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Figure 1. Our key contributions. Previous evaluations for urban view synthesis have primarily focused on interpolated poses, as the lack
of ground truth data has made it challenging to evaluate extrapolated poses. We address this gap by providing real-world data that enables
both quantitative and qualitative evaluations of extrapolated view synthesis in urban scenes. The quantitative results reveal a significant
performance drop in 3D Gaussian Splatting [25] when handling extrapolated views, highlighting the need for more robust NVS methods.

Abstract

Photorealistic simulators are essential for the training and
evaluation of vision-centric autonomous vehicles (AVs). At
their core is Novel View Synthesis (NVS), a crucial ca-
pability that generates diverse unseen viewpoints to ac-
commodate the broad and continuous pose distribution of
AVs. Recent advances in radiance fields, such as 3D Gaus-
sian Splatting, achieve photorealistic rendering at real-
time speeds and have been widely used in modeling large-
scale driving scenes. However, their performance is com-
monly evaluated using an interpolated setup with highly
correlated training and test views. In contrast, extrapola-
tion, where test views largely deviate from training views,
remains underexplored, limiting progress in generalizable
simulation technology. To address this gap, we lever-
age publicly available AV datasets with multiple traversals,

*“Equal contribution.
Corresponding author.

multiple vehicles, and multiple cameras to build the first
Extrapolated Urban View Synthesis (EUVS) benchmark.
Meanwhile, we conduct both quantitative and qualitative
evaluations of state-of-the-art NVS methods across differ-
ent evaluation settings. Our results show that current NVS
methods are prone to overfitting to training views. Besides,
incorporating diffusion priors and improving geometry can-
not fundamentally improve NVS under large view changes,
highlighting the need for more robust approaches and large-
scale training. We have released the data to help advance
self-driving and urban robotics simulation technology.

1. Introduction

The development of vision-centric autonomous vehicles
(AVs) relies heavily on photorealistic simulators, which
provide controlled, reproducible, and scalable environments
for training and evaluation of driving models [13, 44, 56].
These simulators enable AV to learn and adapt to a variety
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of real-world scenarios, from crowded urban streets to ad-
verse weather conditions, without the logistical and safety
concerns of physical road testing. At the heart of these sim-
ulators is the capability for Novel View Synthesis (NVS)—a
key technology that generates realistic images of unseen
viewpoints, simulating the continuous changes in perspec-
tive that occur as AVs navigate through urban environments.

Recent advancements in radiance fields, particularly
methods based on 3D Gaussian Splatting [25], have signif-
icantly improved the realism and efficiency of NVS. These
approaches [8, 53, 64, 66] can produce photorealistic ren-
derings at real-time speeds, making them highly attractive
for large-scale driving scene simulation. However, despite
their impressive results, the evaluation of NVS methods has
predominantly focused on interpolated scenarios, where
training and test viewpoints are closely related. While in-
terpolation tests are valuable for assessing local consistency,
they fall short in addressing the more critical challenge of
extrapolation—where test viewpoints differ significantly
from the training data. As shown in Figure 1, the interpo-
lation test set demonstrates strong performance, with met-
rics such as PSNR, SSIM, and LPIPS remaining very close
to the training set values. In contrast, the extrapolation
test set, which includes additional translation and rotation
changes relative to the training set, exhibits notable drops
in performance. Specifically, the metric decreases relative
to the training set are 28% for PSNR, 22% for SSIM, and
50% for LPIPS. These results underscore the urgent need
to explore and advance extrapolated view synthesis in com-
plex urban scenes, as real-world driving often involves en-
countering scenarios with significant viewpoint shifts and
diverse spatial transformations that deviate from training
distributions. Several recent studies [20, 23] have investi-
gated the generalization capabilities of NVS in 3D Gaus-
sian Splatting. Although they show promising qualitative
results, there is no comprehensive quantitative analysis
due to the absence of standardized datasets. Moreover, their
evaluations are primarily limited to specific scenarios or
use cases, without investigating varying evaluation settings
based on the degree of extrapolation. This gap underscores
the urgent need for a benchmark that offers diverse and chal-
lenging datasets, enabling a rigorous and systematic assess-
ment of NVS methods.

To establish a common platform for assessing the ro-
bustness of NVS methods, we introduce a comprehen-
sive benchmark for quantitatively and qualitatively evalu-
ating extrapolated novel view synthesis in large-scale ur-
ban scenes. Our benchmark leverages publicly available
datasets, including NuPlan [4], MARS [30], and Argov-
erse2 [46], which feature multi-traversal, multi-agent and
multi-camera sensory recordings. Multi-traversal data con-
sists of asynchronous traversals of the same location, while
multi-agent data refers to data collected simultaneously

from multiple vehicles within the same area. These data
provide diverse camera poses within a 3D scene, enabling
the training and evaluation of extrapolated view synthesis
in outdoor environments. For the experimental setup, we
define three evaluation settings: (1) translation only, (2) ro-
tation only, and (3) translation + rotation, as shown in Fig-
ure 4. In autonomous driving scenarios, Setting 1 corre-
sponds to maneuvers such as lane changes, Setting 2 in-
volves switching between cameras facing different direc-
tions, and Setting 3 addresses complex intersections, such
as crossroads with diverse traversal paths. These settings
represent common challenges in autonomous driving, and
addressing them enables the synthesis of complete scenes
from sparse image observations.

We conduct pose estimation and sparse reconstruction
using COLMAP [39], which facilitates the initialization of
Gaussian Splatting. We then evaluate state-of-the-art Gaus-
sian Splatting-based approaches across each evaluation set-
ting, identifying performance gaps both qualitatively and
quantitatively in extrapolated urban view synthesis.

In summary, our main contributions are as follows:

* We initiate the first comprehensive quantitative and qual-
itative study on the Extrapolated Urban View Synthesis
(EUVS) problem, supported by a robust evaluation frame-
work that categorizes evaluation settings (translation-
only, rotation-only, and translation + rotation) while as-
sessing performance using diverse metrics, including re-
construction accuracy and visual fidelity.

* We construct a novel dataset by integrating multi-
traversal, multi-agent, and multi-camera data from pub-
licly available resources, totaling 90,810 frames across
345 videos. Our dataset effectively addresses the limi-
tations of existing benchmarks, enabling rigorous and ro-
bust evaluation for extrapolated urban view synthesis.

* We benchmark state-of-the-art Gaussian Splatting-based
and NeRF-based models and analyze key factors that in-
fluence the performance of extrapolated NVS, laying a
solid foundation for future advancements in this challeng-
ing task. Data and code will be released upon acceptance.

2. Related Works

Extrapolated View Synthesis. Extrapolated view synthe-
sis aims to generate novel views beyond observed perspec-
tives, addressing challenges in visual coherence for unseen
regions. RapNeRF [60] proposes a random ray-casting pol-
icy that enables training on unseen views based on visible
ones. Following work [54] enhances this approach by incor-
porating holistic priors. Besides, some generalizable mod-
els [6, 9, 45] have emerged, capable of generating extrap-
olated novel views from a limited number of input images.
While these methods are designed for indoor scenes, sev-
eral works address extrapolated view synthesis in outdoor
driving scenarios, which typically involve forward-facing
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cameras and unbounded environments. To tackle the Set-
ting 1 challenge in our benchmark and address the scarcity
of lane change data, GGS [20] introduces a novel virtual
lane generation module. In parallel, AutoSplat [26] tackles
lane change in dynamic scenes by applying geometric and
reflected consistency constraints. To address the Setting 1
or 2 challenge, FreeSim [15], VEGS [23], and SGD [58]
enhance 3DGS [25] with diffusion priors to improve gener-
alization ability. Yet existing methods suffer from two major
limitations: (1) a lack of real data for quantitative evalua-
tion, which confines them to quantitative analysis, and (2)
a narrow focus on a specific setting in our benchmark, pre-
venting a comprehensive and systematic exploration.

3D Gaussian Splatting. Recent advances in radiance
fields, particularly NeRF [34] and 3DGS [25], have gar-
nered significant attention due to their impressive advance-
ments in NVS. NeRF employs an implicit representa-
tion through a multi-layer perceptron (MLP). Furthermore,
3DGS explicitly represents scenes using anisotropic 3D
Gaussian ellipsoids, enabling high-quality real-time ren-
dering. Several works have addressed issues such as dif-
ficulties with reflective surfaces [24], aliasing [57], etc.
However, urban scenes introduce unique challenges due to
their unbounded and dynamic nature. To address the chal-
lenge, several works separate dynamic and static elements
in the scene by leveraging a composite dynamic Gaus-
sian graph [53, 66], optical flow prediction [55, 64], etc.
PVG [8] presents a unified representation model that simul-
taneously incorporates both dynamic and static components
without relying on priors. To achieve realistic geometry and
efficient rendering, 2DGS [22] collapses 3D Gaussians onto
2D planes, while hybrid approaches [41, 48] combine dif-
ferent Gaussians to better capture region-specific features.
In summary, current urban NVS methods primarily focus on
effectively handling dynamic elements and enhancing ge-
ometry representation, while the challenge of extrapolated
view synthesis remains largely underexplored.

Autonomous Driving Simulators. Current simulators fo-
cus on three key challenges: parameter initialization [16,
42], traffic simulation [28, 51, 63], and sensor simula-
tion [1, 13, 18, 27, 56, 62]. Sensor simulation is crucial
for generating realistic sensory data that AVs depend on
for perception and decision-making. Early sensor simula-
tors [13, 40, 50] provide simulated environments that are
valuable for research but lack visual realism. Recent stud-
ies have focused on data-driven simulators that extract data
from real-world driving logs, creating more realistic and
adaptable environments. These methods can be classified
into two categories: generation-based and reconstruction-
based approaches. The former rely on inputs such as
text, video, and other data sources for simulation, sup-
ported by world models or prior knowledge [18, 27, 62].
Reconstruction-based simulations leverage real-world data

to ensure both visual fidelity and geometric consistency [47,
49, 56]. UniSim [56] is a pioneering example of this ap-
proach, utilizing NeRF-based scene representation to create
dynamic scenes with geometric information that are both
editable and controllable. Extrapolated view synthesis is es-
sential for these simulators, as it enables the generation of
realistic and consistent views from diverse angles.
Autonomous Driving Datasets. High-quality datasets play
a vital role in advancing autonomous driving research. The
KITTI dataset [19], released in 2012, marked a major
milestone, significantly accelerating advances in AVs [17,
33, 43]. Since then, many influential autonomous vehicle
datasets have been developed to tackle challenges like ad-
verse weather conditions [37], multimodal fusion [3, 4], re-
peated driving [4, 12], collaborative driving [29, 30, 52],
and motion prediction [5, 14, 46], etc. We leverage pub-
licly available datasets with multi-traversal, multi-agent,
and multi-camera recordings, enabling a comprehensive
and robust evaluation of extrapolated urban view synthesis.

3. The EUVS Benchmark

3.1. Dataset Curation

We leverage three publicly available, community-verified
autonomous driving datasets—nuPlan [4], Argoverse
2 [46], and MARS [30]—to enhance adoption and foster
trust through their established reliability. nuPlan [4] pro-
vides 1,200 hours of driving data from four cities, serving as
the first large-scale planning benchmark. Argoverse 2 [46]
supports multimodal perception and forecasting with 1,000
annotated 3D scenarios, 20,000 unlabeled lidar sequences,
and 250,000 motion forecasting cases. MARS [30] enables
collaborative driving research with multi-agent and multi-
traversal scenarios. The original datasets were not designed
for evaluating extrapolated view synthesis, which requires
our significant labor in data processing—300+ hours of
manual traversal selection and 800+ hours of computing to
run COLMAP. By integrating these datasets, our benchmark
enables the evaluation of view synthesis across diverse and
realistic urban environments under varying conditions. Fig-
ure 3 illustrates the distribution of the integrated datasets.

3.2. Evaluation Framework

To systematically assess model performance in extrapolated
urban view synthesis, our evaluation framework incorpo-
rates three evaluation settings and three data configura-
tions. Data configurations include multi-traversal, multi-
agent, and multi-camera, while evaluation settings are cat-
egorized into (1) translation only, (2) rotation only, and (3)
translation + rotation, as illustrated in Figure 4.

Setting 1. The translation-only experimental setup involves
scenarios where the vehicle’s position shifts without any
change in orientation. This scenario is commonly observed
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Figure 2. Dataset visualization. Our dataset features diverse scenes across various locations in different cities, sourced from multiple
datasets. Typical driving scenarios include maneuvers such as lane changes, cross intersections, and T-junctions. Top: Each column
displays images captured at the same location by different agents or traversals. Bottom: Each image displays the COLMAP points at a

specific location, along with the corresponding camera poses.
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Figure 3. Dataset distribution. Our dataset comprises 90,810 frames distributed over 104 cases, capturing a diverse array of multi-traversal
paths, multi-agent interactions, and multi-camera perspectives across varying evaluation settings.

in lane changes. We use traversals from different lanes in
multi-traversal data, focusing on the three front cameras.
The data is sourced from nuPlan [4] and Argoverse 2 [46].

Setting 2. The second setting, rotation only, evaluates mod-
els on views with significant orientation changes. In vision-
centric autonomous vehicles, this corresponds to transitions
between cameras capturing different directions. We lever-
age multi-camera data from nuPlan [4], training on three
forward-facing and three rear-facing cameras, while evalu-
ating on two side-facing cameras.

Setting 3. The third setting, combining translation and rota-
tion, includes both positional shifts and orientation changes,
posing the greatest challenge for NVS. To address this, we
utilize multi-traversal driving data collected from the same
location but across different traversal routes. For exam-
ple, the training and test sets may include routes that ap-
proach an intersection from different directions. Typical
route combinations feature scenarios such as intersections,

T-junctions, and Y-junctions, as shown in Figure 2, ensur-
ing diversity and comprehensive evaluation. The data for
this setting is from MARS [30] and Argoverse 2 [46].

3.3. Algorithm Overview

Vanilla 3D Gaussian Splatting. 3D Gaussian Splatting
(3DGS) [25] leverage 3D Gaussians to explicitly represent
the scene, which achieves high quality while offering real-
time rendering by avoiding unnecessary computation in the
empty space. Building on this, 3DGM [31] leverages multi-
traversal consensus to differentiate transient and permanent
elements, enabling joint 2D segmentation and 3D mapping
without using any human supervision.

Planar-based and Geometry Refined Gaussian Splat-
ting. GaussianPro [11] builds on 3DGS [25] by introducing
multi-frame geometric optimization, which guides the den-
sification of 3D Gaussians, enhancing scene consistency in
complex geometries. It further refines geometry by encour-
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Figure 4. Qualitative and quantitative results across three evaluation settings. The performance drop from interpolation to extrapola-
tion is significant in both qualitative and quantitative comparison. Different testing settings have distinct scenario characteristics, enabling
the evaluation of a method’s capabilities from various aspects, thus systematically assessing the overall performance of reconstruction
algorithms, including geometric accuracy, hallucination ability, view consistency, and depth precision, etc.

aging Gaussian primitives to adopt flat structures. Similarly,
2DGS [22] projects the 3D volume into a set of 2D ori-
ented planar Gaussian disks, enabling high-fidelity surface
reconstruction. PGSR [7] introduces an unbiased depth ren-
dering method and integrates single-view geometric, multi-
view photometric, and geometric regularization techniques
to improve global geometry accuracy.

Gaussian Splatting with Diffusion Priors. VEGS [23]
introduces a novel view generalization approach that har-
nesses pre-extracted surface normals to align 3D Gaussians
while generating augmented camera views guided by dif-
fusion priors. These diffusion priors serve a dual purpose:
providing denoising loss guidance and supervising the train-
ing of augmented cameras. This process effectively miti-
gates floating artifacts and fragmented geometries, resulting
in more accurate and coherent 3D representations.

Feature-Enhanced Gaussian Splatting. Feature
3DGS [65] extends 3D Gaussian Splatting with a Parallel
N-dimensional Gaussian Rasterizer, allowing simultaneous
rendering of radiance fields and high-dimensional semantic
features. By embedding semantic features directly into 3D

Gaussians, the approach enhances optimization, enabling
better correspondence with scene semantics and achieving
more detailed and accurate spatial representations.

NeRF-based Method. Instant-NGP [35] uses a multireso-
Iution hash encoding to map spatial coordinates into com-
pact latent representations via hash tables. It efficiently en-
codes high-frequency details by combining trainable feature
vectors with interpolation, enabling adaptive and scalable
input encodings. Zip-NeRF [2] leverages multisampling
with isotropic Gaussians for scale-aware features and in-
troduces a smooth anti-aliasing loss to address z-aliasing.
In addition, it incorporates a novel distance normaliza-
tion technique to better manage close and distant objects,
achieving high-quality rendering and fast training.

4. Experiment

4.1. Experiment Setup

Implementation Details. All 3DGS-based methods are ini-
tialized only from sparse points obtained by COLMAP [39]
and exclude lidar points. We employ Grounded-SAM-2
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Table 1. Quantitative rendering results across three evaluation settings. /n. denotes interpolation, while Ex. represents extrapolation.
Different baselines excel in different settings, reflecting the comprehensiveness and completeness of the evaluation protocol.

Method PSNR 1 SSIM 1 LPIPS | Feat Cos Sim 1
In. Ex. Drop In. Ex. Drop In. Ex. Drop In. Ex. Drop
3DGS [25] 2136 1637 234% 0.8275 0.7203 13.0% 02041 02599 273% 0.6828 0.6039 11.6%
3DGM [31] 2096 1635 22.0% 0.8293 0.7248 12.6% 02003 02542 269% 0.6802 0.6087 10.5%
GSPro [11] 2151 16.39 238% 0.8310 0.7189 13.5% 0.1804 0.2450 358% 0.7081 0.6130 13.4%
VEGS [23] 21.26 1588 253% 0.8107 0.7047 13.1% 02498 03062 22.6% 0.6323 05521 12.7%
Setting1 PGSR [7] 20.57 1632 20.7% 0.8104 0.7102 124% 02262 02733 20.8% 0.6515 0.5848 10.2%
2DGS [22] 20.87 1630 21.9% 0.8076 0.7103 12.0% 0.2438 02890 18.5% 0.6256 0.5644 9.8%
Feature 3DGS [65] 21.02 16.01 23.8% 0.8096 0.7243 10.5% 0.1876 0.2575 373% 0.6958 0.6122 12.0%
Zip-NeRF [2] 19.68 14.06 28.6% 0.7856 0.6917 12.0% 02711 0.3418 26.1% 0.6318 0.5542 12.3%
Instant-NGP [35] 18.77 1265 32.6% 0.7631 0.6252 18.1% 0.4874 0.5938 21.8% 0.5465 0.4837 11.5%
AVERAGE 20.67 1559 24.6% 0.8083 0.7046 12.8% 02501 03134 253% 0.6505 0.5774 11.2%
3DGS [25] 25775 1953 242% 0.8766 0.7511 143% 0.1536 02668 73.7%  0.7327 0.6319 13.8%
3DGM [31] 25775 18.78 27.1% 0.8786 0.7464 15.0% 0.1556 0.2813 80.8% 0.7278 0.6344 12.8%
GSPro [11] 2642 1939 26.6% 0.8821 0.7470 153% 0.1329 0.2246 69.0% 0.7523 0.6487 13.8%
VEGS [23] 2454 2333 49% 0.8366 0.7949 5.0% 0.2301 02811 222% 0.6595 0.6133 7.0%
Setting2 PGSR [7] 2453 1838 25.1% 0.8612 0.7119 173% 0.1555 02532 62.8% 0.7200 0.5817 19.2%
2DGS [22] 25.15 18.83 25.1% 0.8578 0.7204 16.0% 0.1756 02917 66.1% 0.6898 0.5785 16.1%
Feature 3DGS [65] 2491 19.59 214% 0.8800 0.7864 10.6% 0.1377 02278 654% 0.7427 0.6464 13.0%
Zip-NeRF [2] 29.06 1736 403% 0.8660 0.6715 22.5% 02078 03582 72.4% 0.7479 0.5843 21.9%
Instant-NGP [35] 25.61 17.15 33.0% 0.8596 0.7212 16.1% 03340 05171 54.8% 0.7254 0.6182 14.8%
AVERAGE 2575 19.15 25.6% 0.8665 0.7390 14.7% 0.1870 0.3002 62.5% 0.7220 0.6153 14.8%
3DGS [25] 2122 1499 294% 0.8550 0.7169 16.1% 02252 04050 79.8% 0.7002 0.4774 31.8%
3DGM [31] 20.62 1460 292% 0.8543 0.7233 153% 02254 04049 79.6% 0.6874 0.4672 32.0%
GSPro [11] 21.58 1482 313% 0.8634 0.6996 19.0% 02010 03877 929% 0.7093 0.4541 36.0%
VEGS [23] 21.13 1425 32.6% 0.8266 0.6475 21.7% 02359 04422 87.5% 0.6785 0.4442 34.5%
Setting3 PGSR [7] 19.60 14.17 27.7% 0.8238 0.6984 152% 02934 04363 48.7% 0.5867 03787 35.5%
2DGS [22] 1735 1136 345% 0.7568 0.5447 28.0% 0.4296 0.5459 271% 0.3552 02327 34.5%
Feature 3DGS [65] 21.88 1433 345% 0.8643 0.6386 26.1% 0.1400 0.3816 172.6% 0.7411 0.4669 37.0%
Zip-NeRF [2] 20.61 1442 30.0% 0.8383 0.6565 21.7% 02197 04546 1069% 0.7108 0.3645 48.7%
Instant-NGP [35] 19.63 1439 26.7% 0.8179 0.7104 131% 0.4956 0.6592 33.0% 0.6083 04157 31.7%
AVERAGE 20.40 14.15 30.6% 0.8334 0.6707 19.5% 02740 04575 70.0% 0.6419 04113 359%

Table 2. Quantitative comparison of depth evaluation in ex-
trapolated views in Setting 1. 3DGM [31] demonstrates superior
performance on most evaluation metrics, while VEGS [23] and
GSPro [11] excel in SqRel and Deltal, respectively.

Baseline  AbsRel | RMSE | SqRel | Deltal T Delta2 1 Delta3 1
3DGS [25] 0.361 1444 1041 0.649 0.824 0.895
3DGM [31] 0.301 1393 8906 0.651 0.846 0.915
PGSR [7] 0.366 17.57 2150 0.759 0.834 0.883
GSPro [11] 0.355 19.66 32.01 0.643 0.839 0.909
VEGS [23] 0.368 1500 8398 0441 0.691 0.827

[38] to mask out pixels corresponding to potentially mov-
able objects during both training and evaluation and also
exclude them from the initialization of 3DGS.

Evaluation Metrics. We use three widely-used metrics to
evaluate visual quality: peak signal-to-noise ratio (PSNR),
structural similarity index measure (SSIM), and learned per-
ceptual image patch similarity (LPIPS) [61]. We also em-
ploy DINOV2 [36] feature cosine similarity to evaluate im-
age quality in latent space. For geometry evaluation, we
use depth metrics, including RMSE and 47 5. Additionally,
we incorporate the Fréchet Inception Distance (FID) [21] to

Table 3. Perceptual quality metric of VEGS [23]. Our bench-
mark also incorporates the Fréchet Inception Distance (FID) to
evaluate the inpainting ability of models with generative priors.

Setting 1  Setting2  Setting3 AVERAGE
FID (In.) | 46.3 335 46.1 42.0
FID (Ex.) | 87.4 67.2 1324 95.7
FID (Drop) 89% 101% 187% 126.7%

evaluate the inpainting ability of models with strong priors.

4.2. Experimental Results

Table 1 presents the quantitative results across Settings 1-
3, while Figure 5 illustrates the qualitative outcomes on the
extrapolated test set. Table 3 and Table 2 present the per-
ceptual quality and depth metrics. The results indicate that,
while the metrics perform relatively well in the interpolated
test set, there is a significant drop in performance in the ex-
trapolated test set across all baselines.

Setting 1: Translation-only. In Setting 1, training views
fully cover test views with moderate translational changes.
(1) Results show a consistent drop in performance from

28723



—
I —
—

—

1

[ ]

Setting 1: Translation Only

Setting 2: Rotation Only

Setting 3: Rotation + Translation

Figure 5. Qualitative comparison of extrapolated view synthesis across different settings. For each setting, results from different
methods are compared against the ground truth. Red boxes highlight areas where methods are limited in capturing fine details, such as road
surfaces, sky regions, or object boundaries, demonstrating the challenges faced by each approach under varying movement complexities.

interpolation to extrapolation across all metrics, highlight-
ing the challenge of generalization to views with varia-
tions. Relative drops vary by metric: PSNR falls 23-25%
(e.g., GSPro [11]: 21.51 — 16.39), with SSIM and LPIPS
showing similar declines. (2) On the extrapolative test set,
methods perform comparably: GSPro tops PSNR (16.39)
and minimizes LPIPS (0.2450), while 3DGM [31] leads in
SSIM (0.7248). Both yield similar feature cosine similarity;
VEGS [23] and PGSR [7] lag slightly. Results suggest that
although GSPro marginally outperforms others, differences
are small, underscoring the need for improved solutions.

Setting 2: Rotation-only. In Setting 2, training views pro-
vide extensive coverage of the surrounding scene. However,
most methods show poor generalization, with PSNR drop-
ping by 22.75%. Rotation changes are particularly chal-
lenging in textured regions (e.g., trees and intricate details),
often resulting in blurring, while regions perpendicular to
the vehicle remain difficult to capture. Additionally, distant
areas pose reconstruction challenges, frequently leading to
missing buildings and sky blackouts. Among the evaluated
baselines, VEGS [23] and GSPro [11] stand out as the best-
performing baselines in this setting: VEGS utilizes its diffu-
sion prior for inpainting and refining missing regions, while
GSPro’s robust geometry handling improves generalization.
Setting 3: Translation + Rotation. In Setting 3, the view
changes are the largest. (1) All methods exhibit notable per-
formance drops from interpolation to extrapolation across
metrics. For instance, 3DGS [25] experiences a PSNR

drop of 29.4% (21.22 — 14.99), while GSPro [11] under-
goes a similar drop of 31.3% (21.58 — 14.82). (2) Fea-
ture 3DGS [65] and 3DGM [31] stand out as leading meth-
ods, excelling in LPIPS (0.3816) and SSIM (0.7233), re-
spectively. However, overall performance remains limited,
with PSNR consistently falling below 15, highlighting sig-
nificant room for improvement in generating high-fidelity
outputs for extrapolated views.

5. Discussions

Lighting Inconsistency Handling. Lighting inconsisten-
cies are a widespread challenge in multi-traversal datasets
due to varying illumination and weather conditions. To
address this, we have taken specific measures. (1) Impor-
tantly, our multi-traversal dataset is manually curated to en-
sure that the lighting across images appears consistent to the
eye. This step helps reduce the impact of extreme lighting
changes and ensures a fairer evaluation of our method under
controlled conditions. (2) One potential approach is to in-
corporate an appearance embedding for each image. We
experiment with the Gaussian in the Wild (GS-W) base-
line [59]. GS-W replaces traditional spherical harmonic-
based color modeling with a method that separates intrin-
sic properties of each Gaussian point from dynamic appear-
ance features of each image. This approach captures the
stable, inherent appearance of objects while accommodat-
ing dynamic factors like highlights and shadows. Despite
these efforts, our results, especially in Setting 3, still exhibit
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(a) Mitigating lighting inconsistency by camera embedding.

(b) Qualitative dynamic scenes rendering comparison.

Figure 6. Qualitative results of dynamic baseline and lighting handling. We mitigate the lighting inconsistency issue by carefully
selecting traversals under similar lighting conditions, and it can be further alleviated by introducing camera embeddings. We provide the
quantitative evaluation of dynamic scene reconstruction methods in Setting 2.

Table 4. Quantitative performance of GS-W [59]in different
settings. After learning the lighting features, the interpolated and
extrapolated test metrics show significant improvement compared
to other baselines. However, there is still a considerable drop from
interpolation to extrapolation.

PSNR 1 SSIM 1t LPIPS| Feat Cos Sim 1
In. Ex. In. Ex. In. Ex. In. Ex.

Setting 1 28.15 20.22 0.89 0.78 0.15 0.23 0.71 0.64
Setting 2 30.10 21.21 091 0.82 0.13 0.20 0.76  0.67
Setting 3 28.62 19.36 0.87 0.73 0.15 031 0.74 0.50

Setting

a significant performance drop, as shown in Table 4 and
Figure 6a, underscoring the limitations of Gaussian-based
models in handling extrapolated, unseen scenarios.
Dynamic Scenes. In addition to the static scene reconstruc-
tion methods that we evaluated in Table 1, some dynamic
scene reconstruction techniques have recently emerged. We
conduct evaluation for Setting 2 to assess these approaches,
e.g., OmniRe [10]. It organizes rigid-deformable nodes and
background nodes to capture dynamic scene structures and
employs SMPL [32] for non-rigid object modeling. As il-
lustrated in Figure 6b, the rendering results reveal a signifi-
cant performance gap between the training and extrapolated
test cameras. In the extrapolated test views, objects such as
trees and stakes lose texture and geometric details, result-
ing in noticeably blurry outputs, whereas the training views
maintain high fidelity. As shown in Table 5, the reconstruc-
tion metrics indicate an average drop of 25% when transi-
tioning from interpolated to extrapolated settings. The re-
sults highlight the challenges of extrapolated view synthesis
in dynamic scenes and the need for further research.

6. Conclusions, Limitations and Future Work

Conclusions. We introduce the first benchmark en-
abling quantitative evaluation of extrapolated view syn-
thesis, advancing photorealistic simulation for self-driving

Table 5. Quantitative performance of OmniRe [10] in Setting
2. The experiment uses a single traversal with dynamic objects,
showing a noticeable drop from interpolation to extrapolation.

PSNR 1 SSIM 1 LPIPS| Feat Cos Sim 1T
In. Ex. In. Ex. In. Ex. In. Ex.
Setting 2 19.78 15.32 0.65 0.45 0.38 0.53 0.73 0.58

Setting

and robotics. Our benchmark integrates real-world multi-
traversal, multi-agent, and multi-camera data, categorizes
scenes into different evaluation settings, and evaluates state-
of-the-art NVS models. Experimental results reveal that
while some methods address specific challenges, current
models demonstrate limited generalization, with significant
overfitting to training views and suboptimal performance in
extrapolated view synthesis. To support further research, we
will release the dataset and benchmark, addressing the long-
standing data scarcity and providing evaluation protocols.
We believe the EUVS benchmark will catalyze meaningful
advancements in self-driving and robotics innovation.
Limitations and Future Work. Our benchmark does have
limitations. First, although we provide the ground truth to
enable quantitative evaluation for static scenes in all settings
and the foreground objects evaluation in Setting 2, we lack
the foreground evaluation in Settings 1 and 3. Future work
will aim to expand our work to include the dynamic object
evaluation in Settings 1 and 3 using multi-agent data. Sec-
ondly, although we carefully manually selected and ensured
that the test trajectory viewpoints are well covered by train-
ing trajectories, a more in-depth evaluation of how observed
and unseen regions differ is left for future work.
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