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Abstract. Generative video models have significantly advanced the pho-
torealistic synthesis of adverse weather for autonomous driving; however,
they consistently demand massive datasets to learn rare weather scenar-
ios. While 3D-aware editing methods alleviate these data constraints by
augmenting existing video footage, they are fundamentally bottlenecked
by costly per-scene optimization and suffer from inherent geometric and
illumination entanglement. In this work, we introduce AutoWeather4D,
a feed-forward 3D-aware weather editing framework designed to explic-
itly decouple geometry and illumination. At the core of our approach
is a G-buffer Dual-pass Editing mechanism. The Geometry Pass lever-
ages explicit structural foundations to enable surface-anchored physical
interactions, while the Light Pass analytically resolves light transport,
accumulating the contributions of local illuminants into the global illu-
mination to enable dynamic 3D local relighting. Extensive experiments
demonstrate that AutoWeather4dD achieves comparable photorealism
and structural consistency to generative baselines while enabling fine-
grained parametric physical control, serving as a practical data engine
for autonomous driving.
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1 Introduction

Recent advances in generative video models [1,2, 29,57, 83, 84] represent an
important step towards the photorealistic synthesis of adverse weather conditions
for autonomous driving. However, despite their impressive visual fidelity, these
data-driven approaches consistently demand massive datasets to learn rare adverse
weather patterns. Capturing such long-tail environmental data in the real world
remains prohibitively expensive and logistically constrained.

To circumvent these data constraints, 3D-aware editing methods [10,27,44,51]
offer a compelling alternative by augmenting existing video footage. By explicitly
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Fig. 1: AutoWeather4D: Weather & Time-of-Day Control for Driving Videos.
AutoWeather4D enables fine-grained control over weather (rain, snow, fog) and time-
of-day (dawn, noon, night) in driving videos. The red zoom-in box showcases realistic
snow accumulation, while the blue zoom-in box highlights rain-induced road wetness
and ripples. See supplementary videos for dynamic visualizations.

grounding the synthesis process in 3D space, these approaches achieve high-fidelity
and highly controllable weather effects without relying on massive, long-tail
training datasets. They typically operate through a straightforward two-stage
pipeline: first reconstructing a 3D representation of the captured scene, and
subsequently applying weather-specific modifications to the underlying geometry
and appearance. However, these methods are fundamentally bottlenecked by their
reliance on painstakingly slow per-scene optimization. Requiring up to an hour
of computation per video clip, this optimization paradigm is computationally
prohibitive for large-scale data generation.

In this paper, we propose a 3D-aware editing method called AutoWeather4D,
which brings the controllability and visual quality of 3D-aware editing to dynamic
autonomous driving scenarios. By replacing the sluggish per-scene optimization
with a novel feed-forward editing pipeline that explicitly decouples geometry
and illumination, AutoWeather4D achieves rapid, high-quality, and physically
plausible weather editing and lighting editing.

Designing such a framework is non-trivial, which first requires defining an
editable and flexible 3D scene representation for the dynamic autonomous driving
scenes. Existing 3D-aware editing pipelines heavily rely on scene representa-
tions like NeRF [36] or 3DGS [23]. However, a fundamental limitation of these
frameworks is their inherent reliance on static scene assumptions for high-quality
reconstruction. When confronted with the complex, highly dynamic environ-
ments typical of autonomous driving with moving vehicles and pedestrians, these
optimized fields frequently fail to capture accurate underlying 3D geometry. Con-
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Method Env light /shadow control Extra light source Weather change Feed-forward 4D dynamic scene Tuning-free Open-source
Cosmos-Transfer2.5 [1] X X v v v v v
WAN-FUN 2.2 [57] x x v v v v %
Ditto [2] x X v v v v v
WeatherWeaver [29] X X v v v x X
WeatherDiffusion [33] x x v v x x x
SceneCrafter [34] x x v v v x x
RainyGS [10] X X v x v v X
WeatherEdit [44] x x v x % v v
ClimateNeRF [27] X X v x x v v
DiffusionRenderer [28] v X x v v v v
AutoWeatherdD(Ours) v v v v % v v

Table 1: Comparison of state-of-the-art weather and time-of-day synthesis models
for autonomous driving. We evaluate existing paradigms across key capabilities: Env
light /shadow control (arbitrarily adjusting environment light directions and correcting
shadows), Extra light source (precisely adding and controlling local lights within driving
scenes), and Weather change (synthesizing appearances under diverse weather condi-
tions). Additionally, we compare their architectural and practical properties, including
whether they are Feed-forward (requiring no per-scene optimization), applicable to 4D
dynamic scenes, Tuning-free (requiring no extra datasets for weight fine-tuning).

sequently, spatially anchoring and consistently applying weather effects across
dynamic elements becomes exceptionally difficult.

To address this, our method represents the dynamic scene by the extracted
G-buffers of the videos with a feed-forward neural network [28]. By directly
predicting dense, frame-wise geometric features (such as depth and normals)
from the video stream, we entirely bypass the static-scene bottleneck of per-scene
optimization. This explicit G-buffer formulation natively accommodates dynamic
objects and provides a highly controllable, reliable structural foundation, making
downstream weather editing both intuitive and geometrically precise.

Second, building upon our explicit geometric foundation, we address the
severe illumination entanglement that plagues current weather editing paradigms.
Existing 3D-aware methods typically assume a static, single global illumination
setup, fundamentally baking the original scene’s appearance and lighting directly
into the optimized 3D representation. While this may suffice for static landscapes,
it completely breaks down in dynamic autonomous driving environments. In
these complex scenarios, realistic weather synthesis inherently requires model-
ing dynamic local lighting, such as moving vehicle headlights sweeping across
wet surfaces or streetlights creating volumetric halos in the fog. To break this
architectural barrier, AutoWeather4D introduces a fully decoupled Light Pass.
By integrating physics-based lighting priors with our G-buffer-driven neural
rendering, our framework thoroughly separates the global atmospheric conditions
from localized, dynamic illuminants. This explicit decoupling unlocks the un-
precedented ability to seamlessly insert, toggle, and physically relight 3D local
sources under adverse weather conditions, ensuring that both static and dynamic
elements react accurately to environmental changes (See Fig. 1).

Extensive experiments on standard autonomous driving datasets demonstrate
that AutoWeather4D synthesizes adverse weather and illumination conditions
from existing footage, without requiring any auxiliary data. As summarized
in Tab. 1, compared to existing paradigms, our framework uniquely achieves
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decoupled control over geometric weather elements and global /local light transport
without the need for per-scene optimization.
In summary, our main contributions are:

— We introduce AutoWeatherdD, a feed-forward 3D-aware weather editing
framework. It synthesizes adverse weather conditions from real-world driving
videos while eliminating the need for per-scene optimization.

— We propose a G-buffer Dual-pass Editing mechanism. The Geometry Pass
enables surface-anchored interactions (e.g., snow accumulation), while the
Light Pass analytically accumulates local illuminants for 3D relighting.

— Experiments demonstrate that AutoWeather4D achieves comparable pho-
torealism and structural consistency to generative baselines while enabling
parametric physical control, serving as a practical data engine for autonomous
driving.

2 Related Works

In this section, we review two related topics. First, we discuss advances in Climate
simulation. Next, we discuss video simulator for autonomous driving.

2.1 Climate simulation

Physical based simulator: Classical computer graphics have long established
the physical foundations for rendering weather effects like rain [46,61,62], snow [39,
41,63], and volumetric fog [4,22,42] using particle systems and scattering equations.
However, these classical methods fundamentally rely on explicit 3D meshes or
voxel grids and cannot be directly applied to monocular videos. Our method
seamlessly integrates these classical physical priors into real-world video footage,
preserving physical guarantees while enabling flexible video-based editing.
Network-based simulator: The advent of deep learning has enabled data-
driven approaches to climate and weather simulation. In the image domain, early
work applied CycleGAN [82] for weather transfer [53], while diffusion models
such as Prompt-to-Prompt [18] and SDEdit [35] enabled weather modification
via text prompts or sketch-based guidance. Recent methods target illumination
control specifically: LightIt [24] conditions generation on one-bounce shadow
maps; Retinex-Diffusion [74] reformulates the energy function of diffusion models
to fulfill illumination alteration; DiLightNet [78] and IntrinsicAnything [7] de-
compose images into BRDF components for relighting; and IC-Light [80] adjusts
illumination based on reference backgrounds. Video extensions include fine-tuning-
based editors (WeatherWeaver [29], WeatherDiffusion [83], SceneCrafter [84],
Ditto [2]), ControlNet-style conditioning methods (WAN-FUN 2.2 [57], Cosmos-
Transfer2.5 [1]), and G-buffer decomposition approaches (DiffusionRender [28]).
However, existing methods address either weather conversion or physically-based
illumination control, but not both simultaneously—a critical limitation that our
work resolves through unified physical rendering and diffusion-based synthesis.
Hybrid physics-and-learning simulators. Recent methods integrate clas-
sical graphics with deep learning across diverse 3D representations. NeRF-based
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approaches [27] embed physical weather models or text-guided editing into neu-
ral radiance fields for high-fidelity rendering of atmospheric effects (fog, snow,
flooding), though limited to static scenes. Mesh-based techniques [71,85] convert
NeRF [36] reconstructions into interactive meshes with rigid-body physics for
real-time interaction. Gaussian Splatting methods leverage 3DGS [23] for efficient
rendering: GaussianEditor [59]) enable cross-view 2D-to-3DGS manipulation,
RainyGS [10] models physical raindrops, Weather-Magician [51] incorporates
depth/normal supervision for multi-weather synthesis, DRAWER [72] combine
3DGS with mesh for articulated things, and WeatherEdit [44] extends to 4DGS for
temporal control. Unlike these per-scene optimization reconstruction approaches,
our method employs feed-forward 4D reconstruction [58,64,66], which—despite
producing sparser outputs that pose additional challenges—eliminates scene-
specific tuning and drastically reduces deployment time.

2.2 Autonomous driving video simulator

Autonomous driving world model simulators [15, 16,21, 25,26, 31, 32,40, 43, 48, 60,
67,68,76,81,84] play a crucial role in generating complex traffic scenarios that
are challenging to capture in real-world conditions, substantially reducing data
collection costs for training self-driving systems—particularly benefiting end-to-
end autonomous driving. Unlike prior approaches that rely on iterative neural
optimization or latent-space manipulation, our method leverages classical graphics
techniques by directly operating on the G-buffer, enabling explicit geometric and
illumination control for efficient scene modification, which is absent in existing
simulators.

3 Method

Overview. As shown in Fig. 2, we formulate weather editing as an efficient
analysis-and-synthesis pipeline. The analysis stage decomposes the input video
into explicit intrinsic G-buffers (Sec. 3.1) in a feed-forward manner, bypassing
the prohibitive cost of per-scene optimization. The subsequent synthesis stage
manipulates the decoupled scene geometry and illumination via a Dual-pass Edit-
ing mechanism (Sec. 3.2). Finally, the VidRefiner performs terminal refinement
on the rendered sequence, incorporating sensor nuances while conditioning the
generative process on the resolved physical dynamics (Sec. 3.3). All stages in this
pipeline are fully automated.

3.1 Feed-Forward G-Buffer Extraction

Feed-forward Intrinsic Parsing. To bypass the static-scene assumptions of
implicit optimization and ensure accurate geometric anchoring in dynamic envi-
ronments, the monocular sequence is parsed into a unified G-buffer through a
multi-source feed-forward extraction scheme. Initially, spatiotemporally coherent
relative depth is instantiated by deploying Pi3 [66], a feed-forward 4D reconstruc-
tion backbone. Alongside this geometric extraction, intrinsic material properties
(albedo, normal, metallic, roughness) are decoupled via a zero-shot diffusion-
based inverse renderer [28]. Consolidating these multi-source extractions yields
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Fig. 2: Overview of our framework. The pipeline formulates physically-grounded
video editing for multi-weather and time-of-day synthesis. We first extract explicit
G-buffers from the input video: metric depth D via feed-forward 4D reconstruction,
alongside intrinsic material properties (normal N, metallic M, albedo A, roughness
R) via an inverse renderer. The scene modifications are analytically resolved through
the G-Buffer Dual-Pass Editing: (1) The Geometry Pass physically modulates
A N, R to instantiate explicit weather mechanics (e.g., snow, rain, ground wetness); (2)
The Light Pass executes parametric illumination control, independently synthesizing
detected local light sources and global environmental lighting (e.g., dawn, noon, blue
hours) to reflect atmospheric and temporal shifts. Finally, the deterministic rendered
sequence is processed by the VidRefiner. This terminal refiner synthesizes real-world
sensor nuances while preserving the classical shading cues and explicit scene dynamics
resolved in the dual-pass stages.

a preliminary state for downstream editing processing, necessitating absolute
metric scale depth and spatial bounding to ensure physical validity.

Relative Depth Alignment and Metric G-buffer Construction. The
relative scale of the reconstructed geometry conflicts with the metric requirements
of physical light transport. To obtain a physically meaningful scale, we align
the relative depth predicted by the feed-forward 4D reconstruction backbone
to sparse LiDAR point clouds sampled from non-sky and non-occluded regions,
solving for a global scale and bias. For strictly monocular configurations without
LiDAR, we instead recover the scale from a camera-height prior by fitting a
road plane on the predicted 3D points [11]. After calibration, each frame t is
represented as a pixel-aligned G-buffer G, = {D;, Ny, Ay, Ry, My, S}, where Dy is
the metric depth, N; the surface normal, A; the albedo, R; the roughness, M,
the metallic map, and S; the valid-scene/sky mask. This metric G-buffer provides
the shared physical substrate for distance-dependent effects, including local light
attenuation, volumetric fog, and depth-tested rain/snow particles.

Sky-Aware Material Extraction. Sky regions often produce unstable
depth estimates due to their weak texture and effectively infinite distance. We
therefore estimate a sky mask S; for each frame and clamp sky depth to the
99th percentile of the non-sky depth distribution over the sequence [73]. This
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prevents artificial illumination from being incorrectly projected onto the sky
while preserving a stable depth range for downstream light transport. The inverse
renderer is applied to valid scene regions to estimate (Ay, Ny, Ry, My), ensuring
pixel-level correspondence between material maps and metric geometry.

The implementation details of alignment and sky-aware material extraction
are provided in (Sec. 6 in supplementary materials).

3.2 G-Buffer Dual-pass Editing

To extend high-fidelity 3D-aware editing to dynamic driving scenarios, we pro-
pose a Dual-Pass Editing mechanism. This pipeline systematically decouples
structural scene modifications from illumination transport: the Geometry Pass
first updates the intrinsic state of the scene, which then serves as the physical
foundation for the Light Pass to analytically resolve radiance. By operating on
explicit G-buffers, this mechanism ensures that all synthesized environmental
changes remain anchored to the underlying 3D structure.

Geometry Pass: Surface-Anchored Interaction The Geometry Pass trans-
forms the intrinsic albedo, normal, and roughness to incorporate the physical
presence of weather elements. These updated surface descriptors parameterize
the subsequent Light Pass, ensuring all illumination transport is analytically
resolved over the modified scene structure. Specifically, we instantiate these
surface-anchored modifications through explicit physical models for two represen-
tative weather conditions:

Multi-Representation Snow Synthesis. To bridge the scale gap between
individual snowflakes and terrain-scale coverage, we employ a hybrid simulation:
(1) Metaball-based Surface Buildup iteratively evaluates an SPH Poly6 kernel [38]
over the extracted normal maps, restricting accumulation to upward-facing
structures to maintain geometric rational; (2) Grid-based Ground Modeling utilizes
procedural patterns for varied snow density alongside a physically-based wetness
model that darkens albedo and reduces roughness to simulate thawing transitions;
and (3) Kinematic Falling Particles are rendered via temporally-persistent screen-
space rasterization to ensure inter-frame kinematic continuity. Implementation
details are provided in (Sec. 7 of the supplementary material).

Physically-Grounded Rain Dynamics. We decouple rain synthesis into
kinematic streaks and standing water. Falling drops are modeled as kinematic
particles governed by a vector summation of Gunn—Kinzer terminal velocities [69]
(vertical gravity-drag equilibrium) and parametric wind fields (horizontal dis-
placement). We parameterize these trajectories as volumetric Signed Distance
Fields (SDFs), explicitly depth-testing against the extracted depth to enforce
precise spatial occlusion. For ground interactions, puddle masks generated via
Fractional Brownian Motion (FBM) physically modulate the local albedo and
roughness. Concurrently, surface normals within these masked regions are per-
turbed using procedural ripple maps to approximate dynamic impact responses.
Implementation details are provided in (Sec. 8 of the supplementary material).
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Light Pass: Decoupled Illumination Control Given the updated G-buffers
from the Geometry Pass, the Light Pass computes the final scene illumination.
By operating directly on these explicit material properties, we can independently
synthesize local light sources and global atmospheric scattering, enabling di-
rect parametric relighting. Specifically, we instantiate this parametric relighting
through tailored physical models for three representative illumination scenarios:

Nocturnal Local Relighting. We explicitly model artificial sources (e.g.,
streetlights, headlights) as 3D spotlights, estimating their spatial positions via
semantic masks and the metric depth. Surface radiance is then analytically
evaluated using the Cook-Torrance BRDF [8], which is directly parameterized
by the edited G-buffers to enforce physically consistent material responses. For
non-illuminated regions, a parametric Look-Up Table (LUT) shifts ambient color
temperatures toward warm nocturnal tones to maintain minimal visibility. Light
sources estimation details are provided in (Sec. 9 of the supplementary materials),
while the BRDF and LUT implementation details are provided in (Sec. 10 of the
supplementary materials).

Local light detection, localization, and activation. We instantiate
vehicle lights in a state-aware manner rather than globally brightening the scene.
Vehicles are first detected and tracked with an off-the-shelf 3D detector [13]
and tracker [65] using the calibrated metric depth. For each tracked 3D cuboid,
headlights and taillights are localized at fixed relative positions on the front
and rear faces of the cuboid, respectively. The light direction is aligned with
the vehicle heading, and its spatial extent is rendered as a depth-tested 3D
spotlight cone. To avoid activating implausible lights, we only turn on headlights
for moving vehicles under night or low-visibility fog conditions, while stationary
parked vehicles remain unlit. Streetlights are localized from semantic masks and
lifted to 3D using the metric depth, after which their radiance is accumulated
with vehicle lights in the same Light Pass.

Volumetric Atmospheric Scattering. We formulate foggy environments
by analytically resolving volumetric scattering via a single-scattering Radiative
Transfer Equation (RTE) model equipped with the Henyey-Greenstein phase func-
tion [17]. Evaluated directly against the calibrated metric depth D, this explicit
formulation yields distance-dependent visibility attenuation and localized light
halos. The implementation details are provided in (Sec. 11 of the supplementary
materials).

Environment Harmonization. To synthesize global ambient illumination
for regions with sparse 3D geometry, we employ a neural forward renderer
conditioned on an HDR environment map. The synthesized ambient radiance
is linearly blended with the local light pass, effectively completing the deferred
shading cycle. Implementation and fusion details are provided in (Sec.12 of the
supplementary materials).

3.3 VidRefiner

VidRefiner is implemented as an SDEdit-style [35] refinement module adapted
from WAN-FUN 2.2 [57]. Its goal is not to re-edit the scene semantics or physical
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S.A. Night Fog Rain Snow

Time (s) 128.1 167.1 170.9 2.2 67.6

Table 2: Running time (seconds) per video for different tasks and weather conditions
on a NVIDIA V100 GPU. S.A.: Semantic Annotation, which is computed once and
shared by all four weather.

attributes, but to improve sensor realism after the deterministic G-buffer render-
ing. To keep the refinement stage anchored to the deterministic G-buffer rendering,
we condition the denoising trajectory with two complementary constraints:

Latent Initialization. The rendered sequence serves as a comprehensive
structural and spectral anchor, injecting low-frequency priors into the generative
process. By perturbing VAE-encoded latents to a pivot timestep t,, the reverse
diffusion trajectory inherits the global layout, color distribution, and coarse light-
ing resolved in the physical simulation. This initialization restricts the generative
process to high-frequency textural refinement, preventing unconstrained global
synthesis while preserving the deterministic scene structure.

Boundary Conditioning. To complement the low-frequency priors, high-
frequency spatial constraints are enforced via spatiotemporally coherent bound-
aries extracted from the rendered output. This integration utilizes a lightweight
backbone [57] pre-aligned for multi-channel conditioning, facilitating direct
channel-wise concatenation without secondary fine-tuning. Unlike cross-attention
mechanisms providing latent-level semantic guidance, this input-level formulation
imposes an explicit spatial bias. The architectural choice of a lightweight model
further restricts the synthesis of fine-grained textures to the resolved geometric
limits, ensuring the structural integrity of edited elements remains invariant
during photorealistic refinement.

The implementation details about the VidRefiner are provided in (Sec. 14 of
the supplementary materials)

4 Experiment

4.1 Experimental Setting

To validate our weather and time-of-day conversion method, we conduct experi-
ments using PyTorch on NVIDIA GPUs (V100 for our method and most baselines;
A100 for resource-intensive baselines like Cosmos-Transfer2.5 [1] and Ditto [2]).
We evaluate on 120 scenes from the Waymo Open Dataset [34], specifically using
NOTR — a versatile subset of Waymo encompassing diverse driving scenarios,
as surveyed in [75]. The time consumption of the core component (G-buffer
Dual-pass Editing) is reported in Tab. 2.

4.2 Baselines

Baseline Selection. Existing 3D-aware weather synthesis frameworks [10,27] are
fundamentally constrained to static scenes, rendering them structurally incompat-
ible with the highly dynamic environments of autonomous driving. Consequently,
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to evaluate temporal consistency and semantic fidelity in dynamic sequences, the
framework is benchmarked against state-of-the-art video editing and foundation
models: Video-P2P [30], Ditto [2], Cosmos-Transfer2.5 [1], and WAN-FUN 2.2 [57].
The comparative analysis is further extended to include domain-specific architec-
tures: the inverse-rendering framework DiffusionRenderer [28] (constrained to
translations conditioned on HDR environment maps) and the concurrent work
WeatherEdit [44] (bounded to fog, snow, and rain synthesis).

Evaluation Protocol. The evaluation covers four primary weather and
lighting conditions for autonomous driving: fog, midnight, rain, and snow. For
baselines that require text inputs, prompts are constructed by directly concate-
nating the original scene description with the target weather condition. This
standardized text input provides consistent guidance across all generative mod-
els, ensuring that performance differences are not caused by manual prompt
engineering (Prompt details in Supplementary materials Sec. 13).

Evaluation Metrics. The synthesis fidelity and physical consistency of
the generated sequences are systematically quantified across three dimensions.
(1) Editing Instruction Adherence utilizes the CLIP score [19] to evaluate the
precise execution of the targeted weather/time-of-day translation. (2) Structural
Consistency assesses geometric preservation through a bounding-box Intersection-
over-Union (IoU) protocol. By comparing projected 2D ground-truth LiDAR
boxes against extractions from a pre-trained monocular 3D detector [77], the
relative IoU serves as a strict indicator of structural rigidity across all baselines
(AABB projection formulations in Supp. Sec. 15). (3) Identity Stability enforces
the semantic invariance of foreground subjects. Computed via patch-level CLIP
feature similarity before and after editing, this metric rigorously penalizes gen-
erative hallucinations while accommodating valid physical material alterations,
such as snow accumulation or wet surface reflections.

4.3 User Study

A Two-Alternative Forced Choice (2AFC) study is conducted with 12 independent
raters. To prevent scene selection bias, evaluation sequences are randomly sampled
across diverse weather conditions and strictly standardized in resolution and
duration (512 x 512, 30 frames). The framework is benchmarked against the four
baselines (10 paired comparisons per baseline). To negate cognitive bias, each trial
enforces strict double-blind randomization for both presentation order and left-
right layout. Evaluation is governed by two explicit criteria: (1) Spatial Fidelity,
assessing photorealism and editing instruction adherence; and (2) Temporal
Coherence, penalizing background flickering and evaluating the motion continuity
of dynamic weather. Final win rates are aggregated from 1,440 independent
responses.

4.4 Results

Qualitative Results. We present qualitative results of our editing framework
in Fig. 1. As illustrated, given an autonomous driving video, our approach
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Fig. 3: Qualitative Comparisons of AutoWeather4D on Waymo Weather/
Time-of-day Conversions: Validating Physically Plausible and Fine-Grained
Control for Autonomous Driving.
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Fig. 4: Qualitative Comparisons with domain-specific architectures: Validat-
ing spatially anchoring weather effects. DR: DiffusionRenderer [28].

enables precise control over key scene attributes—including shadows, lighting,
and geometry—to facilitate conversions between different weather conditions and
times of day.

Comparisons Results. We provide qualitative examples in Fig. 3 to demon-
strate the effectiveness of our method. Video-P2P struggles to follow instructions,
while Ditto introduces background structural artifacts and generative hallucina-
tions (e.g., extraneous architectural elements in row 4). In contrast to WAN-FUN
and Cosmos-Transfer, our approach enforces physical plausibility and fine-grained
spatial control. Specifically, row 1 illustrates how our explicit parameterization
allows for localized manipulation of individual light sources and fog density,
effectively resolving the ambiguity of pure text-conditioning. Furthermore, as
shown in rows 2 and 3, the baselines fail to disentangle source lighting, resulting
in biased road brightness or incompatible hard shadows. Our method, however,
correctly models illumination transport. Finally, row 4 validates that our pipeline
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strictly preserves foreground geometry. These structural and photometric con-
sistencies are directly attributed to our explicit illumination decomposition and
parameterized light control modules.

Comparison with Domain-Specific Architectures. As illustrated in
Fig. 4, WeatherEdit retains hard shadows under highly scattering conditions (e.g.,
fog, rain, snow). In contrast, the decoupled G-buffer representation mitigates
the shape-radiance ambiguity [79] by anchoring the editing process in explicit
geometry. This structural prior further facilitates consistent diffuse shading
and enables localized weather interactions, such as snow accumulation and
surface ripples. Furthermore, compared to DiffusionRenderer [28], the 3D-aware
formulation leverages spatial priors to isolate the sky region. This depth-based
separation avoids unintended sky relighting and supports localized illumination
driven by ego-vehicle headlights. Extended results are provided in (Supp. Sec. 17)
and the supplementary videos.

Model CLIP Score (1)  Vehicle 3D Vehicle Human
Detection CLIP cosine  Evaluation (1)
IoU (1) similarity (1)

Video-P2P 0.2448 - - 0

Ditto 0.2532 0.805 0.769 0.425
Cosmos-Transfer2.5 0.2558 0.913 0.837 0.580
WAN-FUN 2.2 0.2577 0.888 0.794 0.668
Ours 0.2586 0.915 0.871 0.826

Table 3: Quantitative evaluation of weather and time-of-day conversions on
the Waymo dataset. All results are derived from 120 source videos, each converted
into four common adverse conditions (rain, snow, fog, night) with 57 frames per video.
This results in a total of 27,360 frames evaluated. “-" indicates omitted due to frame
cropping. All metrics are averaged across all frames, where red indicates the best
performance.

Quantitative Result Analysis. As shown in Tab. 3, AutoWeather4dD
achieves performance comparable to existing baselines. While numerical results
are on par with massive data-driven models (e.g., Cosmos-Transfer2.5), they
demonstrate that our framework maintains high generation fidelity. Crucially, our
method complements the implicit generation process by introducing explicit phys-
ical control, offering a deterministic alternative for fine-grained editing. Extended
comparative evaluations on general generative performance—encompassing FVD
and distribution-level metrics distinct from core editing fidelity—are deferred to
(Supplementary Materials Sec. 15).

4.5 Ablation Study

Comprehensive architectural ablations—encompassing isolated modules, com-
binatorial configurations, and granular physical parameterizations (rain, snow,
local illumination, and VidRefiner conditioning strength)—are strictly deferred
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Fig. 5: Ablation of 4D reconstruction. (a) Integer-quantized depth priors [28] induce
severe spatial discretization and aliasing during local relighting. (b) The deployed feed-
forward 4D reconstruction establishes a continuous floating-point manifold, enforcing
smooth, artifact-free illumination gradients.

to the Supplementary Materials (Sec. 16). The subsequent analysis explicitly
isolates the structural necessity of the continuous 4D reconstruction.

Effect of 4D reconstruction. Distance-based light attenuation dictates
a strict mathematical requirement for continuous spatial gradients. Utilizing
standard inverse rendering alone extracts integer-quantized depth maps. Under
explicit local illumination, this spatial discretization inherently provokes abrupt
discontinuities in the light attenuation function, manifesting as severe jagged
aliasing across the rendered surfaces (Fig. 5a). By integrating the feed-forward
4D reconstruction backbone, the pipeline recovers a continuous, floating-point
geometric manifold. This non-discrete structural prior deterministically resolves
spatial step artifacts, guaranteeing natural and continuous illumination gradients
during dynamic relighting (Fig. 5b).

4.6 Applications

Efficacy in Perception Data Augmentation. Following established weather
synthesis protocols [44], the utility of AutoWeather4D is assessed for downstream
perception data augmentation. The synthesized sequences serve as supplementary
training data to address domain gaps in semantic segmentation. Source-domain
semantic annotations are directly transferred to the synthesized adverse videos.
Subsequently, the HRDA segmentation model [20] is fine-tuned on 6,480 aug-
mented frames for 20k iterations. The segmentation performance is evaluated via
mloU and mAcc using the Cityscapes [9] taxonomy across two standard adverse-
condition datasets: ACDC [50] (snow, rain, fog, night) and Dark Zurich [49] (day,
night).

Tab. 4 reports the quantitative impact of the synthesized sequences on down-
stream perception robustness. While absolute mIoU increments on ACDC and
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Setting ACDC mlIoU(1) ACDC mAcc(1) DarkZurich mIoU(1) DarkZurich mAcc(T)
w/o augmentation 49.20 60.72 23.92 38.29

w/ cosmos 49.66 (+0.93%) 62.31 (+2.62%)  23.93 (+0.04%) 39.52 (+3.21%)
w/ ours 49.81 (+1.24%) 62.52 (+2.96%) 24.09 (+-0.71%)  39.73 (+3.76%)

Table 4: AutoWeather4D for data augmentation in adverse weather semantic
segmentation.

HDR Envmap
Noon

Fig. 6: Global Illumination Editing driven by HDR environment map.

Dark Zurich remain marginal, this reflects the inherent saturation of zero-shot
cross-domain transfer within a highly optimized baseline (HRDA). Consequently,
this proxy evaluation is formulated strictly to validate the geometric fidelity of
the synthesized data, rather than to advance the segmentation state-of-the-art.
Under severe atmospheric shifts, standard generative baselines exhibit structural
degradation, resulting in negligible transfer benefits (e.g., Cosmos yielding a
+0.04% mlIoU increment on Dark Zurich). Conversely, the consistent gains pro-
vided by AutoWeatherdD demonstrate that explicitly anchored synthesis reliably
preserves the underlying scene geometry required for robust downstream training.

INlumination Control. The decoupled representation enables HDR-driven
illumination. Parameters such as sun altitude and ambient color are adjustable
without changing scene geometry (Fig 6). The G-buffer ensures consistent shading
and light transport across different environment maps.

Furthermore, the architectural advantage of AutoWeather4dD extends beyond
static data augmentation. As demonstrated in Fig. 7, our explicit parameterized
control (e.g., continuously scaling fog density or toggling local lights) enables the
targeted synthesis of specific challenging scenarios where downstream algorithms
commonly fail. While comprehensive downstream diagnostic benchmarking is
left for future work, this fine-grained, deterministic controllability inherently
provides the foundation for generating continuous perturbation sequences. This
establishes a highly controllable capability for future system-level robustness
evaluation, providing a complementary deterministic approach to purely data-
driven generative baselines, avoiding the need for excessively large-scale specific
data collection.
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Fog: Light->Moderate->Heavy

Night: Per Light Switch On/Off

Ego Light On White Light @On | Yellow Light® On | White Light ® On Combination

Fig. 7: Explicit Parameterized Control for Physically Consistent Weather
and Time-of-Day Video Editing.

5 Conclusion

To mitigate data scarcity, AutoWeather4D aligns deterministic graphics with video
diffusion to transform real-world footage into adverse scenarios. By anchoring the
generative process to explicit G-buffer priors, we transition from synthesis with
entangled geometry and illumination toward physically grounded, parametric
simulation. This framework serves as a complementary data source, offering
potential for future diagnostics of perception failure modes in adverse conditions.
Limitations. While our explicit-implicit bridging achieves physically grounded
synthesis for primary weather conditions, capturing extreme long-tail dynamic
interactions (e.g., complex fluid dynamics of vehicle splash) remains challenging
for decoupled pipelines. Future work will explore integrating localized genera-
tive priors specifically for these unstructured phenomena, complementing our
deterministic structural anchors. Additionally, balancing severe environmental
perturbations (e.g., heavy fog occlusion) with the structural retention of dis-
tant background elements necessitates careful calibration. While our boundary
conditioning effectively anchors foreground geometries, future iterations could
incorporate semantic-aware attenuation masks to dynamically modulate the
diffusion intensity across critical autonomous driving regions of interest.
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