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Abstract. End-to-end (E2E) autonomous driving algorithms require
rigorous closed-loop validation in simulation environments offering high
visual fidelity, strong interactivity, and real-time performance. Exist-
ing approaches, from game engines to static neural rendering, inher-
ently trade off these requirements and struggle with the dynamic scene
composition essential for E2E testing. To bridge this gap, we propose
a novel decoupled 3D Gaussian Splatting (3DGS) framework tailored
for large-scale E2E evaluation. We fundamentally decompose scenes into
a high-fidelity static background and manipulable dynamic agents us-
ing an object-centric canonical representation. To resolve resulting rep-
resentational conflicts, we introduce three targeted modules: (1) asset
compression via perceptual pruning and vector quantization for real-
time traffic rendering; (2) map-guided geometric registration leveraging
semantic topology to strictly align trajectories; and (3) proxy-based re-
lighting transferring ambient illumination for seamless photometric inte-
gration. Extensive experiments demonstrate that DecoupleGS achieves
a balanced fidelity-efficiency trade-off, improves metric and photomet-
ric consistency, and provides a practical closed-loop sensor simulation
platform for E2E autonomous driving evaluation.

Keywords: Autonomous Driving · 3D Gaussian Splatting · End-to-End
Testing · Sensor Simulation

1 Introduction

Autonomous driving (AD) is rapidly transitioning from classical modular pipelines
to End-to-End (E2E) learning paradigms that map raw sensor observations di-
rectly to control commands [6, 8, 32]. While E2E algorithms reduce error accu-
mulation [7,16,17], their safety and driving policies must be rigorously optimized
across a broad, demanding set of scenarios. Since real-world data collection for
such safety-critical scenarios is prohibitively costly and hazardous, high-fidelity
virtual simulation has become an indispensable data engine for the continuous
testing and optimization of E2E algorithms.

† Corresponding authors.
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Fig. 1: Comparison of autonomous driving simulation paradigms. Traditional
approaches face distinct limitations: (a) Game engine simulators suffer from sim-to-real
gaps and synthetic appearances; (b) Generative models struggle with temporal incon-
sistencies and high inference latency; (c) Static 3DGS representations couple geometry
and illumination, making dynamic manipulation impossible. In contrast, (d) our Decou-
pleGS framework introduces a modular composition of backgrounds and compressed
assets, uniquely enabling an interactive, photorealistic, and closed-loop testing envi-
ronment for AD policies.

For E2E testing, a practical closed-loop simulation platform must satisfy
three key requirements: high visual and geometric fidelity, strong multi-agent
interactivity, and sufficient real-time throughput [2,9,22,30,31]. However, exist-
ing sensor simulation approaches inherently trade off these requirements. Tradi-
tional game engines suffer from sim-to-real domain gaps, generative 2D models
lack strict multi-view 3D consistency for spatial-temporal control loops, and
static neural rendering methods lack the modularity to dynamically manipulate
traffic flows.

Consequently, current methodologies cannot meet the integrated demands of
a large-scale, rigorous testing pipeline. This gap stems from representational con-
flicts when seamlessly separating persistent static infrastructure from dynamic
traffic participants. Merging these distinct entities introduces severe bottlenecks:
storing and rendering multiple high-fidelity vehicles exhausts memory (efficiency
conflict); unstructured neural coordinates fail to align with semantic metric maps
(geometric conflict); and entangled environment lighting prevents dynamic assets
from inheriting consistent illumination (photometric conflict).
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To resolve these challenges, we propose DecoupleGS, a novel decoupled 3D
Gaussian Splatting (3DGS) framework. The core task of this paper is to provide a
comprehensive sensor simulation framework for E2E algorithms, achieving inter-
active, high-fidelity closed-loop evaluation that enables rigorous safety validation
and dynamic multi-agent testing at scale. As compared in Fig. 1, while existing
simulation paradigms suffer from the sim-to-real gap, temporal inconsistency,
or coupled geometry, DecoupleGS uniquely bridges these gaps by organically
composing persistent backgrounds and manipulable assets. We utilize an object-
centric canonical representation to decompose the scene into a persistent high-
fidelity static background and independent, compact 3DGS dynamic agents. Our
pipeline integrates three targeted modules: an asset compression module utiliz-
ing perceptual redundancy pruning and vector quantization to mitigate memory
bottlenecks; a map-guided geometric registration module leveraging semantic
topology to strictly align agent trajectories; and a proxy-based relighting mech-
anism transferring ambient illumination for seamless photometric integration.

The main contributions of this study are threefold. First, we present a holistic
3DGS framework that integrates neural reconstruction fidelity with the interac-
tivity and throughput required for large-scale closed-loop E2E testing. Second,
we systematically address fundamental efficiency, geometry, and photometry con-
flicts by developing solver-agnostic modules for vehicle compression, map-guided
registration, and relighting. Third, we validate that these modules enable plug-
and-play insertion of multiple vehicles at interactive rates, establishing a robust
and efficient data engine for E2E algorithms.

2 Related Work

2.1 Traditional Simulators and 2D Generative Methods

Game-engine-based simulators provide mature scene graphs, physically-based
rendering primitives, and real-time rasterization pipelines, which yield strong
interactivity and efficient runtime performance [2, 9, 22, 30, 31]. Their principal
limitation for testing lies in the engineering cost of producing extensive collec-
tions of high-fidelity, diverse assets, and the reliance on hand-crafted materials
and approximate physics, which often preserve a non-negligible visual or sensor-
level domain gap from recorded real scenes. Conversely, generative 2D image
synthesis—particularly latent diffusion models—has recently achieved impressive
photorealism for scene synthesis and controllable simulation [15,24,29,35,39,42],
but these methods are fundamentally 2D. They do not provide an intrinsic, multi-
view, physically consistent 3D representation and therefore struggle with high
inference latency and temporal coherence under the high frame-rate demands of
control loops.

2.2 Neural 3D Reconstruction and Rendering

By contrast, neural 3D reconstruction and neural rendering methods—most no-
tably NeRF variants and the recent 3DGS paradigm—reconstruct geometry and
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view-dependent appearance directly in a 3D coordinate frame, which reduces
certain sim-to-real gaps and enables novel-view synthesis [1, 5, 12, 19, 26, 27, 41].
While recent frameworks advance closed-loop safety testing and dynamic scene
composition [4, 14, 25, 40, 43, 45, 46], they still face bottlenecks for interactive
E2E testing: many rely on pre-rendered alternatives, incorporate lighting into
the reconstruction, or generally lack an efficient, map-aware modular decomposi-
tion that cleanly separates persistent infrastructure from movable traffic partic-
ipants [13, 33, 34]. Consequently, naively reusing reconstructed vehicle instances
across scenarios or moving them along arbitrary trajectories produces geometric
and photometric inconsistencies.

2.3 Research Gaps for Interactive Neural Scene Composition

To address these challenges, recent attempts to make neural reconstructions
interactive or to insert dynamic vehicles into neural scenes have advanced the
state of the art [21,28,36,44] but expose three concrete research gaps that directly
impede closed-loop E2E evaluation.

Efficiency and Scalability. High-fidelity vehicle models derived from 3DGS
or dense Gaussian representations typically contain a large number of primi-
tives. Although 3DGS substantially accelerates rendering compared with early
implicit NeRF-based methods, the composition of multiple detailed vehicle in-
stances remains computationally demanding, often leading to severe frame-rate
degradation when many agents co-exist in a scene. This limitation arises be-
cause most reconstruction-oriented pipelines prioritize offline visual fidelity and
lack runtime-oriented compression or pruning mechanisms, which are essen-
tial for maintaining interactive performance in large-scale multi-agent simula-
tion [40,46].

Geometric Alignment and Metric Consistency. Neural reconstructions
are typically represented in unstructured learned coordinates, whereas planning
and control operate in metric map space, leading to alignment inconsistencies in
closed-loop simulation. Existing object-centric methods [28, 44] focus on single-
object editing or require per-scene optimization and therefore do not yet provide
robust, map-aware registration for long-horizon multi-agent sequences.

Photometric Integration and Relighting. In neural scene representa-
tions, lighting is often entangled with geometry and appearance, preventing in-
serted vehicles from automatically inheriting consistent ambient illumination,
shadows, and environmental reflections. Although recent relighting and com-
positing pipelines demonstrate promising capabilities for object-level relighting
and shadow synthesis [47], they typically incur substantial computational over-
head or assume a limited number of edited objects and fixed camera configu-
rations. These constraints hinder their applicability to large-scale, interactive
multi-vehicle simulation.
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3 Method

To enable large-scale closed-loop E2E evaluation, we aim to compose a photo-
realistic yet interactive simulation where (i) the static infrastructure remains
persistent across time, and (ii) a variable number of traffic agents can be instan-
tiated, moved, relit, and rendered in response to planner-driven scene states. As
illustrated in Fig. 2, DecoupleGS is organized around a decoupled neural scene
representation and three tightly coupled functional modules. The static back-
ground and canonical dynamic assets are represented in separate coordinate
spaces, while asset compression, map-guided registration, and proxy-based re-
lighting respectively address the efficiency, geometric, and photometric conflicts
that arise during dynamic scene composition. The transformed and relit prim-
itives are finally composited through a unified rasterizer to produce multi-view
observations for closed-loop E2E testing.

3.1 Decoupling and Unified Rendering

Applying 3DGS to interactive E2E testing is fundamentally bottlenecked by
its inherent assumption of static scenes. We introduce a dual-stream architec-
ture that represents the background and dynamic agents in separate coordinate
spaces, mathematically fusing them prior to rasterization without the need for
network inference.

Object-Centric Canonical Decomposition. Formally, the global scene Ω at
timestamp t is defined as the spatial union of a time-invariant background field
Sbg and a set of K dynamic agents:

Ω(t) = Sbg ∪

(
K⋃

k=1

Tk(t) ◦ Vk

)
(1)

The background Sbg consists of Gaussian primitives anchored in the world co-
ordinate system (WCS). Conversely, each dynamic agent k is parameterized as
a canonical Gaussian volume Vk within a standardized local coordinate system
(LCS). Given the agent’s 6-DoF rigid transform Tk(t) = [Rk | tk] ∈ SE(3) map-
ping LCS to WCS, we apply the transformation to the spatial attributes (means
µ and covariances Σ) of all primitives within Vk:

µ
(W )
i = Rkµ

(L)
i + tk, Σ

(W )
i = RkΣ

(L)
i R⊤

k (2)

Crucially, 3DGS encodes view-dependent appearance via Spherical Harmonics
(SH). When the geometry undergoes a rotation Rk, the intrinsic SH coefficients
c
(L)
i must be correspondingly rotated to preserve correct view-dependent reflec-

tions relative to the new orientation. We apply the Wigner D-matrix D(Rk) to
rigorously align the SH bands:

c
(W )
i = D(Rk)c

(L)
i (3)
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Fig. 2: Overview of the DecoupleGS framework. DecoupleGS decouples persistent
static backgrounds from canonical dynamic assets, and integrates asset compression,
map-guided registration, proxy-based relighting, and unified rasterization to support
interactive closed-loop E2E evaluation.

While this mathematically preserves the asset’s intrinsic specularities under rigid
motion, resolving the ultimate photometric mismatch with the new background
illumination is deferred to our proxy-based relighting module (Sec. 3.4).

Unified Rasterization and Runtime Optimization. To ensure physically
accurate occlusion, all primitives from Ω(t) are merged into a unified aggregate
list P. For each pixel u, primitives overlapping u are depth-sorted relative to the
novel camera center and composited via continuous front-to-back α-blending.
To maintain the robust interactive frame rates required for large-scale E2E test-
ing, we integrate several hardware-level optimizations: (a) conservative frustum
culling to aggressively bound P; (b) decoupling the sorting radix, where the
static background splats are cached and incrementally reused; and (c) comput-
ing batched spatial updates exclusively for the moving canonical volumes.

3.2 Asset Compression

Directly rendering high-dimensional raw 3DGS assets for dense traffic is com-
putationally prohibitive. As detailed in Fig. 3, we introduce a semantic-aware
compression pipeline consisting of importance scoring, pruning, and vector quan-
tization to produce compact canonical assets suitable for real-time multi-agent
composition.

Explicit Importance Scoring and Pruning. Instead of relying on black-
box neural networks, we compute an explicit scalar importance score si for each
primitive gi that summarizes its visibility, photometric contribution, and local
geometric saliency:

si = wvisVi + wcolDi + wentHi (4)
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Fig. 3: Illustration of the semantic-aware asset compression module. Canonical ve-
hicle Gaussians undergo explicit importance scoring (Vi, Di, Hi), adaptive pruning
via threshold τs, and high-dimensional attribute vector quantization to form compact
canonical volumes.

Here, the visibility estimate Vi is the expected opacity contribution over sampled
training views; the color contrast term Di measures perceptual distinctiveness
versus the local background; and the entropy term Hi captures texture complex-
ity inside the primitive neighborhood. Primitives with si below a strict threshold
τs (empirically set to 0.005) are pruned. This operation significantly reduces the
primitive count, concentrating computational resources on essential structural
details like wheels and chassis boundaries. The weighting coefficients wvis, wcol,
and went are empirically determined via grid search to optimally balance geo-
metric preservation and color fidelity, demonstrating robust generalization across
different vehicle types.

Attribute Vector Quantization. To further minimize the memory footprint,
Vector Quantization (VQ) is applied to the high-dimensional attributes of re-
tained primitives. The covariance Σi and color coefficients ci are replaced by
their nearest entries in small, learnable codebooks Cshape and Ccolor:

Σi ≈ Cshape[q
shape
i ], ci ≈ Ccolor[q

color
i ] (5)

This discretization replaces heavy floating-point tensors with compact integer
indices qi. Specifically, we utilize attribute-specific codebooks (e.g., Kcolor = 1024
for SH color coefficients and Kshape = 512 for covariance attributes) optimized
via Exponential Moving Average (EMA) during compression.

3.3 Map-Guided Geometric Registration

Integrating dynamic agents requires strict geometric alignment. It is crucial to
note that for the ego-vehicle evaluated in closed-loop E2E testing, its trajectory
is driven entirely by the unconstrained relative pose updates from the planner to
preserve maneuvers like lane changes. The sequence-level registration described
below, and illustrated in Fig. 4, is specifically designed to accurately inject back-
ground traffic agents into the reconstructed shared coordinate system.
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Fig. 4: The map-guided geometric registration pipeline. It enforces strict metric align-
ment via trajectory-to-lane DTW sequence alignment, SE(2) Procrustes 2D transfor-
mation, and robust opacity-accumulated 3D vertical grounding.

Semantic Topology and Planar Alignment. We obtain vectorized lane
centerlines L from dataset-provided HD maps when available, and use Map-
TRv2 [23] to extract lane topology otherwise. Given a background agent’s 2D
trajectory T = {pt}Tt=1 and the corresponding lane geometry, we build a cost
matrix that penalizes both Euclidean distance and heading mismatch. We utilize
constrained Dynamic Time Warping (DTW) to find the optimal warping path es-
tablishing trajectory-to-lane correspondences. Subsequently, an Orthogonal Pro-
crustes analysis computes the globally optimal 2D rigid transform Talign ∈ SE(2)
to eliminate systemic lateral drift.

Vertical Grounding via Opacity Accumulation. Since 3DGS lacks a con-
tinuous surface mesh, standard ray-casting fails. We employ opacity-weighted
depth accumulation to ground the vehicles. For anchor points pj defined at the
bottom corners of the asset’s bounding box, the vertical height zj is computed
as the opacity-weighted average of the intersected background gaussians within
a vertical column N :

zj =

∑
k∈N αkzk∑
k∈N αk

(6)

A local ground plane is then fitted using least-squares minimization over the
anchors {zj}. The final vertical position zasset and attitude (pitch and roll) of
the asset are derived from the estimated plane normal, ensuring that the wheels
maintain physically plausible contact with the terrain.

3.4 Relighting

To resolve the photometric conflict where inserted assets retain intrinsic illumi-
nation that mismatches the novel environment, we develop a lightweight, proxy-
based relighting module that operates without online neural network inference.
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Local Probe Sampling and Linear SH Transfer. We treat the background
SH coefficients as a dense field of light probes. For a vehicle located at x, we
construct a local ambient descriptor L(x) by aggregating the SH coefficients of
neighboring background gaussians cg, weighted by their visibility Vg and spatial
distance:

L(x) =
∑

g∈N (x) wgcg∑
g∈N (x) wg

, wg = exp

(
−||x− µg||2

2σ2
p

)
Vg (7)

To transfer this environmental lighting, we apply a pre-calibrated linear modu-
lation operator to the canonical vehicle’s SH coefficients ccan:

cout = T (L(x))⊗ ccan + b(L(x)) (8)

where T (·) and b(·) are efficient transformation matrices. Rather than relying
on online neural network inference, these operators are derived offline by solving
a least-squares regression over a synthetic dataset of canonical assets rendered
under diverse pre-captured environmental probes. This analytical calibration
completely avoids per-frame MLP inference while successfully rebaking the assets
with the local lighting context.

Proxy-based Contact Shadows. To anchor the object visually, we synthesize
contact shadows on the estimated local ground plane. We project a parametric
shadow mask Mshadow(u) scaled by the object footprint. Crucially, the intensity
of the background gaussians under this mask is modulated dynamically by the
dominant light intensity Idom extracted from the DC component of the ambient
descriptor L(x):

cfinal(u) = cground(u) · (1− λ · Idom ·Mshadow(u)) (9)

This efficient approximation ensures that shadows become appropriately faint in
overcast conditions or intense under direct sunlight, completing the photometric
integration seamlessly.

4 Experiments

This section evaluates DecoupleGS from four complementary perspectives: ren-
dering efficiency, geometric and photometric fidelity, open-loop sim-to-real con-
sistency, and closed-loop E2E testing. We further ablate the proposed compres-
sion, registration, and relighting modules to verify how each component resolves
the efficiency, geometric, and photometric conflicts in dynamic neural scene com-
position.

4.1 Experimental Setup

Datasets and assets. We utilize nuScenes [3] and PandaSet [37] for diverse
background scenarios, and source manipulable canonical vehicles from 3DReal-
Car [10]. We curate 15 dynamic clips from nuScenes and 10 sequences from
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PandaSet, covering challenging illumination conditions such as dusk, night, and
overcast scenes. Dynamic objects are removed using Segment Anything Model
(SAM) [20] masks with morphological dilation to suppress boundary artifacts.
We sample 20 vehicle assets from 3DRealCar, covering sedans, SUVs, and large
commercial vehicles.

Baselines and metrics. For rendering efficiency and compression, we com-
pare against Plenoxels [12], Vanilla 3DGS [19], and LightGaussian [11]. For
simulator-level fidelity and closed-loop testing, we compare with HUGSIM [45],
OASim [38], and RealEngine [18]. Downstream E2E policy testing is conducted
with UniAD [16] and VAD [17]. Rendering fidelity is measured by PSNR-Veh,
PSNR-All, SSIM, and LPIPS, while runtime performance is evaluated using FPS
and VRAM. Geometric consistency is quantified by Trajectory Average Displace-
ment Error (ADE) and Ground Penetration Rate (GPR). Photometric realism
is evaluated using Masked PSNR, Peak Intensity Error (PIE), and Peak An-
gular Error (PAE). Open-loop planner consistency is measured by mADE and
minTTC, while closed-loop E2E testing adopts Driving Score (DS), Success Rate
(SR), Route Completion (RC), and minTTC.

Implementation and closed-loop protocol. All experiments are con-
ducted on a single NVIDIA RTX 4090 GPU with 24 GB VRAM using custom
CUDA kernels. The static background is optimized for 30k iterations, and the as-
set compression threshold τs is set to 0.005. All closed-loop evaluations are fully
interactive. At each simulation step, DecoupleGS renders multi-view images for
the tested planner, the E2E model predicts the ego trajectory, and background
agents react online via coupled IDM and MOBIL behavioral models. The global
scene state is then synchronized and re-rendered for the next step.

4.2 Rendering Efficiency and Scalability

Asset compression. Table 1 reports results under three traffic densities: Size
S with 1–2 vehicles, Size M with 3–5 vehicles, and Size L with 6–10+ vehicles.
Vanilla 3DGS preserves the highest rendering fidelity but becomes inefficient
as traffic density increases, while LightGaussian achieves the most aggressive
compression and fastest rendering at the cost of lower scene fidelity. Decou-
pleGS is designed for a different objective: it preserves the high-fidelity static
background and compresses only dynamic assets, yielding the most balanced
fidelity-efficiency trade-off. As shown in the final column, among the compared
methods, DecoupleGS is the only one that consistently remains within the top-2
across all fidelity and efficiency metrics under every traffic density, which is more
suitable for interactive E2E testing than optimizing a single isolated metric.

Scalability. We further conduct a stress test by increasing the number of
dynamic agents to 50. As shown in Fig. 5, Vanilla 3DGS suffers rapid mem-
ory growth and encounters out-of-memory failures before reaching dense traffic.
In contrast, DecoupleGS relies on a persistent background and compact VQ-
indexed assets, leading to approximately linear memory growth. It maintains
usable throughput even under extreme multi-agent settings, which is essential
for large-scale closed-loop policy evaluation.
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Table 1: Asset compression results under different traffic densities. Best values are
bolded, second-best values are shaded in gray, and DecoupleGS rows are highlighted.
The final column summarizes whether a method consistently remains top-2 across all
fidelity and efficiency metrics.

Size Methods Fidelity Efficiency Top-2 Consist.
PSNR-Veh ↑ PSNR-All ↑ SSIM ↑ LPIPS ↓ FPS ↑ VRAM ↓

Plenoxels [12] 21.45 23.06 0.795 0.510 8.5 2.5GB No
Vanilla 3DGS [19] 28.52 29.41 0.903 0.243 55.4 1.2GB No

S LightGaussian [11] 26.21 27.50 0.865 0.281 75.2 180MB No
DecoupleGS (Ours) 28.10 29.25 0.898 0.252 68.5 850MB Yes

Plenoxels [12] 20.12 23.08 0.626 0.463 6.2 3.1GB No
Vanilla 3DGS [19] 27.05 27.21 0.815 0.214 32.5 2.1GB No

M LightGaussian [11] 25.14 26.40 0.781 0.250 58.6 240MB No
DecoupleGS (Ours) 26.85 27.12 0.805 0.218 52.4 950MB Yes

Plenoxels [12] 18.55 21.08 0.719 0.379 3.5 4.8GB No
Vanilla 3DGS [19] 25.50 25.14 0.785 0.255 12.1 3.8GB No

L LightGaussian [11] 23.52 24.10 0.720 0.295 45.0 320MB No
DecoupleGS (Ours) 25.24 25.05 0.772 0.260 38.5 1.1GB Yes

Fig. 5: Scalability evaluation. DecoupleGS avoids the OOM bottlenecks of Vanilla
3DGS, demonstrating stable VRAM growth and usable frame rates up to 50 agents.

Fig. 6: Quantitative comparisons of geometric registration and photometric realism
against baseline methods. DecoupleGS achieves lower trajectory drift, fewer ground-
penetration artifacts, and more consistent relighting.
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Fig. 7: Qualitative comparison of the relighting module, demonstrating seamless inte-
gration of dynamic assets under various illuminations.

Table 2: Open-loop sim-to-real consistency and closed-loop E2E simulator comparison.
Open-loop results measure UniAD behavior under rendered observations, using real
images as the reference input. Bold values indicate the best result among simulated
inputs. Closed-loop scores are normalized to [0, 1] for consistency with Table 3.

Setting Metric Real Input Ours HUGSIM [45] RealEngine [18] OASim [38]

Open-loop mADE (m) ↓ 0.76 0.82 0.94 1.15 1.02
minTTC (s) ↑ 3.5 3.3 2.8 2.4 2.9

Closed-loop

Driving Score ↑ – 0.884 0.765 0.682 0.748
Route Completion ↑ – 0.956 0.814 0.795 0.851
minTTC (s) ↑ – 3.3 2.3 2.6 2.8
Rendering FPS ↑ – 45 12 32 18

4.3 Geometric and Photometric Fidelity

Map-guided geometric consistency. Fig. 6 evaluates the metric alignment
of inserted agents. Compared with HUGSIM and RealEngine, our map-guided
registration significantly reduces trajectory drift and ground penetration. By
combining trajectory-to-lane sequence alignment, SE(2) planar correction, and
opacity-accumulated vertical grounding, DecoupleGS achieves accurate lane-
level placement while maintaining physically plausible contact with the road
surface.

Photometric realism. The same figure also reports photometric realism un-
der held-out vehicle re-insertion. Our proxy-based relighting obtains the lowest
PAE and competitive Masked PSNR by transferring local ambient illumination
to canonical assets without online neural inference. As shown in Fig. 7, inserted
vehicles inherit scene-dependent lighting and contact shadows, avoiding the com-
mon mismatch between foreground appearance and background illumination.
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Table 3: Closed-loop E2E AD testing across scenario difficulty levels. Values are Mean
± Std over 50 independent episodes.

Difficulty Method DS SR RC minTTC

Easy UniAD [16] 0.725±0.04 0.850±0.03 0.780±0.05 0.812±0.06
VAD [17] 0.680±0.05 0.815±0.04 0.720±0.06 0.785±0.05

Medium UniAD [16] 0.540±0.06 0.710±0.05 0.610±0.07 0.650±0.08
VAD [17] 0.450±0.07 0.630±0.06 0.520±0.08 0.580±0.07

Hard UniAD [16] 0.380±0.08 0.520±0.07 0.450±0.09 0.480±0.10
VAD [17] 0.250±0.09 0.410±0.08 0.320±0.10 0.390±0.09

Extreme UniAD [16] 0.195±0.07 0.310±0.09 0.250±0.08 0.280±0.08
VAD [17] 0.120±0.05 0.220±0.07 0.180±0.06 0.210±0.06

Fig. 8: Representative camera views of UniAD evaluated across generated scenarios of
increasing difficulty, from Easy to Extreme.

4.4 Open-loop Sim-to-real Consistency

A reliable simulator should not only render visually plausible images but also
preserve the behavior of downstream planners. We therefore conduct an open-
loop sim-to-real consistency test using UniAD. Real images serve as the reference
input, while different simulators provide rendered observations for the same driv-
ing scenes. As shown in Table 2, DecoupleGS most closely matches the real-data
behavior in both mADE and minTTC, indicating a smaller sim-to-real behav-
ioral gap than existing neural simulators.

4.5 Closed-loop E2E Testing

Simulator-level comparison. Beyond open-loop consistency, Table 2 com-
pares different simulators under interactive closed-loop testing. DecoupleGS achieves
the highest normalized Driving Score and Route Completion while maintaining
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Table 4: System-level ablation study evaluated on medium-density scenarios. Values
in parentheses indicate changes relative to the full framework.

Methods FPS ↑ Trajectory ADE ↓ Peak Angular Error ↓

w/o asset compression 8.5 (↓26.9) 0.05 (=) 6.8 (=)

w/o map-guided reg. 36.2 (↑0.8) 0.48 (↑0.43) 6.8 (=)

w/o relighting 38.5 (↑3.1) 0.05 (=) 48.5 (↑41.7)
Full Framework (Ours) 35.4 0.05 6.8

Fig. 9: Plug-and-play capability. Integrating our modules into existing simulators im-
proves rendering speed and photometric accuracy.

the largest safety margin measured by minTTC. It also runs at 45 FPS, sub-
stantially faster than HUGSIM and OASim. These results demonstrate that De-
coupleGS is not merely a rendering module, but a practical closed-loop sensor
simulation engine for E2E policy evaluation.

Difficulty-based stress testing. We further evaluate UniAD and VAD
across four scenario difficulty levels, as shown in Table 3, with representative
closed-loop visualizations provided in Fig. 8. The difficulty is controlled by traffic
density, illumination, and background-agent aggressiveness. Easy scenarios con-
tain sparse traffic and clear daytime illumination. Medium scenarios introduce
moderate density and standard urban maneuvers. Hard scenarios include dense
traffic and challenging illumination such as dusk or heavy overcast. Extreme sce-
narios further introduce adversarial lighting and safety-critical behaviors such as
sudden braking and aggressive cut-ins.

Both planners degrade as the scenario difficulty increases. UniAD maintains
a relatively high completion rate in Easy scenarios but suffers under severe oc-
clusion and dense interactions, while VAD is more sensitive to dense multi-agent
constraints, causing a steeper drop in Driving Score under Hard and Extreme
settings. The qualitative examples in Fig. 8 further illustrate that DecoupleGS
can synthesize visually diverse and increasingly challenging closed-loop scenar-
ios, including dense traffic, low-light conditions, and safety-critical interactions.
These results show that DecoupleGS can generate structured and controllable
stress tests that expose planner vulnerabilities.
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4.6 Ablation Studies

Table 4 decomposes the effect of each core module under medium-density scenar-
ios. Without asset compression, throughput collapses from 35.4 FPS to 8.5 FPS,
making interactive multi-agent simulation impractical. Without map-guided reg-
istration, ADE increases from 0.05 m to 0.48 m, showing that neural coordinates
alone do not guarantee metric-consistent placement. Without relighting, PAE in-
creases from 6.8◦ to 48.5◦, exposing severe foreground-background illumination
mismatch. The full framework therefore offers the best balanced trade-off across
efficiency, geometric alignment, and photometric consistency.

Plug-and-play capability. We further validate that the proposed modules
are solver-agnostic. As shown in Fig. 9, integrating DecoupleGS components into
existing simulators improves runtime and photometric consistency, indicating
that our compression, registration, and relighting modules can serve as general-
purpose building blocks for interactive neural driving simulation.

4.7 Limitations

While DecoupleGS enables efficient and consistent closed-loop testing, it still has
limitations. First, its proxy-based relighting favors runtime efficiency over phys-
ically exact global illumination, and may struggle with complex multi-bounce
lighting, specular effects, and cast shadows. Second, map-guided registration re-
lies on reliable semantic topology, making multi-level roads, overpasses, under-
bridge regions, and poorly detected lanes more challenging. Third, the current
framework mainly targets rigid traffic agents and RGB simulation. Future work
will explore non-rigid foregrounds, full background compression, richer interac-
tive behaviors, and unified RGB-LiDAR sensor simulation.

5 Conclusion

This paper presents DecoupleGS, a decoupled 3DGS framework for interactive
E2E autonomous driving testing. By separating persistent backgrounds from ma-
nipulable agents, DecoupleGS addresses efficiency, geometric, and photometric
conflicts through asset compression, map-guided registration, and proxy-based
relighting. Experiments demonstrate a balanced fidelity-efficiency trade-off, im-
proved sim-to-real consistency, and fully interactive closed-loop policy evalua-
tion. Future work will extend DecoupleGS toward richer illumination, non-rigid
agents, and unified RGB-LiDAR simulation.
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