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Fig. 1: WorldAgents employs 2D foundation models as agents
in an iterative process to extract realistic, coherent 3D scenes
from their learned distributions. The scene generation process is
orchestrated by a VLM agent (director) that generates prompts
for new views to synthesize, fulfilled by an image generation
model that creates these views, and verified by a VLM agent
that assesses both 2D and 3D consistency of the new synthesized
image(s). The output is a sci-fi lab. scene reconstructed with
3DGS, and can be visualized from novel views for exploration.

Abstract. Given the remarkable ability of 2D foundation image models
to generate high-fidelity outputs, we investigate a fundamental question:
do 2D foundation image models inherently possess 3D world model ca-
pabilities? To answer this, we systematically evaluate multiple state-of-
the-art image generation models and Vision-Language Models (VLMs)
on the task of 3D world synthesis. To harness and benchmark their po-
tential implicit 3D capability, we propose an agentic framing to facilitate
3D world generation. Our approach employs a multi-agent architecture:
a VLM-based director that formulates prompts to guide image synthesis,
a generator that synthesizes new image views, and a VLM-backed two-
step verifier that evaluates and selectively curates generated frames from
both 2D image and 3D reconstruction space. Crucially, we demonstrate
that our agentic approach provides coherent and robust 3D reconstruc-
tion, producing output scenes that can be explored by rendering novel
views. Through extensive experiments across various foundation mod-
els, we demonstrate that 2D models do indeed encapsulate a grasp of
3D worlds. By exploiting this understanding, our method successfully
synthesizes expansive, realistic, and 3D-consistent worlds.

https://ziyaerkoc.com/worldagents
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1 Introduction

Recent rapid advances in 2D foundation models have revolutionized the field of
computer vision. Text-to-image diffusion models demonstrate an unprecedented
ability to generate high-fidelity, photorealistic images and exhibit deep semantic
understanding of visual scenes [6, 16, 28, 36]. Trained on internet-scale datasets,
these models encapsulate vast amounts of visual knowledge. While 2D genera-
tion has reached remarkable heights, the synthesis of immersive, 3D-consistent
environments, often referred to as 3D world generation, remains a formidable
challenge. Existing 3D generation methods [8,10,17,32,42,44,49] are frequently
bottlenecked by the scarcity of diverse, high-quality 3D training data or the
computational complexity of maintaining multi-view consistency through Score
Distillation Sampling [29,34,45,48].

Since 2D foundation models are trained on billions of 2D images, each of
which represents 2D projections of our 3D spatial world, a compelling hypoth-
esis emerges: these models may have implicitly learned the underlying spatial
structures and physical rules of the environments they depict. This leads us to
investigate a fundamental question: do 2D foundation image models inherently
possess 3D world model capabilities? If these models in fact learn a robust prior
of the 3D world, they could theoretically be leveraged to bypass the reliance on
explicit 3D datasets, serving as powerful engines for 3D scene synthesis.

To answer this question, we systematically evaluate the implicit 3D spatial
understanding of various state-of-the-art image generation models and VLMs.
However, high-fidelity 3D reconstruction demands near pixel-perfect cross-view
consistency, which single-pass prompting of a 2D model typically fails to guar-
antee. To harness and benchmark the potential implicit 3D capabilities of such
2D models, we propose a novel agentic method designed to orchestrate 2D foun-
dation models for the task of consistent 3D world generation.

We thus cast 3D scene generation as a multi-agent process, comprising three
specialized agents that work together to harness 2D image generation models to
reconstruct coherent 3D worlds:

1. VLM Director, which acts as the high-level planner, dynamically formulating
prompts to guide each new image generation and dictating the semantic
evolution of the scene.

2. Image Generator, which employs a 2D image generation model that executes
spatial navigation by sequentially inpainting to synthesize novel, geometri-
cally aligned views. Since the image models do not have explicit control of
the camera positions, we applied inpainting approach to guide image model
to complete the scene by dictating what to paint.

3. VLM 2-Stage Verifier, which serves as the critical quality control mechanism.
Unlike standard rigid pipelines, this verifier provides fine-grained evaluation
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to selectively keep or discard generated frames. Crucially, it assesses consis-
tency in two distinct stages: first from the 2D image space only, for semantic
and structural coherence, and then from the 3D reconstruction space to
guarantee strict geometric alignment.

We show that our method is able to effectively and efficiently elicit 3D scenes
from 2D models. Our generator operates strictly via sampling from 2D image
models without any 3D-aware weight updates. While we do employ 3D recon-
struction to construct the 3D scenes and during the verification process, this
3D information never propagates back to the generative process and is instead
resynthesized into updated text prompts and image conditions that guide 2D
image sampling.

We found that our agentic approach yields robust 3D reconstructions, allow-
ing us to freely explore various generated environments by rendering arbitrary
novel views. Through extensive experiments, we demonstrate that 2D founda-
tion models do, in fact, encapsulate a profound grasp of 3D worlds. By exploiting
this latent understanding through our carefully designed multi-agent orchestra-
tion, our method overcomes the limitations of independent 2D generation to
successfully synthesize expansive, realistic, and strictly 3D-consistent worlds. In
summary, our main contributions are as follows:

– We provide a comprehensive investigation into the implicit 3D world model
capabilities of state-of-the-art 2D image generation models guided by VLMs.

– We introduce a multi-agent architecture comprising a VLM director, a view
generator, and a two-step verifier, specifically designed to harness 2D models
for consistent 3D synthesis.

2 Related Works

2.1 3D World and Scene Generation

There has been recent focus in building 3D worlds from text prompt or input
views [2, 9, 19, 21, 40, 41, 50, 56, 57]. In particular, various methods have been
proposed to leverage the powerful generative capacity of image models or video
diffusion models, coupled with 3D-based control, typically through camera con-
trolled conditioning. A line of work approaches the problem in the form of a
panorama image generation [50,58]. LayerPano3D [50] employs a layered image
generation task. They fine-tune Flux [27] to generate panorama images from text
input. Unseen regions of each layer are inpainted with the same fine-tuned model.
Additionally, DreamScene360 [58] includes a text-to-image diffusion model to
generate a panorama image with a self-refinement mechanism using a VLM. Ad-
ditionally, one line of work also uses image diffusion models to create 3D scenes,
using point-cloud conditioned inpainting [41]. To fully leverage existing image
diffusion models, our approach operates entirely without additional pre-training.
Furthermore, we introduce a multi-agent framework that actively guides the en-
tire generation pipeline, rather than acting solely as a verifier. Crucially, our
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verification process ensures consistency directly within the 3D reconstruction
space, moving beyond standard 2D image-domain validation. Our generation
process includes iterative inpainting that does not require generating panorama
images.

One line of work approaching this problem with both image- and depth-
inpainting [21,55]. Both WonderWorld [55] and Text2Room [21] are using hand-
crafted prompts to synthesize new regions to create 3D scenes. In contrast, we do
not use handcrafted prompts but rely on VLM-based agents to orchestrate the
scene generation process to construct navigable 3D scenes. Additionally, we em-
ploy an iterative, image-based inpainting strategy for scene generation to demon-
strate the high degree of 3D consistency achievable without relying on explicit
depth inpainting. Another line of work in scene generation includes retrieval-
based layout-generation methods [17, 30, 43, 44, 51, 52]. These methods rely on
3D layout data to be trained on which is orders-of-magnitude less than what
image models have. Major direction in video-based scene generation is camera-
controlled models [3,4,57]. Following advances in video synthesis, Stable Virtual
Camera [57] demonstrated scene navigation and traversal through fine-tuning
video diffusion models to provide camera-controlled multi-view generation. This
creates compelling novel-view synthesis that can be used for further 3D recon-
struction. WorldExplorer [40], took this approach further to generate large 3D
scenes that can be 3D reconstructed and arbitrarily rendered from novel views.
Unlike these approaches, we employ VLM-based agents to guide the process and
verify the generated frames without requiring crafting of a trajectory generation
process. Our approach does not use any fine-tuned camera-controlled model but
relies on existing text- and image-to-image 2D foundation models.

2.2 2D Foundation Image Models

Past years have seen unprecedented advances in 2D image generation mod-
els [16, 22, 28, 33, 36, 46]. Recent models can be conditioned on both text and
multiple-images at the same time to achieve text-conditioned editing capabil-
ities. Various methods have thus been built on top of these models to explore
the capabilities for other downstream tasks such as 3D reconstruction using SDS
(Score Distillation Sampling) and personalization [18, 34, 35, 37, 38]. Such image
foundation models show strong capabilities in those downstream tasks. Their
powerful generative and perception capacity have also inspired our approach
to leverage image foundation models to their full extent to understand if they
would generate 3D-consistent views. Nano Banana [11, 46] and Flux.2 [28] are
some of the most recent methods that can generate high-fidelity images within
a few seconds. We aim to exploit the full power of those image synthesis models
to generate traversable 3D scenes.

2.3 Agent-Driven Generation and VLM Evaluators

Recently, agent-based methods have achieved remarkable success across various
domains [14,17,23,43,54]. These approaches leverage the robust visual and tex-
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tual reasoning capabilities of Vision-Language Model (VLM) agents to tackle
diverse tasks. Closest to our work is VIGA [54], which translates images into
3D scenes by generating corresponding Blender [12] code. Their experiments
demonstrate that VLMs possess a deep semantic understanding of scenes and
can effectively manipulate code representations for image-to-3D reconstruction.
Inspired by the strong reasoning capabilities of VLMs and recent advancements
in 2D foundation models, we introduce a method for frame-by-frame 3D world
generation. Unlike VIGA, which relies on a proxy code representation for static
3D reconstruction, our method directly generates image frames, and our ultimate
objective is the synthesis of interactive, navigable 3D worlds from text prompts.

3 Method

Figure 2 presents an overview of our proposed method. We formulate 3D scene
generation as a collaborative process orchestrated by three specialized agents:
a Generator, a Verifier, and a Director. The Generator is a 2D image foun-
dation model capable of text- and image-conditioned synthesis; we leverage it
to inpaint specific regions based on scene captions generated by Director. To
maintain global consistency, the Verifier evaluates each newly generated image
against a history of previously accepted views. It concurrently maintains an in-
termediate 3D reconstruction to ensure the generated views form a geometrically
coherent 3D space. The overall iterative process is guided by the Director, which
analyzes the verified view history to propose descriptive prompts for novel view-
points. Once the Director determines that the scene is comprehensively covered,
the generation process terminates, and the accumulated views are utilized to
reconstruct the final 3D Gaussian Splatting (3DGS) representation using AnyS-
plat [24].

3.1 Problem Formulation

Given an input text description y1, our aim is to generate a spatially coherent
3D scene W representative of y1. Concretely, we produce a set of N posed images
that collectively define a 3D world and can be reconstructed as 3D Gaussians [25]
to enable navigation and exploration of the 3D world. We provide agents with a
total of R̂ number of tries to generate N images. We additionally include the text
description for each frame in our world state. In total, our world state is com-
posed of a series of verified 2D images, their camera poses and corresponding text
prompt, which are acquired through agentic process employing 2D foundation
models and VLMs. Formally, we represent this scene as:

W = {(Ii, Pi, yi)}Ni=1

where each Ii is a high-fidelity image and Pi is its corresponding absolute camera
pose in the global coordinate system. The initial frame generation step is a special
case, as it does not involve Director agent. It is just a text-to-image generation
task using y1.
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Fig. 2: Method overview. Our method employs a multi-agent approach comprising
a Director, a Generator, and a Verifier to construct coherent 3D scenes using image
diffusion models. The Director guides the overall process by formulating novel prompts.
The Generator then leverages sequential inpainting to synthesize 3D-consistent views.
Subsequently, the Verifier evaluates these generated views to ensure rigorous multi-view
consistency. Finally, the verified frames are reconstructed into a 3D Gaussian Splatting
(3DGS) representation.

We formulate 3D world generation as an iterative, agent-directed process. At
each discrete time step t, a director agent D analyzes the current world state
Wt = {(Ii, Pi, yi)}ti=1 to propose how to expand the region by generating text
prompt yt+1. When the overall generation has gone through R̂

2 tries, it switches
to exploring left. Next camera view is calculated as Pt+1 = Pt ·∆Pt, where ∆Pt

is a relative transformation of camera towards either right- or left-direction in
a fixed amount, it also contains a random perturbation to create more diverse
coverage for the next view.

Given the previous view It and the new camera pose Pt+1, a generator agent
G relies on a 2D foundation model to synthesize a candidate view Ît+1.

As 2D foundation models can be prone to structural hallucinations that vi-
olate multi-view geometry constraints, we introduce a strict 2-Stage Verifier V.
The Verifier acts as a binary gating function that evaluates the candidate Ît+1

against the established world Wt across both 2D semantic space and 3D recon-
struction space:

V(Ît+1,Wt) =

{
1, if Ît+1 is semantically & geometrically consistent with Wt

0, otherwise

The candidate view is appended to the global state (i.e., Wt+1 = Wt ∪
{(Ît+1, Pt+1, yt+1)}) if and only if V(Ît+1,Wt) = 1. If rejected, the candidate
is discarded, and the generation step is re-sampled. By optimizing this discrete
acceptance criterion, our approach guarantees that the final generated world W
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adheres to multi-view constraints while exploiting the superior visual fidelity of
the underlying 2D foundation model.

The process ends when we reach R̂ maximum number of tries, N images,
or the director agent concludes that all of the scene is observed and gives stop
signal.

3.2 Director Agent

The Director agent, denoted as D, serves as the semantic orchestrator of the
3D world synthesis process. To prevent the semantic drift and unconstrained
wandering typical of autoregressive video generation, D dynamically computes
the next logical viewpoint based on the exploration history.

At each time step t, the Director observes the current state of the generated
world Wt alongside the overarching global text prompt y, which is equivalent
to y1. It is parameterized by a Vision-Language Model (VLM) that acts as a
policy, mapping this environmental context to a view-specific text prompt yt+1

by checking out the world state and the previous prompts: yt+1 = D(Wt).
Concurrently, yt+1 explicitly defines the expected visual content from the

new perspective, providing strict semantic conditioning for the Generator. It
includes textual description of where to investigate and what to be included in
that part of the scene when the camera pose changes. The y1 is already provided
as an input, therefore, the Director agent is not involved in the generation of
first frame.

By prompting the VLM to iteratively predict yt+1, our framework functions
as an autonomous, context-aware semantic operator, ensuring that the explo-
ration trajectory creates meaningful scenes strictly aligned with the global se-
mantic prior y. For instance, our director agent suggests following prompts in
sci-fi scene for one iteration “expand further right, seamlessly continuing the sleek
metallic wall panels ... wrapping blue and cyan neon strips ... a large, translucent
cylindrical containment unit with softly pulsing blue lights ... embed a recessed
digital control panel". It provides comprehensive and semantically-rich prompts
for the next view by also keeping the overall context in the sci-fi scene.

Our trajectory procedure starts from the first frame and first goes in the right
direction and then the left direction. We prompt Director about which direction
we are heading now. After that, we apply fixed rotation of ϕ degrees around the
up-axis to form Rfixed. To increase coverage diversity we apply random transfor-
mation, Trandom on top of that.

Pt+1︸︷︷︸
4×4

= Pt︸︷︷︸
4×4

·Trandom︸ ︷︷ ︸
4×4

·Rfixed︸ ︷︷ ︸
4×4

We calculate Pt+1 using that formula, where · means matrix multiplication,
and ∆Pt = Trandom ·Rfixed. If the process has gone through R̂

2 tries, the director
switches the process to exploring left of the initial frame.
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3.3 Generator Agent

The Generator agent, G, is tasked with synthesizing a high-fidelity candidate
view Ît+1 that adheres to the semantic conditioning yt+1 provided by the Di-
rector and geometric transformation Pt+1. To embed 3D structure and cam-
era awareness into the 2D generation process, we reinterpret the 2D generative
model as sequential inpainting. Each new image is conditioned on re-rendered
views based on the reconstruction from previously generated views, ensuring
geometric consistency across the scene.

In order to generate a new image, we first collect the Wt to reconstruct a
3DGS scene. We then re-render the scene from a new view to provide it as an
input to our image diffusion model. Specifically, we utilize AnySplat [24] to lift
Wt into a global set of 3D Gaussians, denoted as Θt, Θt = FAnySplat(Wt).

To continue exploring the environment and synthesize the subsequent novel
view, we compute a target camera pose Pt+1, which includes fixed rotation to-
wards either left- or right-direction. Rather than relying on a strictly determin-
istic trajectory, we introduce a stochastic exploration mechanism by applying a
randomly perturbed transformation so that the generator can get a more diverse
coverage of the scene. Finally, we employ the Gaussian rasterizer R to render
the reconstructed scene from the novel viewpoint Pt+1. This yields the rendered
image Iwarp

t+1 , Iwarp
t+1 = R(Θt, Pt+1).

Due to camera translation and rotation, Iwarp
t+1 inevitably contains missing

regions caused by disocclusions and new camera field of view. We leverage a
pre-trained 2D foundation model, Ginpaint, to complete the missing visual infor-
mation. The model is conditioned on the known warped pixels, and the localized
text prompt yt+1 from director, Ît+1 = Ginpaint(I

warp
t+1 , yt+1).

By grounding the generation process in explicit 3D reprojection before apply-
ing the 2D generative prior, the Generator ensures that the overlapping regions
between It and Ît+1 remain geometrically rigidly aligned, while the foundation
model is constrained purely to filling in the structurally logical, disoccluded re-
gions.

3.4 2D & 3D Verifier Agents

Because 2D foundation models are prone to structural hallucinations and per-
spective distortions, we introduce a rigorous 2-Stage Verifier agent, V, to act as a
definitive gating mechanism for which images should compose the 3D world. The
Verifier ensures that the candidate view Ît+1 is both semantically aligned with
the Director’s intent and strictly geometrically consistent with the established
3D world Wt. The verification is decomposed into a 2D semantic check and a
3D reconstruction-space check.

Image-Space Verification First, we employ a Vision-Language Model (VLM) to
assess the semantic coherence and visual quality of the candidate image. The
VLM, denoted as V2D, takes the candidate view Ît+1, the world state Wt, and
the director’s prompt yt+1 to detect obvious visual artifacts, domain shifts, or
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prompt misalignment. The output of the verifier is a binary decision: v2D =
V2D(Ît+1,Wt, yt+1) ∈ {0, 1}.

3D Reconstruction-Space Verification Even if a candidate frame is semantically
plausible in 2D, it may harbor subtle geometric distortions that violate multi-
view consistency. To enforce strict global 3D consistency, we assess how the
introduction of the candidate view Ît+1 impacts the overall integrity of the 3D
reconstruction of the scene. We define a provisional global state W ′

t+1 = Wt ∪
{(Ît+1, Pt+1, yt+1)}, representing all verified frames up to step t plus the new
candidate. We lift this provisional set into a unified 3D representation using
AnySplat [24], yielding a candidate 3DGS model: Θ′

t+1 = FAnySplat(W ′
t+1).

To quantify the global structural integrity, we render the scene from all his-
torical camera poses Pi ∈ {P1, . . . , Pt+1} to obtain a set of reconstructed views
{Irender

1 , . . . , Irender
t+1 }. We then compute standard novel view synthesis metrics:

Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and
Learned Perceptual Image Patch Similarity (LPIPS). These metrics are com-
puted between every input frame Ii (where It+1 = Ît+1) and its corresponding
rendered view Irender

i :

s
(i)
metrics =

{
PSNR(Ii, I

render
i ),SSIM(Ii, I

render
i ),LPIPS(Ii, Irender

i )
}

An inconsistent candidate view will force the AnySplat model to compromise
its geometry, resulting in a noticeable degradation in the reconstruction quality
of the previously verified frames. We aggregate these metrics into a global quality
profile Sglobal = {s(i)metrics}

t+1
i=1.

Rather than relying on rigid, empirically defined thresholds, we pass these
quantitative scores Sglobal alongside the visual image pairs (Ii, Irender

i )t+1
i=1 to our

dedicated verifier VLM, V3D. This multimodal agent holistically evaluates the
global geometric stability to determine if the candidate maintains the structural
integrity of the 3D world:

v3D = V3D(Wt, {Ii, Irender
i }t+1

i=1, Sglobal) ∈ {0, 1}

Final Decision The final acceptance decision is the logical conjunction of both
verification steps: V(Ît+1,Wt) = v2D ∧ v3D. If V(Ît+1,Wt) = 1, the candidate
is accepted into the global state, updating the verified history. If rejected, the
frame is discarded, and the Generator is prompted to re-sample a new candidate.
This closed-loop evaluation guarantees that the final synthesized world strictly
adheres to multi-view geometry without sacrificing the high visual fidelity of the
2D foundation model. If the generator cannot generate a successfully verified
image after r̂ tries, both the director output yt+1 and Pt+1 are recalculated to
give the model another opportunity to explore.

4 Experiments

We evaluate our method for 3D world generation, analyzing various 2D image
generative models [28, 46] and VLMs [1, 5], as well as comparing with state-of-
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the-art 3D generative methods Stable Virtual Camera (SEVA) [57], Wonder-
World [55], Text2Room [21], and WorldExplorer [40]. We used CLIP Score [20],
Inception Score [39], CLIP-IQA [47] and Reprojection Error [15] metrics to nu-
merically evaluate all methods, with novel view renderings. We have used various
2D foundation models and VLMs for our agents. For the former, we have Flux.2
[Klein] 9B, Flux.2 [Pro] and Nano Banana v1 (Gemini 2.5 Flash). We run "Klein"
version locally but use API access for "Pro" version. For VLMs, we use OpenAI
API for GPT4.1 access but use Qwen3-VL 8B locally. Finally, for Nano Banana
we used the official API. We use RTX A6000 GPU for the local deployments. In
our experiments, we pick N as 14, R̂ as 28 and r̂ as 2. It takes approximately 25
minutes to generate a scene with Flux.2 [Pro] and GPT 4.1. We present results
from our method in Figure 3.

4.1 Comparisons with State of the Art

We evaluate our method against state-of-the-art text-to-3D scene generation
baselines: the image diffusion-based WonderWorld [55] & Text2Room [21] and
the video diffusion-based SEVA [57] & WorldExplorer [40]. While baselines suc-
cessfully generate 3D environments from text prompts, our approach demon-
strates significant improvements in overall rendering fidelity and scene complex-
ity. As illustrated in Figure 5, our method generates a sci-fi room characterized
by rich geometric details and high object density. In contrast, the baselines pro-
duce sparser scenes that lack structural realism. Furthermore, in the kitchen
scenario, the baseline methods exhibit severe structural artifacts and noticeable
blurring around object boundaries. These qualitative observations are supported
by our quantitative evaluation (Table 1). Our method achieves better perfor-
mance across standard metrics, confirming its enhanced prompt alignment and
overall scene quality. We additionally evaluated 3D consistency by calculating
reprojection error using the method in WorldScore [15]. The results are pre-
sented in Table 2. Our method performs better than the baselines in terms of
3D consistency.

4.2 Image Model and VLM Analysis

We evaluated various combinations of open- and closed-source 2D image foun-
dation models and Vision-Language Models (VLMs). Generally, all evaluated
models yield plausible novel views and coherent subsequent 3D reconstructions.
However, generation quality varies depending on the capacity of the underly-
ing models. For instance, as illustrated in Figure 4, Flux.2 [Klein] occasionally
produces geometrically inconsistent intersecting objects and fails to complete
certain views. Similarly, Nano Banana 1 demonstrates lower efficacy in inpaint-
ing tasks, sometimes leaving target regions unpainted. We additionally applied
BAGEL [13] model as the generator. It did not perform as well as other evalu-
ated combinations. Furthermore, while Qwen3 exhibits strong general capabil-
ities, it occasionally issues less accurate directives and verifications, leading to
performance degradation. These qualitative observations are consistent with the
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quantitative results reported in Table 1. Empirically, the combination of Flux.2
[Pro] and GPT-4.1 achieves the most favourable performance.

apartment of an airy Hamptons beach house with white shiplap and coastal blue accents

Interior of a cluttered cyberpunk apartment room at night. A cluttered desk with multiple 
glowing monitors, cables, and tech parts. Contrasting pink and teal neon light spilling into the 

room from outside. Industrial aesthetic, high detail, messy lived-in look, blade runner vibe.

apartment of a bioluminescent, gravity-defying, telepathic cosmic jellyfish hive

apartment of a stretchy, sugar-scented, pop-art bubble gum coral reef

Fig. 3: Visual results from WorldAgents. Our method can generate diverse scenes
that are populated with various objects in a clean and coherent way by following the
text prompt.

4.3 Ablations

To evaluate the effectiveness of individual components, we conduct a series of
ablation studies. In our initial baseline, we isolate the image generator. It has
access to all of the verified frames and the text prompt. It tries to generate a new
frame by also being consistent with the previous frames. Without the verifier
module, the method accepts all synthesized frames unconditionally. To proxy
the director agent’s functionality, we augment the input text with a stochastic
camera prompt specifying relative viewpoint shifts (left, right, or backward) with
respect to the preceding frame. In the subsequent setting, we integrate the verifier
module into this baseline to actively curate and filter the generated frames. Then,
we append our director agents as well as the inpainting approach. Figure 6 shows
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FLUX.2 [Pro] 
+ GPT 4.1

FLUX.2 [Pro] 
+ Qwen3-VL 8B

FLUX.2 [Klein] 9B 
+ GPT 4.1

FLUX.2 [Klein] 9B 
+ Qwen3-VL 8B

NanoBanana 1
+ GPT 4.1

BAGEL
+ GPT 4.1

Fig. 4: Qualitative comparison of different image models and VLMs. The
image models that we experimented with all showed satisfactory 3D scene generation
results. However, there are subtle differences between them aligning with the complex-
ity of the individual model.

Table 1: Quantitative comparison of 3D world generation methods. We eval-
uate prompt & semantic alignment and image quality using CLIP Score (CS) and
Inception Score (IS), and CLIP Image Quality Assessment (IQA). Our method shows
improvement over baselines. We also show multiple image models and VLMs to show
our approach is applicable to multiple models and they have varying performances.

Method CS ↑ IS ↑ IQA ↑

SEVA [57] 25.02 2.06 0.61
WonderWorld [55] 26.67 2.48 0.67
Text2Room [21] 22.27 2.79 0.27
WorldExplorer [40] 24.49 2.12 0.58
Ours (Flux.2 [Pro] + GPT 4.1) 26.79 2.26 0.89
Ours (Flux.2 [Pro] + Qwen3-VL 8B) 24.49 2.23 0.75
Ours (Flux.2 [Klein] 9B + GPT 4.1) 26.47 2.03 0.84
Ours (Flux.2 [Klein] 9B + Qwen3-VL 8B) 24.85 2.32 0.75
Ours (Nano Banana 1 + GPT 4.1) 25.89 2.14 0.70
Ours (BAGEL [13] + GPT 4.1) 18.97 2.41 0.55

the novel view renderings from each ablated method for an urban loft scene.
Table 3 contains numerical comparison of the ablation of our components.

What is the impact of Verifier Agent? The verifier agent mitigates the risk of
incorporating geometrically inconsistent views that would otherwise degrade the
3D reconstruction. Because image diffusion models can occasionally hallucinate
artifacts or generate structurally incompatible layouts, injecting these anomalies
into the pipeline causes irreversible corruption to the global geometry. To prevent
this, the verifier autonomously filters erroneous generations. As demonstrated in
Table 3, the inclusion of this module effectively removes catastrophic failures,
leading to an improvement in reconstruction quality. As shown in Figure 6, it
reduces the significant blur since it avoids inconsistent frames.

How much Director agent contributes to the overall process? Naively prompt-
ing the image diffusion model for iterative frame generation relies on static scene
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Fig. 5: Qualitative baseline comparison. Our method generates visually appealing
results with multiple objects placed in the scene nicely, without having artifacts or
objectless regions unlike baselines.
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Generator only w/ verifier w/ verifier + director w/ verifier + director +inpaint

Fig. 6: Qualitative comparison of ablations. Relying solely on the generator yields
blurry results. The addition of the Verifier reduces blur and improves consistency;
however, the scene remains incomplete with visible artifacts in the windows. While the
Director helps with completion of the scene, window misalignments persist. Integrating
all components, successfully resolves these issues to synthesize a coherent scene.

Table 2: Quantitative comparison on 3D reprojection metric against base-
lines. We calculate the reprojection error using WorldScore [15]. Our method shows
improved 3D consistency.

Method Reproj. Error ↓

SEVA [57] 0.61
WonderWorld [55] 0.46
Text2Room [21] 0.45
WorldExplorer [40] 0.39
Ours 0.36

descriptions coupled with random camera poses (e.g., "left", "right"). However,
this approach often leads to semantic redundancy and object duplication; for in-
stance, continuously conditioning the generator on same prompt biases the model
to hallucinate duplicate objects in the views rather than exploring new contex-
tual elements that limits diversity of objects in the scene. To address this, we
introduce the director agent, which leverages a Vision-Language Model (VLM)
prior to dynamically generate context-aware, explorative prompts conditioned
on previously verified views. Table 3 validates that VLM-based prompting strat-
egy significantly enhances the completeness, structural diversity and the overall
fidelity of the generated 3D environments.

Does sequential inpainting help with increasing generation quality? Relying solely
on unconstrained image generation does not strictly enforce multi-view consis-
tency, even when the model is conditioned on previous frames and precise textual
prompts. To explicitly anchor novel views to the existing geometry, our method
utilizes a 3D-aware inpainting step. Specifically, we render an intermediate 3D
representation from a novel, unexplored camera pose and instruct the diffusion
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Table 3: Quantitative ablation results. We conducted the study with Flux.2 [Pro]
+ GPT 4.1 setting. We evaluate CLIP Score (CS), Inception Score (IS), and CLIP-
IQA (IQA). Our individual components contribute to the overall rendering quality and
prompt alignment performance.

Generator Verifier Director Inpaint CS ↑ IS ↑ IQA ↑

✓ 19.07 2.23 0.60
✓ ✓ 20.24 2.43 0.62
✓ ✓ ✓ 21.80 2.94 0.69
✓ ✓ ✓ ✓ 26.79 2.26 0.89

model to inpaint the unobserved regions, guided by the director agent’s localized
prompt. As shown in Table 3, omitting this inpainting formulation results in de-
graded prompt alignment and scene coherence, highlighting its importance for
maintaining rigorous 3D consistency throughout the generation process. Figure 6
also shows that we eventually get complete scenes.

Limitations In this work, we employ VLMs as high-level directors and evalu-
ators to distill 3D-consistent, navigable environments from 2D image diffusion
models. A highly promising direction for future research is extending this VLM-
guided method to existing video diffusion models [7, 26, 31, 53]. While modern
video priors naturally exhibit temporal coherence over short sequences, they fre-
quently accumulate geometric drift and multi-view inconsistencies over longer,
exploratory spatial trajectories. Integrating VLM-based agents into a video gen-
eration method could effectively regularize these models, thereby mitigating
long-horizon degradation and enabling the synthesis of even larger 3D worlds.

5 Conclusion

In this paper, we investigated the fundamental question of whether 2D founda-
tion image models inherently possess 3D world model capabilities. To explore
this, we introduced a novel multi-agent framework comprising a VLM-based di-
rector, an image generator, and a two-step verifier that operates across both 2D
and 3D spaces. Our extensive evaluations demonstrate that by carefully fram-
ing the generation process, we can successfully extract implicit 3D knowledge
from these 2D models. Our agentic approach yields expansive, robust, and 3D-
consistent scene reconstructions that support novel view rendering. Our findings
confirm that 2D foundation models do encapsulate a grasp of 3D worlds. Future
work can explore extending this multi-agent framework to video diffusion models
or dynamic 4D scene generation for interactive world synthesis.
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