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Abstract
Embodied AI aims to build agents that perceive, reason, and act
within real-world environments. Vision-and-Language Navigation
(VLN) tasks require agents to follow natural language instructions
using visual input. While large vision-language models (VLMs)
have advanced this field, they often suffer from inference-time hal-
lucinations, leading to navigation errors. We propose a lightweight
auxiliary framework that integrates a diffusion-based future state
predictor to reassess and refine initial actions. This “future thought”
mechanism enhances reliability with minimal computational over-
head, offering a general plug-in to improve VLN performance.
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1 Project Overview
This project addresses a critical challenge in Embodied AI: enhanc-
ing the reliability of Vision-and-Language Navigation (VLN) agents
that interpret natural language instructions to navigate complex
visual environments. While large-scale vision-language models like
ViLBERT [7] have advanced VLN capabilities, they are prone to
inference-time hallucinations—generating plausible yet incorrect
actions—due to their architectural complexity and training limita-
tions [4]. To mitigate this, we propose an auxiliary framework that
integrates a diffusion-based future state predictor, enabling agents
to simulate and reassess potential outcomes before executing ac-
tions. This "future thought" mechanism enhances decision-making
accuracy with minimal computational overhead. Evaluated on the
Matterport3D (MP3D) dataset [2], our approach demonstrates the
capability of improved navigation performance and robustness,
aligning with the growing need for dependable embodied agents in
real-world applications.

2 Problem Statement
Vision-and-Language Navigation (VLN) tasks require agents to
interpret natural language instructions to navigate complex envi-
ronments. However, these agents often struggle with ambiguous or
erroneous instructions, leading to navigation errors. In the Room-
to-Room (R2R) [2] navigation task, agents are required to follow
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natural language instructions to navigate indoor spaces. However,
studies have indicated that VLMs can make navigation errors due
to ambiguous landmark references. For instance, VLN-Trans in-
troduces a translator module that converts original instructions
into sub-instructions focusing on recognizable and distinctive land-
marks based on the agent’s visual abilities [14]. Similarly, Taioli et
al. [13] propose a benchmark to detect and localize instruction er-
rors, document instances where instructions like “turn right at the
painting” result in errors when the agent confuses similar objects
in the scene. These challenges underscore the necessity for systems
that can interpret commands and predict real-world changes in
the environment over time. Notably, the Room-Across-Room (RxR)
dataset [5] highlights the complexities introduced by multilingual
instructions and diverse environmental contexts.

To enhance environmental understanding, Wonderland gener-
ates high-quality 3-D scenes from a single image using a video
diffusion model, though its lack of publicly available code limits
reproducibility [6]. DIAMOND employs diffusion models for world
modeling, preserving visual details crucial for agent performance,
but requires scene-specific training, hindering scalability [1]. Ad-
ditionally, integrating visual imaginations generated from text-to-
image models has been shown to improve VLN agent performance
by providing visual cues corresponding to described landmarks [8].
Despite these advancements, there remains a need for lightweight
frameworks that can predict future environmental states based
on inferred actions, allowing agents to reassess and refine their
decisions in dynamic settings.

3 Methodology
An overview of the architecture is shown in Figure 1. Our proposed
framework includes two primary stages:

Stage 1 (3D Reconstruction and Action-driven Navigation):
Initially, given a text prompt and an initial real image captured
at state 𝑡 = 0, the system employs a single-shot 3D reconstruc-
tion module (Unik3D) to generate a coherent 3D representation
of the environment. We utilize Habitat-Sim with the correspond-
ing Matterport3D (MP3D) dataset as our environmental simulation
platform. Concurrently, a vision-language model (VLM) agent inter-
prets the provided textual instructions and visual context to infer
a series of actionable instructions (action chunks). These inferred
actions are subsequently executed within the reconstructed 3D
environment, enabling navigation through virtual space to a new
viewpoint. The final component of this stage involves viewpoint
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clipping, where the viewpoint for the subsequent state (𝑡 = 1) is
precisely determined based on the executed navigation actions.

Stage 2 (Synthetic Image Generation via Diffusion): In the
second stage, the viewpoint obtained from Stage 1 serves as the
input for a diffusion-based synthesis process, specifically leveraging
the RealVisXL_V4.0 inpainting model. This inpainting technique
operates using an RGB image from the selected viewpoint along
with a corresponding mask to define regions requiring synthesis
or correction. The model generates a synthetic image at state 𝑡 = 1
that is both realistic and contextually coherent with respect to
the agent’s predicted viewpoint. The resultant synthesized image
is then directly compared with the real captured image at state
𝑡 = 1, enabling an evaluation of the framework’s effectiveness in
simulating and accurately predicting future visual states.

We also experimented with Janus-Pro [3], an autoregressive
framework that unifies multimodal understanding and generation,
to synthesize novel viewpoints. However, the generated outputs
were often inconsistent with the original inputs in terms of geome-
try and appearance, leading us to abandon this direction for the cur-
rent project. A comparable alternative, NVIDIA’s COSMO, which
is trained on over 20 million hours of video data, has demonstrated
impressive results in similar tasks. Nevertheless, its computational
demands far exceed the constraints of our setup.

We use the Fréchet Inception Distance (FID) score to quantita-
tively compare the images generated by our framework against the
corresponding real images. This metric evaluates both the struc-
tural coherence and overall realism of the generated images by
measuring the statistical distance between feature representations
extracted from a pretrained Inception network. In the context of
vision-language model (VLM) based navigation, such evaluation
is crucial, as VLMs are sensitive to the photorealistic fidelity and
semantic consistency of input observations.

Our results yield an FID score of 105.41, indicating a signifi-
cant divergence from ground truth images. This discrepancy is
likely attributable to the 30-degree viewpoint shift, which removes
substantial contextual information, making it challenging for the
diffusion model to reconstruct the missing details accurately. Nev-
ertheless, as illustrated in Figure 2, our framework still produces
several qualitatively promising outputs, suggesting potential for
further refinement and adaptation.

4 Tools and Technologies
For this project, we primarily utilized Python due to its extensive
libraries and frameworks tailored for artificial intelligence and com-
puter vision tasks. The core simulation environment leveraged
was Habitat-Sim [11, 12, 10], chosen for its high-performance
rendering capabilities and seamless integration with 3D datasets,
particularly Matterport3D (MP3D) [2], which provides rich, pho-
torealistic indoor scenes well-suited for navigation tasks.

To interact with our 3D-reconstructed point clouds, we used
Open3D as a visualization and manipulation tool, allowing us to
navigate within the reconstructed scenes and extract viewpoint im-
ages efficiently. Additionally, we employed PyTorch andHugging
Face Diffusers to implement diffusion models, chosen for their
strong support of modern deep learning architectures and ease of
integration into existing pipelines.

UNik3D: In the 3D reconstruction phase, we leverage Unik3D
[9] to infer a complete three-dimensional representation from a sin-
gle RGB image. This process yields three complementary outputs:
(1) Point cloud (.ply file): A collection of discrete 3D points sampled
from the surfaces visible in the scene; each point carries spatial co-
ordinates (x, y, z) that together form a sparse but accurate model of
object geometry. (2) Depth map: A dense per-pixel image in which
each value encodes the distance from the camera to the correspond-
ing surface point along the viewing ray; depth maps are essential
for understanding relative object placement and for driving further
geometry refinement. (3) Ray map: A per-pixel directional field
where each vector describes the normalized direction of the camera
ray passing through that pixel; ray maps capture the angular rela-
tionship between pixels and the camera center, ensuring that the
reconstructed geometry aligns consistently with the original cam-
era pose. By combining these outputs—a spatially distributed point
cloud, a pixel-wise depth representation, and the underlying ray di-
rections—Unik3D provides a rich, multi-view-aware reconstruction
that can be further processed for visualization, mesh generation, or
downstream tasks such as navigation and scene understanding.

Unik3D (shown in figure 3) uses two lightweight transformers:
the angular module predicts per-pixel ray directions via spherical
harmonic coefficients, and the radial module fuses those directions
with image features to regress continuous depth. By unprojecting
each pixel along its predicted ray and depth, it produces a sparse
point cloud (.ply) plus dense depth and ray maps.

RealVisXL_V4.0 Inpainting Model: We employed the Re-
alVisXL_V4.0 inpainting model, a diffusion-based architecture de-
signed for high-fidelity image synthesis and restoration. This model
operates by taking an input RGB image along with a binary mask
that defines the region to be inpainted. The diffusion process then
fills in the masked area with semantically consistent and visually
realistic content, conditioned on the surrounding context. In our
framework, the masked regions are generated based on the view-
point transformation from the agent’s predicted state, allowing the
model to simulate plausible future observations. RealVisXL_V4.0
was chosen for its superior performance in generating realistic
textures, maintaining relative geometric alignment, and preserving
scene semantics, outperforming traditional GAN-based methods
and lower-resolution diffusion alternatives.

Image Sources and Selection Criteria: All images utilized in
this project originated from the Matterport3D (MP3D) dataset, a
publicly available dataset containing high-resolution RGB images,
depth maps, and reconstructed 3-D meshes collected from diverse
real-world indoor environments. MP3D was specifically chosen due
to its comprehensiveness, realism, and widespread adoption within
the embodied AI research community, thereby facilitating robust
benchmarking and comparative analysis. For our image selection
process, we sampled a single reference point within each scene
provided by MP3D. From each sampled reference point, we defined
an initial base state and subsequently generated four corresponding
action-driven result images, forming our real-image dataset for
validation and comparative evaluation.
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Figure 1: Overview of the proposed framework. Stage 1 involves single-shot 3-D reconstruction (Unik3D), action-driven 3-D
navigation, and viewpoint clipping. Stage 2 synthesizes images using a diffusion process (RealVisXL_V4.0_inpainting)

Figure 2: Qualitative comparison between real and generated images. Each pair of columns shows a real image (left) and its
corresponding generated image (right) produced by our framework. While some structural discrepancies exist due to viewpoint
shifts, the generated outputs often preserve key scene semantics and textures.

5 Timeline
• [1] 3D Reconstruction & Initial Fine-Tuning
Use Unik3D to predict the scene’s 3D representation and
reconstruct the mesh in Open3D. Completed: April 1, 2025

• [2] Camera Mounting & View Acquisition
Moving the camera according to specifications and capture
clippings via Open3D to get the new view image.Completed:
April 10, 2025
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Figure 3: Unik3D framework. Given a single RGB image, a lightweight CNN backbone first extracts per-pixel feature tokens.
The angular module augments these tokens with learned directional embeddings and predicts spherical-harmonic coefficients
encoding each camera ray’s orientation. These coefficients are then fused via cross-attention into the radial module, which
regresses a continuous depth value for every pixel. Finally, each pixel is unprojected along its predicted ray and depth to
produce a sparse point cloud (.ply), alongside dense depth and ray maps.

• [3] Diffusion-Based Novel View Inpainting
Generate the mask from the new view image and inpaint oc-
cluded regions using the RealVisXL V4.0 model. Completed:
April 20, 2025

• [4] VLM Fine-Tuning & Pipeline Integration
Attempt to fine-tune the Janus-Pro vision–language model
and build an end-to-end workflow (approach deemed a dead
end). Completed: April 27, 2025

• [5] Evaluation & Final Reporting
Run performance experiments, analyze results, and draft the
final project report. Completed: May 3, 2025

6 Outcome
Throughout the course of this project, we aimed to achieve the
following specific objectives:

• Objective 1: Investigate and implement a 3D reconstruction
model for our framework.
We successfully integrated Unik3D as the single-shot 3D
reconstruction module, enabling efficient conversion of 2D
images into structured 3D scenes suitable for downstream
3D navigation and viewpoint synthesis.

• Objective 2: Investigate and implement a diffusion model
for our framework.
After comparative exploration, we selectedRealVisXL_V4.0
for its strong inpainting capability and incorporated it to
generate high-fidelity viewpoint predictions.

• Objective 3: Successfully implement our proposed frame-
work.
The overall pipeline—spanning from 3D reconstruction, 3D
navigation, to synthetic image generation—was successfully
implemented and tested end-to-end.

• Objective 4: Evaluate our proposed framework on the Room-
to-Room dataset.
We used samples from the Room-to-Room (R2R) benchmark
via the MP3D environment to evaluate the visual accuracy

of predicted images. The framework’s generated views were
quantitatively assessed using the FIDmetric and qualitatively
analyzed through side-by-side comparisons.

• Objective 5: Investigate and fine-tune the Janus-Pro model
on the Room-to-Room dataset.
Janus-Pro was explored for potential use in novel view-
point synthesis. However, the outputs were inconsistent with
ground-truth imagery, leading us to exclude this method
from the final implementation.

As the project progressed, we also identified a new potential
application. Inspired by the TesserAct framework [15], which pro-
poses 4D generation by incorporating temporal dimensions, our
framework could be adapted to synthesize future video chunks
across multiple timesteps. This would enable predictive state gen-
eration not just for single images, but for temporally coherent
sequences, expanding its utility in long-horizon planning and video-
based navigation tasks.

7 Further Work
In future work, we plan to optimize UniK3D by fine-tuning its
camera parameters—specifically focal length, principal point, and
pose priors—to enhance both the accuracy and density of the re-
constructed point clouds. This refinement is expected to improve
the spatial realism and continuity of our 3D environments.

Concurrently, we will adapt our diffusion model to the indoor-
scene domain by conducting domain-specific fine-tuning. This pro-
cess aims to better capture the unique textures, lighting conditions,
and structural characteristics inherent to indoor environments,
enabling the generation of higher-fidelity synthetic views that inte-
grate more effectively with the reconstructed 3D scenes.

Additionally, inspired by the Tesseract framework [15], we plan
to extend our current system to support future state prediction over
time. This would enable the generation of temporally consistent
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video sequences, thereby broadening the applicability of our frame-
work to tasks such as long-horizon planning, video prediction, and
embodied agent simulation.

8 Work Division
Our team’s work is split between two complementary roles: Duo
Chen focuses on early model research and the core 3D reconstruc-
tion pipeline—using Unik3D for scene prediction and Open3D to
manage camera movements and capture clips—while Yicheng Duan
leads system architecture design, implements novel-view image
generation with RealVisXL V4.0, and fine-tunes the Janus-Pro vi-
sion–language model. At the same time, we synchronize progress
daily via Email and WeChat to ensure seamless collaboration.
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