evidence-based modifications. This
structured memory retains recent plans, code diffs, and render histories. Crucially,
its sliding-window mechanism actively bounds this retained history, inherently
preventing context bloat and rot across long-horizon trajectories.

VIGA is a zero-shot, training-free framework. The verification process re-
lies only on the agent’s ability to interpret discrepancies between renders and
reference images. Therefore it requires no auxiliary predictors or differentiable
renderers. This design makes the approach exceptionally task and model-agnostic.
It seamlessly generalizes across 2D document layout editing (Fig. 7), 3D scene
reconstruction (Fig. 6), multi-step scene editing (Fig. 4), and 4D physical inter-
action (Fig. 8). Under a unified protocol, VIGA serves as a powerful capability
testbed to evaluate heterogeneous foundation VLMs. To rigorously stress-test
this unified paradigm, we introduce BlenderBench, a challenging suite of 27
tasks covering spatial adjustments, progressive editing, and compositional gen-
eration. VIGA delivers substantial gains across diverse benchmarks, yielding
signficant improvements on BlenderGym (+35.32%), SlideBench (+117.17%),
and BlenderBench (+124.70%).

In summary, we make the following contributions: (1) We introduce VIGA,
a training-free, execution-grounded agent that reconstructs and edits scenes
by closing the loop between code synthesis, rendering, and visual verification.
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This reframes vision-as-inverse-graphics as a coding agent problem, where the
rendered world becomes a medium for interleaved multimodal reasoning. (2) We
propose a robust architectural paradigm combining a high-level semantic skill
library with an evolving multimodal context memory, effectively sustaining long-
horizon cross-modal reasoning without finetuning. (3) We demonstrate that VIGA
delivers substantial empirical gains across a diverse spectrum of tasks, seamlessly
supporting 2D document layout, 3D reconstruction, multi-step scene editing, and
4D physical interaction. (4) We release BlenderBench, a challenging, open-ended
benchmark designed to rigorously stress-test agentic inverse graphics capabilities,
where VIGA shows significant improvements against existing baselines.

2 Related Work

LLM-based Agent. LLM-based agents that observe and act in digital environ-
ments, such as browsers [60] and computers [54], have achieved impressive progress
across various tasks, such as resolving issues in software engineering [17, 46, 58], or
navigating through web pages to seek information or complete tasks on behalf of
the users [3, 34, 67]. However, most agents behave effectively only when perceiving
the environment as text and fall short when processing visual information, such as
selecting products of certain styles on shopping websites [24]. These text-centric
agents become even more limited when situated in visual environments such
as 2D or 3D spaces [6, 7, 9, 16, 19, 23, 40, 43, 50, 57, 63], thus often fall short
in producing high-quality visuals [13, 14]. In this work, we bridge this gap by
presenting a unified agent that performs interleaved multimodal reasoning to
iteratively synthesize and analyze visuals across 2D, 3D, and 4D spaces. We
facilitate multi-turn verification and refinement through adaptive agent memory
[44, 51, 56, 61, 64).

Visual Analysis or Synthesis with Code. Structured code has been used
separately for image analysis and synthesis. On the analysis side, visual program-
ming approaches [12, 16, 20, 39, 43] generate code to solve visual understanding
tasks such as VQA. However, these approaches generate code in a single pass
and do not edit the code based on any visual feedback. On the synthesis side,
procedural content generation approaches [8, 35, 36] rely on predefined rules to
generate specific 3D content. Recently, instruction-driven approaches generate
visual content from text instructions leveraging large language models, spanning
SVG generation [49, 53, 55, 59], slide generation [4, 13, 45, 65], and 3D scene
generation [1, 10, 21, 27, 32, 33, 40-42, 66]. These approaches lack effective
analysis that can ground the scene back to code, and thus fail to update the
scene with code editing. We unify the two lines of work within a single framework
of interleaved multimodal reasoning that executes programs, verifies generation,
and then edits code in an iterative analysis-by-synthesis loop.
Vision-as-Inverse-Graphics through Programs. Since Larry Roberts’s sem-
inal Blocks World thesis [38], computer vision has often been framed as the
inverse of computer graphics. A stricter interpretation of this perspective aims to
recover a graphics program [15], i.e., an interpretable, compositional abstraction
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of a scene, from natural images using neural-symbolic methods [37]. For instance,
PICTURE [26] introduced a probabilistic programming framework for represent-
ing arbitrary 2D and 3D scenes, demonstrating early successes on faces, bodies,
and objects. Similarly, Wu et al. [52] proposed inferring structured markup code
from images, which can be rendered directly. Although effective for multi-object
abstract scenes like clip-art or Minecraft, their approach struggled to generalize
to real images. More recent approaches leverage large language models (LLMs) to
generate scene programs and refine them via supervision or verification feedback
[14, 25, 27, 40]. While closely related to our work, these methods differ in two
key respects. First, they rely on synthetic datasets or domain-specific verification
pipelines, which restrict scalability and adaptability to diverse forms of visual
feedback. Second, their workflows are typically predefined or tailored to particular
downstream tasks, such as 3D scene reconstruction using pre-defined graphics
engines and model weights.

In contrast, VIGA introduces a unified, training-free agent that seamlessly
interleaves discrete symbolic code generation with active visual verification. While
existing methods often rely on rigid, task-specific pipelines, our framework equips
the agent with a versatile semantic skill library. The agent dynamically invokes
these tools to probe the environment and execute changes, rather than being
constrained by embedded, domain-specific architectures. By operating through an
execution-grounded code-render-inspect loop sustained by an evolving multimodal
context memory, VIGA inherently functions as a task-agnostic framework. This
enables the agent to adapt zero-shot to a wide range of complex, long-horizon
inverse graphics tasks—spanning from compositional 3D scene editing to dynamic
4D physical simulations—without requiring any model finetuning.

3 Method

Recognizing the complementary strengths of VLMs (for holistic semantic reason-
ing) and differentiable inverse graphics (for fine-grained visual refinement), we
introduce VIGA, an interleaved multimodal reasoning framework designed to
leverage both paradigms. Rather than treating reasoning steps in isolation, VIGA
tightly couples these processes: the agent employs active visual navigation to
systematically explore and overcome severe spatial misalignments (Fig. 3), while
translating these fine-grained visual observations into targeted, programmatic
code edits (Fig. 4). As illustrated in Fig. 2, VIGA operationalizes this continuous
cross-modal loop via three core components. First, the agent drives an interactive
reasoning paradigm across the visual and symbolic spaces (Sec. 3.1). To sustain
this multi-turn trajectory, it leverages a dynamically evolving context memory
(Sec. 3.2). Finally, it utilizes a high-level semantic skill library to reliably ground
its perception and execution capabilities (Sec. 3.3).

3.1 Interleaved Multimodal Reasoning Framework

Formally, given an input target sj (e.g., a reference image) and an empty initial
state sg, the objective of inverse graphics is to synthesize a final executable
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Algorithm 1 VIGA Interleaved Multimodal Reasoning Loop.

Require: Target specification s
1: Initialize contextual memory Mg < 0
2: fort=0,1,..., 7 —1do

3: Phase 1: Symbolic Reasoning from Visual Input

4: TP o A(sh, M) > Formulates high-level plan
5 if 771" includes end_process then break

6: end if

T pi — A(sy, My, rPtamy > Synthesizes executable program
8: Phase 2: Cross-Modal Execution

9: s¢ + exec(pt) > Renders concrete geometric states
10: Phase 3: Visual-to-Symbolic Feedback

11: 78— A(sy, s¢, My) > Explores the rendered scene
12: fr — A(s}, st, 7% M) > Translates into actionable feedback
13: Phase 4: Context Memory Update (Sec. 3.2)

14: MtJrl < Tailg, (Mt @] {pt, ft})

15: end for
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Fig. 3: Agentic Visual Navigation. Demonstration of a visual inspection trajectory
in a cluttered scene. The agent autonomously invokes spatial tools (focusing, zooming) to
locate the inconspicuous target before evaluating attributes, showcasing an interleaved
code-visual reasoning loop.

*

program pr that renders a state sy visually consistent with sj. We implement
this iterative analysis-by-synthesis process via interleaved multimodal reasoning.
Specifically, we formulate this as a dynamic execution loop that fluidly transitions
across different multimodal action spaces, utilizing each modality to cross-verify
and inherently ground the others. Rather than naively chaining isolated single-
modal steps, our approach deeply integrates these spaces: the agent leverages
active visual navigation to verify spatial configurations and expose discrepancies
(Fig. 3), which subsequently guide precise programmatic edits in the symbolic
space (Fig. 4), forming a robust, self-correcting reasoning cycle.

Symbolic Reasoning from Visual Input. At each iteration t, the agent A
drives the generation loop forward. Conditioned on its current context memory
M;, it evaluates the target s} to derive a strategic planning trajectory 7/ tan —
A(s;, My). To instantiate this high-level plan, the agent must operate within the
discrete symbolic space to synthesize exact programmatic actions. During this
phase, A leverages forward anticipation, mentally mapping abstract symbolic
parameters to their continuous visual consequences, to construct the valid code:

pe = A(sh, My, 77'"™). (1)
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Fig. 4: Fine-Grained Visual Grounding. Agent trajectories across different tasks.
The agent detects nuanced visual discrepancies (e.g., mouth shape, lighting color) and
dynamically maps these high-level observations directly to precise code parameters,
avoiding rigid rule-based heuristics.

Cross-Modal Execution. Unlike standard coding tasks where the generated
program p; serves as a terminal textual artifact, our framework utilizes p; to
drive a deterministic modality shift. Instead of treating the code as an open-loop
endpoint, we execute it within a 3D graphics engine to render a continuous visual
state: s; = exec(p;). This execution acts as the crucial cross-modal bridge. By
projecting abstract symbolic structure into concrete visual observations, this
mapping structurally defines the interaction loop: the symbolic syntax provides
a precise action space for modifying the environment, while the newly rendered
visual state immediately exposes spatial discrepancies, directly driving the next
iteration of visual-to-code feedback.

Visual-to-Symbolic Feedback. To close the iterative loop, the agent seamlessly
transitions into an active observation phase within the continuous visual space.
By employing interactive tools (e.g., adjusting camera viewpoints) to explore
the newly rendered scene s;, the agent A generates a comprehensive observation
trajectory: 700 = A(sy, ¢, My). Finally, it rigorously compares this rendered
outcome against the target specification sy, translating any observed visual
discrepancies into actionable natural language feedback. This feedback serves as
the critical bridge back to the symbolic domain, guiding the agent’s next iteration
of programmatic edits:

ft = A(s;,

g7St,TtObS,Mt). (2)
This grounded visual feedback f;, alongside the synthesized program p;, is
subsequently assimilated to dynamically evolve the context memory into My,
providing the critical foundation for the ensuing reasoning cycle detailed next.
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Fig. 5: Ablation on Evolving Multimodal Memory. We compare the sequential
generation process with (w/) and without (w/o) our sliding window memory mechanism.
With the memory window, the agent successfully maintains long-horizon context,
progressively building a coherent scene (tree, sofa, fireplace). Without it, the agent
suffers from severe context loss, losing previously generated objects (e.g., tree) and
spatial relationships in later iterations.

3.2 Evolving Multimodal Memory for Long-Horizon Reasoning

Unlike standard text-based chat logs, the memory M, is constructed as a struc-
tured multimodal trajectory. At each iteration, it systematically archives the
interleaved sequence of reasoning traces (plans and feedback f;), symbolic actions
(executable programs p;), and grounded observations (rendered states s;). This
structured formulation is indispensable for fine-grained visual grounding. As
illustrated in Fig. 2, maintaining this multimodal historical context empowers the
agent to perform complex, progressive spatial refinements. By explicitly referenc-
ing past programmatic attempts alongside their resulting visual errors, the agent
can systematically converge toward the exact target state. For instance, to rectify
a spatial collision (e.g., a basketball intersecting a table), the agent actively
contrasts prior height parameters (0.8 vs. 0.7) to deduce the precise geometric
configuration (0.75). Without this evolving memory, the agent is restricted to
isolated, single-step edits, inevitably oscillating between incorrect states rather
than converging on exact parameters.

Mitigating Context Bloat. While memory ensures continuous refinement,
naively accumulating the complete multimodal trajectory introduces a critical
bottleneck. Such unbounded expansion causes context bloat, scaling the compu-
tational overhead and introducing distracting noise—a phenomenon known as
context rot [18, 28]. As the sequence lengthens, the foundation model’s reasoning
precision drastically degrades. To combat this, we constrain the memory using a
fixed-size sliding window that retains only the most recent L iterations. Fig. 5
demonstrates this necessity: while our window-controlled memory maintains
stable generation quality over long horizons, an unconstrained memory baseline
rapidly collapses. Crucially, this aggressive truncation is inherently lossless. Be-
cause the latest synthesized program p; functions as a self-contained symbolic
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Semantic Skill Encapsulated APIs Capability

State Observation

Spatial Navigation set_camera, investigate Actively adjust viewpoints to inspect
regions and bypass occlusions.

Temporal Inspection set_keyframe Navigate the 4D timeline to evaluate
dynamic physical motions.

Structural Query get_scene_info, set_visibility Query geometric attributes and toggle
object visibility.

Diagnostic Rendering initialize_view Render canonical views and compute target

bounding boxes.

State Modification

Asset Instantiation init_scene, get_better_assets Retrieve or generate high-fidelity 3D assets
via external modules to populate scenes.

State Execution execute_code Apply synthesized programs to persistently
update scene states.

Trajectory Control undo_action, end_process Revert erroneous edits or cleanly terminate

the reasoning loop.

Table 1: High-Level Skill Library as Semantic Interfaces. Rather than exposing
raw graphics APIs, we equip the agent with encapsulated capabilities. The library is
bifurcated into State Observation (gathering visual/structural context without altering
the scene) and State Modification (executing persistent changes), mirroring our dual-
space reasoning framework.

state that strictly encapsulates all prior successful geometric edits, it inherently
renders older, intermediate reasoning traces redundant.

3.3 Skill Library as a Semantic Interface for Graphics

Action Space Compression. A naive approach to scene generation is to prompt
the VLM to output raw, low-level graphics API calls (e.g., raw Blender Python
scripts). However, standard graphics engines feature a high-dimensional and
brittle action space. Exposing the agent directly to this low-level syntax severely
exacerbates context bloat and frequently leads to syntactic hallucinations or
non-executable loops. To address this, we conceptualize our skill library not
as rigid low-level APIs, but as a set of high-level semantic interfaces (Tab. 1).
By encapsulating fragile, atomic operations into reliable, macro-level skills, we
significantly compress the action space. This structural abstraction essentially
insulates the agent from low-level programming trivialities, freeing its entire
context window and cognitive capacity for what it excels at: high-level multimodal
reasoning and abstract planning [2].

Perception, Reasoning, and Action. To seamlessly bridge the symbolic and
visual modalities, the agent operates through a continuous triad of perception,
reasoning, and action. At the core of this loop is the agent’s internal reason-
ing capacity, which cautiously orchestrates the external skill library (Tab. 1).
Rather than blindly manipulating the environment, the agent first relies on State
Observation skills (e.g., investigate and get_scene_info). Because these in-
terfaces are inherently read-only and non-destructive, the agent is free to conduct
exhaustive, multi-turn spatial queries to achieve fine-grained visual grounding.
Crucially, this unconstrained exploration facilitates a cognitive leap from visual
appearance to structural abstraction. It allows the VLM to distill raw visual
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phenomena into a high-level semantic understanding of the scene’s underlying
physical, geometric, and spatial properties. Only after this rigorous transition
from surface-level grounding to abstract reasoning does the agent trigger a persis-
tent change via State Modification skills. Central to this is execute_code, which
translates this semantic understanding into exact parametric adjustments by
injecting the synthesized program (p;) into the engine. By strictly decoupling
fine-grained visual perception from abstract code execution, the framework en-
sures that scene mutations are conditioned on a comprehensive series of prior
observations and are highly deliberate.

4 Experiments

We evaluate VIGA across a diverse set of visual generation and editing tasks to
demonstrate the effectiveness of its interleaved multimodal reasoning paradigm.
We start by presenting qualitative results that highlight the visual fidelity and
broad adaptability of VIGA across 2D, 3D, and 4D domains (Sec. 4.1). Recogniz-
ing that traditional benchmarks primarily assess static, single-turn outputs, we
introduce BlenderBench, a challenging new benchmark designed to stress-test
multi-step, dynamic agentic behaviors (Sec. 4.2). Furthermore, we demonstrate
the generalization capability of VIGA, achieving substantial performance gains
on established quantitative benchmarks (Sec. 4.3).

4.1 Qualitative Results across Diverse Tasks

We present qualitative results across 3D scene reconstruction, 4D physics simula-
tion, and 2D document design to demonstrate the generation capabilities and
broad adaptability of VIGA. These examples illustrate that a unified interleaved
reasoning loop naturally generalizes to diverse visual tasks without relying on
domain-specific architectures or heuristics.

3D Generation and Editing. As illustrated in Fig. 6, VIGA reconstructs
diverse 3D scenes from sparse single-view inputs, ranging from photorealistic
images to hand-drawn sketches. When populating scenes spanning from object-
centric arrangements to complex indoor environments (e.g., sushi, bedroom), the
agent dynamically invokes the get_better_assets tool to retrieve and position
high-quality external meshes. It then iteratively optimizes the spatial layout and
material properties of these assets to faithfully reproduce the target’s lighting
and textures. Beyond parsing natural images, VIGA exhibits strong sketch-to-
3D generalization, converting sparse line drawings (e.g., an architectural house
sketch) into complete 3D geometries.

4D Dynamic Scene Simulation. Beyond static reconstruction, VIGA simulates
4D physical dynamics given a single image and a text prompt (Fig. 8). By inferring
and configuring underlying physical parameters (e.g., mass and collision shapes),
the agent translates static scenes into complex interactive environments, such as
a ball scattering fruit, a mirror shattering into reflective shards, or an earthquake
disrupting tabletop objects. While maintaining consistent reflections on moving
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Fig. 6: Qualitative Results on 3D Scene Gen- Fig.7: Qualitative Results on
eration. VIGA accurately generates high-fidelity 2D Document Design. VIGA
3D scenes from diverse visual inputs with precise generates high-quality presenta-
semantic and visual alignment. tion slides from text instructions.

glass or resolving multi-object collisions remains a fundamental bottleneck for
pixel-based generative models, VIGA bypasses these limitations. By executing
programmatic commands within a physics engine, the framework inherently
enforces strict physical accuracy and temporal consistency.

2D Document Design. In addition to 3D and 4D spatial graphics, Fig. 7 demon-
strates the framework’s applicability to 2D document generation. By substituting
the underlying execution engine, VIGA synthesizes professional PowerPoint slides
from scratch, orchestrating layout planning, text formatting, and image place-
ment. This flexibility underscores a core advantage of our approach: interleaved
multimodal reasoning naturally generalizes to any visual domain governed by
a programmatic interface, utilizing this structured action space to iteratively
converge on the target state.

4.2 BlenderBench: Evaluating Agentic Behaviors

Inspired by prior works on single-step graphics editing (e.g., BlenderGym [14]),
we introduce BlenderBench, a new benchmark designed to stress-test interleaved
multimodal reasoning. As illustrated in Fig. 9, while traditional benchmarks
primarily evaluate static final outputs, BlenderBench explicitly quantifies multi-
step, dynamic agentic behaviors, such as active spatial exploration, iterative
scene reasoning for attribute modification, and complex exploratory editing.
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Fig. 8: Qualitative Results on 4D Dynamic Scene Simulation. Given a single
reference image and a text instruction, VIGA accurately synthesizes complex physical
dynamics (e.g., multi-object collisions and glass shattering). It adaptively constructs
scenes by fetching SAM-3D [47] assets via init_scene (e.g., fruit, desk) or generating
them programmatically from primitives (e.g., mirror).

Setup. To stress-test interleaved multimodal reasoning, BlenderBench comprises
three progressive tracks: Task 1 (Camera Adjustment), Task 2 (Fixed-View
Editing), and Task 3 (Exploratory Editing). Because target references frequently
incorporate domain gaps (e.g., style transfers), we evaluate generation quality
using Photometric Loss (PL) and Negative-CLIP Score (N-CLIP), and introduce
a VLM Score to prioritize structural layout over task-irrelevant stylistic artifacts.
Finally, we compare VIGA against a standard one-shot approach and the memory-
less baseline BlenderAlchemy [22]. To ensure fair iterative comparisons, we adopt
a best-of-N setting [14] to analyze the impact of search budgets. In this setting,
the agent generates IV candidate edits at each step and selects the optimal one
for the next round.

Results. As shown in Tab. 2, VIGA consistently surpasses existing baselines,
yielding an average relative improvement (Impr.) of +124.70% across all evalua-
tion tracks and model settings. In Task 1 (Camera Adjustment), standard one-shot
methods fail due to limited zero-shot spatial perception, whereas our agent dy-
namically updates its viewpoint to locate targets. Notably, scaling the best-of-IN
search budget from N =1 to N = 4 under GPT-40 boosts the VLM Score from
1.44 to 3.25, effectively overcoming local minima during viewpoint alignment.
Furthermore, for joint spatial-visual reasoning in Task 3 (Exploratory Editing),
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Task 1: Camera Adjustment Q Tosk 2:Fixed:-View Editng Task 3: Exploratory Editing  oee-

Spatial Exploration In-View lferative Reasoning Joint Spatial-Visual Reasoning

Start Action (Code) Target Start Action (Code) Target Start Action (Code) Target

Fig. 9: Overview of the BlenderBench evaluation tracks. The benchmark com-
prises three progressive scenarios to stress-test interleaved multimodal reasoning. Task 1
(Camera Adjustment) isolates active spatial exploration for viewpoint alignment. Task
2 (Fized-View Editing) evaluates iterative scene reasoning and attribute modification
under a fixed camera pose. Task 3 (Exploratory Editing) unifies these challenges, re-
quiring the agent to actively explore the spatial layout while simultaneously executing
programmatic multi-step edits.

o Task 1 Task 2 Task 3 Impr.
Model Setting o
PL| N-CLIP| VLMt PL, NCLIP| VLM{ PL| N-CLIP| VLM1t (%)
One-Shot 48.16 64.17 0.58 7.36 7.12 2.75 30.14 38.69 0.25
BlenderAlchemy (best-of-1)  10.62 17.68 1.75 6.13 7.71 3.08 19.60 26.10 0.67 67.56
PTA VIGA (best-of-1) 8.56 18.19 1.44 5.11 4.33 3.58 1451 17.91 1.53 113.96
o (+19.40%) (-2.80%) (-17.71%) (+16.64%) (+43.84%) (+16.23%) (+25.97%) (+31.40%) (+128.36%) (+68.69%)
BlenderAlchemy (best-of-4)  14.50 19.57 175 1.95 2.47 3.53 20.62 25.79 0.56 77.48
VIGA (best-of-4) 5.47 6.10 3.25 2.94 3.50 3.83 12.62  22.84 1.61 159.19
(+62.28%) (+68.84%) (+85.71%) (-50.77%) (-41.70%) (+8.50%) (+38.79%) (+11.43%) (+187.50%) (+105.45%)
One-Shot 60.82 78.16 0.28 33.14 37.51 1.61 22.81 22.98 1.25
BlenderAlchemy (best-of-1)  25.61 37.93 0.36 10.69 13.92 2.64 30.45 23.91 0.64 27.36
ongVIgp VIGA (best-of-1) 1054 17.27 1.31 3.85 3.34 3.33 11.35 6.86 2.25 112.79
Qwen3-VL- (+58.86%) (+54.45%) (+263.80%) (+63.98%) (+76.06%) (+26.14%) (+62.75%) (+71.33%) (+251.56%) (+312.20%)
BlenderAlchemy (best-of-4)  11.57 17.58 1.19 5.38 4.64 2.94 23.62 15.67 0.93 82.24
VIGA (best-of-4) 8.80 15.67 1.38 5.02 3.86 3.08 9.08 6.94 2.02 112.87

(+23.92%) (+10.88%) (+15.97%) (+6.69%) (+16.81%) (+4.76%) (+61.54%) (+55.73%) (+117.20%) (+37.20%)

Table 2: Evaluation on BlenderBench. We report Photometric Loss (PL), Negative-
CLIP Score (N-CLIP), and VLM Score (VLM).

BlenderAlchemy suffers from cross-step inconsistency, frequently overwriting
earlier edits. By explicitly tracking states, VIGA executes complex modifications
while strictly maintaining sequential consistency, achieving a +187.50% VLM
Score improvement (GPT-4o, best-of-4). Beyond absolute metrics, the iterative
reasoning loop acts as a critical scaffold across varying model capacities. When
instantiated with Qwen, VIGA delivers a +312.20% relative gain over Blender-
Alchemy (best-of-1), effectively bridging the performance gap between lightweight
open-source models and larger closed-source models.

4.3 Evaluation on Existing Benchmarks

While primarily developed for interleaved multimodal reasoning, VIGA naturally
generalizes to standard single-step programmatic generation and editing tasks.
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Model  Sotting Shape Place Geom Light Mat l?:;; Model Setting  Exec. Qual. 1 Over.
PLL NC, PL} NCJ PLL NC| PLL NC| PL| NC| g One-Shot ~ 0.92 60.7 55.8
One-Shot 791 1996 1186 2031 1812 2191 206 217 878 1525 - GPT-do y1gn 0.95 614 58.3
B-Alchemy (bol) 7.82 2019 1157 2807 1558  20.61 144 k 1205 12.33 (+3.3%) (+1.2%) (+4.5%)
Gpra VIGA (bol) 670 1670 9.89 26.87 11.82 1576 143 1. .39 26.88 OneShot  0.93 653 60.7
(F143%) (+17.0%) (+145%) (+4.3%) (+201%) (+285%) (+0.7%) (+22.5% (+221%) (+1181%)  Claude-3.5 o
! ! ! ! ! ! ) Claude35 gy 090 692 622
B-Alchemy (bod) 1719 1020 2558 11.68 0 27.63 (32%) (+6.0%) (+2.5%)
VIGA (bot) 13.08  9.76  17.41 7.36 7.63  48.86
%) (123.9%) (151%) (+3L7% ) (+37.0%) (+27.8%) ( ) (aravy (oo One-Shot ~ 0.61 67.9 414
Gemini-2.5
One-Shot 776 2178 1410 14.02 3 983 1716 VIGA 0.69 70.9 48.9
(+18.1%) (+4.4%) (+18.1%)
B-Alchemy (bol) 12.11 3150  13.86 447 522 662 1698 581
. VIGA (bol) 1351 27.07  10.07 12.24  2.33 6.43 11.53  22.64 One-Shot  0.10 60.5 6.0
Qwen3-8B C1L6% 14.1%) (+27.3%) (428 (+15.4%) (455.4% 20%) (+321%) (1280.8%) Qwen3-8B
%) (+27.3%) (+28.8 5.A%) (+55.4%) (+2.9%) (+321%) (+289.8% Vica 051 608 32.8
B-Alchemy (bot) 920 1960 1307 3634 924 1262 368 423 442 1712 2323 (+440%) (+0.5%) (+446.7%)

VIGA (bod) 7.20  17.97 9.92 24.28 8.69 10.08 1.89 2,53 3.06  9.30  42.88

(+4217%) (+8.3%) (+24.1%) (+33.2%) (+6.0%) (+201%) (+48.6%) (+40.2%) (+30.8%) ( %) (+84.6%

Table 4: Evaluation on
Table 3: Evaluation on BlenderGym. We report Photo- SlideBench. We report
metric Loss (PL) and Negative-CLIP Score (NC). Here boN Execution, Quality, and
denotes the best-of-N setting. Overall scores.

To demonstrate this strong task-agnostic capability, we evaluate the framework
across two established benchmarks from distinct visual domains.

3D Editing (BlenderGym). We first evaluate VIGA on BlenderGym [14] for
single-step 3D scene editing. As reported in Tab. 3, VIGA consistently surpasses
both the one-shot baseline and the memory-less baseline BlenderAlchemy [22].
VIGA yields an average improvement (Impr.) of +35.32% across all the settings.
These results indicate that VIGA precisely localizes and modifies fine-grained
object attributes (e.g., blend shapes, placement, and lighting) while strictly
preserving the unedited elements of the scene.

2D Design (SlideBench). Extending to 2D environments, we evaluate VIGA on
SlideBench [13] for programmatic PowerPoint generation. As reported in Tab. 4,
VIGA delivers an average Overall score improvement of +117.17% across a diverse
spectrum of foundation models, spanning open-source (e.g., Qwen3-VL-8B) and
closed-source (e.g., GPT-4o, Claude-Sonnet-4) models. While standard one-shot
methods frequently halt upon encountering a single syntax or rendering error,
our interleaved reasoning loop acts as a robust error-recovery mechanism. By
iteratively parsing execution logs to rectify faulty code, VIGA drastically improves
the execution success rate (Exec.), ensuring the reliable generation of complex
document layouts.

5 Conclusion

We present VIGA, a multimodal agent that tackles inverse graphics through
interleaved multimodal reasoning. By deeply coupling discrete program synthesis
with active visual verification, VIGA maps abstract spatial concepts to pre-
cise, executable code across 2D, 3D, and 4D domains. To systematically assess
these dynamic agentic behaviors, we introduce BlenderBench, a comprehensive
benchmark designed to quantify multi-step spatial reasoning and progressive
scene editing. While current performance is bounded by the spatial perception
capabilities of underlying VLMs and context window constraints in extremely
long sequences, our framework is inherently extensible. As foundation models and
external generative tools (e.g., Meshy [31], Tripo [48], SAM-3D [47]) advance,
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their capabilities will seamlessly plug into our closed-loop paradigm. Ultimately,
by orchestrating an evolving memory and a semantic skill library into a unified,
training-free agent, VIGA tackles complex, long-horizon inverse graphics, serving
as a foundational step toward fully automated scene generation.
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