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Abstract

We propose DrivingForward, a feed-forward Gaussian Splat-
ting model that reconstructs driving scenes from flexible
surround-view input. Driving scene images from vehicle-
mounted cameras are typically sparse, with limited overlap,
and the movement of the vehicle further complicates the ac-
quisition of camera extrinsics. To tackle these challenges and
achieve real-time reconstruction, we jointly train a pose net-
work, a depth network, and a Gaussian network to predict
the Gaussian primitives that represent the driving scenes. The
pose network and depth network determine the position of the
Gaussian primitives in a self-supervised manner, without us-
ing depth ground truth and camera extrinsics during training.
The Gaussian network independently predicts primitive pa-
rameters from each input image, including covariance, opac-
ity, and spherical harmonics coefficients. At the inference
stage, our model can achieve feed-forward reconstruction
from flexible multi-frame surround-view input. Experiments
on the nuScenes dataset show that our model outperforms ex-
isting state-of-the-art feed-forward and scene-optimized re-
construction methods in terms of reconstruction.

Code — https://github.com/fangzhou2000/DrivingForward

1 Introduction
3D scene reconstruction is critical for understanding driv-
ing scenes. Modern self-driving assistance cars are usu-
ally equipped with several cameras to capture surround-
ing scenes. Real-time reconstruction of driving scenes
from sparse vehicle-mounted cameras contributes to various
downstream tasks in autonomous driving, including online
mapping (Li et al. 2022a), BEV perception (Li et al. 2022b;
Liang et al. 2022; Liu et al. 2023), scene understanding (Ji
et al. 2024; Sun et al. 2024a; Tan et al. 2023; Sun et al.
2024b; Ma et al. 2024) and 3D detection (Chen et al. 2023;
Cai et al. 2023). However, the real-time computing required
by downstream tasks and the sparse surrounding views chal-
lenge the driving scene reconstruction.

Neural Radiance Fields (NeRF) (Mildenhall et al. 2021)
and 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) have
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Figure 1: Comparison of our DrivingForward with the lat-
est related works. We achieve real-time reconstruction from
small overlap inputs with fewer computing resources.

significantly progressed the development of 3D scene recon-
struction. DrivingGaussian (Zhou et al. 2024), StreetGaus-
sian (Yan et al. 2024), S3Gaussian (Huang et al. 2024a), and
AutoSplat (Khan et al. 2024) further explore the reconstruc-
tion of driving scenes. While these methods demonstrate
strong capability in novel view synthesis, they are scene-
optimized methods that require dozens of images and ex-
pensive computing time to reconstruct just one scene. These
offline reconstruction methods are unsuitable for real-time
downstream tasks in autonomous driving, thereby limiting
their practicality.

Our goal is to achieve online, generalizable driving scene
reconstruction from sparse surrounding views. Several at-
tempts, such as pixelSplat (Charatan et al. 2024) and MVS-
plat (Chen et al. 2024), have explored the generalizable re-
construction. They learn powerful priors from large-scale
datasets during training and achieve fast 3D reconstruction
from sparse input views through a feed-forward inference.
Unfortunately, these methods are difficult to apply in driv-
ing scenes. Since the number of vehicle-mounted cameras
is limited (usually 6 cameras), the overlap of adjacent views
is extremely small (as low as 10%). While these existing
methods often require densely overlapping (usually over
60%) input images. Additionally, acquiring camera extrin-
sics for each view at various timesteps in driving scenes is
costly. These methods depend on such data during training,
limiting their practical applicability. A recent NeRF-based
work DistillNeRF (Wang et al. 2024) attempts to develop
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a generalizable 3D representation for driving scenes. How-
ever, it gains a suboptimal performance and relies on Li-
DAR to train numerous NeRF models for distillation, which
is extremely computationally expensive. Besides, previous
feed-forward methods typically have a fixed mode of input
views, either using stereo images (e.g., MVSplat, pixelSplat)
or single-frame images of surrounding views (e.g., Distill-
NeRF). However, as the vehicle moves forward and captures
surround-view images frame-by-frame, we aim to support
flexible multi-frame inputs for reconstruction, such as pre-
dicting the next frame’s views from single-frame surround-
ing views or synthesizing intermediate frame surrounding
views from two interval frames.

In summary, online and generalizable reconstruction of
driving scenes face challenges including real-time process-
ing, sparse surrounding views with minimal overlap, and
variable numbers of input frames.

To this end, we introduce DrivingForward, a novel feed-
forward Gaussian Splatting model that enables real-time re-
construction of driving scenes from flexible sparse surround-
view images. We train a generalizable model and achieve
real-time reconstruction via a feed-forward inference. In
driving scenes, the minimal overlap between sparse cameras
limits the direct use of geometric relationships from multi-
views. Consequently, we predict Gaussian primitives from
each input image individually and aggregate them to repre-
sent the 3D driving scenes. However, reconstruction from
a single image is inherently ill-posed due to the principle
of scale ambiguity (Charatan et al. 2024), which may lead
to inconsistent scales across multi-views. To address this is-
sue, inspired by surround-view depth estimation (Kim et al.
2022; Guizilini et al. 2022), we propose scale-aware local-
ization for Gaussian primitives. At the training stage, we in-
put multi-frame surround-view images into a pose network
and a depth network. The pose network predicts the cam-
era pose, i.e., extrinsics, and the depth network estimates
the dense depth map for each image. These two networks
are only supervised by the photometric loss from input im-
ages and learn scale information in a self-supervised manner
without ground truth depth and camera extrinsics. At the in-
ference stage, the depth network predicts real-scale depth
from single-frame images individually, ensuring consistent
depth estimation across multi-frame inputs.

By unprojecting the consistent depth estimation, we ob-
tain the position of Gaussian primitives. For other Gaus-
sian parameters, we individually predict them from each
image through a Gaussian network. The Gaussian network
is jointly trained with the pose network and depth net-
work. It takes the depth map and image feature from the
depth network as input and outputs the covariance, opacity,
and spherical harmonics coefficients of Gaussian primitives.
Since Gaussian primitives are predicted independently from
single-frame images of surrounding views, our method is not
constrained by a fixed number of input frames. This allows
for flexible multi-frame surround-view input, such as pre-
dicting the next frames’ views from the current frame or syn-
thesizing the intermediate frame from two interval frames.

Extensive experiments on the nuScenes dataset demon-
strate that our DrivingForward outperforms other feed-

forward methods on the novel view synthesis under various
inputs. It also achieves higher reconstruction quality com-
pared to scene-optimized methods with the same input. A
functional comparison of our DrivingForward with the lat-
est related works is present in Figure 1.

We summarize our main contributions as follows:

• To our knowledge, DrivingForward is the first feed-
forward Gaussian Splatting model for surround-view
driving scenes. It achieves real-time reconstruction from
sparse vehicle-mounted cameras and supports flexible
multi-frame inputs of surrounding views.

• We introduce a scale-aware localization and Gaussian
parameters prediction to reconstruct driving scenes. The
scale-aware localization learns real scale depth from sur-
rounding views without using ground truth depth and ex-
trinsics. Then we independently predict Gaussian param-
eters from each image, thereby supporting flexible multi-
frame inputs. The full model is trained end-to-end.

• Comprehensive experiments show that DrivingForward
achieves the best performances against both feed-forward
methods and scene-optimized methods for driving scene
reconstruction.

2 Related Work
2.1 Feed-Forward Reconstruction
Neural Radiance Fields (NeRF) (Mildenhall et al. 2021)
and 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) have
significantly advanced 3D scene reconstruction. Some fol-
lowing works (Xiong et al. 2023; Li et al. 2024) also ex-
plore the reconstruction from sparse views. However, these
scene-optimized methods require training on dozens of im-
ages for each scene and lack generalizability across differ-
ent scenes. In contrast, feed-forward reconstruction meth-
ods learn powerful priors from large-scale datasets and
reconstruct scenes through a feed-forward inference from
sparse views, which are significantly faster than scene-
optimized methods. NeRF-based methods (Yu et al. 2021;
Du et al. 2023; Suhail et al. 2022) pioneer the paradigm of
feed-forward reconstruction. Recent 3DGS avoids NeRF’s
expensive volume sampling via splat-based rasterization.
Therefore, 3DGS-based feed-forward reconstruction meth-
ods, such as Splatter Image (Szymanowicz, Rupprecht, and
Vedaldi 2024), GPS-Gaussian (Zheng et al. 2024), pixel-
Splat (Charatan et al. 2024), and MVSplat (Chen et al.
2024), outperform the previous NeRF-based methods. How-
ever, they fail to apply in driving scenes. Splatter Image fo-
cuses on single-object reconstruction, while GPS-Gaussian
targets human reconstruction. They are both unsuitable for
much larger driving scenes. The pixelSplat involves a two-
view encoder to resolve scale ambiguity and MVSplat re-
lies on stereo images to construct cost volume, both requir-
ing densely overlapping images as input. However, the sur-
rounding views of driving scenes have only minimal overlap,
which greatly impacts their performance of reconstruction
from single-frame surround-view images. In this work, we
propose a feed-forward model to reconstruct driving scenes
from sparse surrounding views with minimal overlap.
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Figure 2: Overview of DrivingForward. Given sparse surround-view input from vehicle-mounted cameras, our model learns
scale-aware localization for Gaussian primitives from the small overlap of spatial and temporal context views. A Gaussian
network predicts other parameters from each image individually. This feed-forward pipeline enables the real-time reconstruction
of driving scenes and the independent prediction from single-frame images supports flexible input modes. At the inference stage,
we include only the depth network and the Gaussian network, as shown in the lower part of the figure.

2.2 Driving Scene Reconstruction
Based on NeRFs or 3DGS, a few methods (Guo et al. 2023;
Yang et al. 2024b; Zhou et al. 2024; Yan et al. 2024; Khan
et al. 2024) extend reconstruction specifically for driving
scenes. However, most of them focus on accurate 3D or 4D
reconstruction for a single scene. These offline reconstruc-
tion methods limit the application of real-time downstream
tasks in driving scenes. In contrast, our method is designed
for real-time reconstruction to support online downstream
tasks. A few NeRFs-related methods (Huang et al. 2024b;
Yang et al. 2024a) also learn 3D representations for on-
line driving, while they mainly focus on other downstream
tasks instead of reconstruction. Another related work Dis-
tillNeRF (Wang et al. 2024) proposes a generalizable model
for driving scenes and achieves reasonable novel-view syn-
thesis. However, it requires a pre-training stage that involves
offline optimization of NeRFs for each scene, which is ex-
tremely costly and necessitates 8 A100 GPUs (8 × 80GB).
In contrast, our DrivingForward only requires a single GPU
with 48GB. DistillNeRF also relies on LiDAR for training,
while our method is trained from RGB images alone. De-
spite DitillNeRF requiring more training resources and addi-
tional LiDAR data, it achieves only suboptimal performance
compared to our DrivingForward under the same setting.

3 Method
3.1 Overview
DrivingForward learns powerful priors from large-scale
driving scene datasets during training and achieves real-time
driving scene reconstruction in a feed-forward manner from
sparse vehicle-mounted cameras at the inference stage.

We begin with N sparse camera images {Ii}Ni=1 as input
and aim to predict Gaussian primitives from input view im-
ages. The overview framework is illustrated in Figure 2. A

pose network P and a deep network D predict the vehicle
motion and estimate the scale-aware depth from the input.
We assign each pixel to one Gaussian primitive and the po-
sition is located through the estimated depth. Other parame-
ters of the Gaussian primitives are predicted by a Gaussian
network G. We unproject the Gaussian primitives from all
views into 3D space, render them to the target view in a
differentiable way, and jointly train the full model end-to-
end. At the inference stage, the depth network and Gaussian
network are used for feed-forward reconstruction. Since the
scale-aware localization and prediction of other parameters
do not depend on other frames, we can flexibly input differ-
ent numbers of surround-view frames during inference.

3.2 Scale-aware Localization
The original 3DGS (Kerbl et al. 2023) explicitly mod-
els a scene with a set of Gaussian primitives {gk =
{µk,Σk, αk, ck}Kk }, each of which is parameterized by a
position µk, a 3D covariance matrix Σk, an opacity αk and
spherical harmonics ck that determines color. It uses Struc-
ture from Motion to initialize the Gaussians’ position and
optimizes them through splat-based rasterization rendering.

In contrast, to achieve feed-forward inference without
test-time optimization, we directly predict Gaussian primi-
tives from input images in a pixel-wise manner and assign
each pixel to one primitive. In this way, accurately localiz-
ing the position of Gaussian primitives is the key to high-
quality reconstruction as it determines the center of prim-
itives. However, in driving scenes, the limited overlap be-
tween sparse cameras limits geometric relationships from
multiple views. This presents challenges for existing meth-
ods (Chen et al. 2024; Charatan et al. 2024) that depend
on multi-views with large overlapping (such as the adja-
cent frames of the same camera) to get the position. We
instead estimate the depth map of a single frame without
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relying on other frames. To obtain multi-frame consistent
depth, we propose a scale-aware localization inspired by
self-supervised surround-view depth estimation (Guizilini
et al. 2022; Kim et al. 2022). It learns scale-aware depth
from multi-frame surround views during training and inde-
pendently predicts the depth of the real scale from differ-
ent frames of surrounding views during inference, thereby
achieving consistent scale-aware Gaussian localization.

Specifically, we introduce a pose network P and a depth
network D. At the training stage, we input multi-frame sur-
round view images from sparse vehicle-mounted cameras
{Ci}Ni=1. The pose network predicts the vehicle motion and
the depth network estimates the depth map:

P(Iti , I
t′

i ) → T t→t′

i ,

D(Iti ) → Dt
i ,

(1)

where Iti denotes the image from camera Ci at the timestep
t, t′ ∈ {t+1, t−1}, T t→t′

i is a project matrix from timestep
t to timestep t′ that indicates the camera motion and the Dt

i
is the depth map of image Iti .

To learn the camera motion and scale-aware depth map
from input images in a self-supervised manner, we apply
photometric loss for multi-frame surrounding views. The
photometric loss is used to minimize the projecting loss be-
tween a target image Itrg and a synthesis image Îtrg that
is warped from a source image Isrc, and Isrc is usually
obtained from stereo pairs or monocular videos (Godard,
Mac Aodha, and Brostow 2017; Godard et al. 2019),

Lreproj = η
1− SSIM(Itrg, Îtrg)

2
+ (1− η)∥Itrg − Îtrg∥,

(2)
where SSIM is the structure similarity metric (Wang et al.
2004), η is 0.15. The warped operation can be depicted as:

Îtrg = Isrc[KsrcT
trg→srcDtrgK

−1
trg], (3)

where Ksrc and Ktrg are camera intrinsics of Isrc and Itrg ,
Dtrg is the depth map of Itrg , and T trg→src is the cam-to-
cam transformation matrix from Itrg to Isrc.

In driving scenes, with multi-frame surrounding views,
we take different inputs as the source image to compute the
photometric loss. First, we use the images from the same
camera at different frames, denoted as temporal contexts.
Then, we use the images from adjacent cameras at the same
frame, denoted as spatial contexts. We also combined the
two ways, using images from adjacent cameras at different
frames, denoted as spatial-temporal contexts. The key in-
sight is to leverage the small overlap between spatially and
temporally neighboring images for matching, which pro-
vides scale information and enables learning scale-aware
camera motion and depth maps during training.

Let Ci, Cj be two adjacent cameras and Iti , Itj be their
images at timestep t. For i = 1, ..., N :

Itrg = Iti , (4)

Isrc =

 It
′

i , t
′ ∈ {t+ 1, t− 1} for temporal,

Itj , for spatial,
It

′

j , t
′ ∈ {t+ 1, t− 1} for spatial-temporal,

(5)

and
T trg→src = T t→t′

i , t′ ∈ {t+ 1, t− 1} for temporal,
EjE

−1
i for spatial,

EjE
−1
i T t→t′

i , t′ ∈ {t+ 1, t− 1} for spatial-temp,
(6)

where Ei and Ej are the transformation matrix from the
camera coordinate system to the vehicle coordinate system.
Note that this camera-to-vehicle transformation matrix is
fixed for each camera across all timesteps and is relatively
easy to obtain in practice, whereas the general world-to-
camera extrinsics vary at every timestep and thus are costly
to collect. Leveraging the fixed camera-to-vehicle transfor-
mation matrix and the camera motion predicted by the pose
network, we do not require the world-to-camera extrinsics
during training, which is another advantage of our method.

Through spatial and temporal contexts, we compute three
photometric losses Ltm, Lsp and Lsp−tm for each camera.
We also adopt a smoothness loss (Godard, Mac Aodha, and
Brostow 2017) that encourages the output depth to be locally
smooth. The loss function for scale-aware localization is:

Lloc = Ltm+λspLsp+λsp−tmLsp−tm+λsmoothLsmooth.
(7)

By matching the small overlap between spatial and temporal
contexts, the model learns scale information during training
and predicts real-scale depth for single-frame input during
inference, ensuring consistency across multi-frame inputs.

Utilizing the real scale depth map of each input image Ii,
we obtain the position of Gaussian primitives µi by unpro-
jecting the multi-view consistent depth Di into 3D space:

µi = Π−1(Ii, Di), (8)

where Π is the projection matrix with camera intrinsics Ki

and camera-to-vehicle transformation matrix Ei. Hence, the
scale-aware localization for Gaussian primitives is achieved.

3.3 Gaussian Parameters Prediction from Single
Image

In our DrivingForward, each Gaussian primitive is param-
eterized by properties {µ,Σ, α, c} following the original
3DGS (Kerbl et al. 2023), where the covariance matrix Σ
can be decomposed into a scaling factor s and a rotation
quaternion r. We obtain the µ ∈ R3 through scale-aware
localization. Then we need to predict the other parameters,
including scaling factor s ∈ R3

+, rotation quaternion r ∈ R4,
opacity α ∈ [0, 1] and color c ∈ Rk that represented by k
degree spherical harmonics.

Unlike pixelSplat (Charatan et al. 2024) and MVS-
plat (Chen et al. 2024) that rely on paired views to predict
Gaussian parameters, we propose a Gaussian network to in-
dependently predict these parameters from each image and
aggregate the Gaussian primitives across all images, which
is more suitable for driving scenes with small overlap be-
tween sparse vehicle-mounted cameras. To ensure the pre-
dicted Gaussian parameters are consistent across all input
views, we utilize the previous scale-aware depth and im-
age feature from the depth network as input for the Gaus-
sian network. Since the previous depth network learns scale
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information from spatial and temporal context images, we
argue that the scale-aware depth and image feature can en-
hance the multi-view consistency of the remaining Gaussian
parameters.

The Gaussian network G consists of a depth encoder E , a
feature fusion decoder D, and four prediction heads Hs, Hr,
Hα, Hc for scaling factor s, rotation quaternion r, opacity
α, and color c, respectively.

Given the output estimated depth map Di of input image
Ii, the depth encoder E of the Gaussian network extracts the
depth feature Fdepth:

Fdepth = E(Di), (9)

where Fdepth contains the 3D geometric information for 2D
pixels. Then the fusion decoder D combined Fdepth with the
image feature Fimage from depth network encoder:

Ffusion = D(Concat(Fdepth, Fimage)), (10)

where Concat indicates the concat operation at each feature
level and Ffusion is the fusion feature for Gaussian param-
eters prediction. The prediction heads simply consist of two
convolutions to effectively predict parameters from the fu-
sion feature. We also apply softplus and softmax activation
on Hs and Hα to ensure s ∈ R3

+ and α ∈ [0, 1]. The param-
eters are obtained by:

p = Hp(Ffusion), p ∈ {s, r, α, c}. (11)

Since the Gaussian network predicts Gaussian parameters
from one single frame of surround-view images without re-
lying on additional frames, the single-frame-based predic-
tion supports flexible single-frame or multi-frame inputs of
surrounding views, rather than being restricted to fixed in-
puts like paired images from two adjacent frames.

3.4 Joint Training Strategy
By applying scale-aware localization and Gaussian param-
eters prediction to each input view, we obtain the Gaussian
primitives for all images. These primitives are then aggre-
gated into 3D space to form a 3D representation. Novel view
synthesis can be achieved through the splat-based rasteriza-
tion rendering in 3DGS (Kerbl et al. 2023).

We jointly train the full model, including the depth net-
work, the pose network, and the Gaussian network. For warp
operation of the depth and pose network, we use spatial
transformer network (Jaderberg et al. 2015) to sample the
synthesis image from the source image, which is fully differ-
entiable (Godard, Mac Aodha, and Brostow 2017). For ren-
dering novel views after obtaining the Gaussian primitives
in 3D space, the splat-based rasterization rendering is also
fully differentiable. These two operations along with other
differentiable parts enable the joint training end-to-end.

We fuse image features from the depth network into the
Gaussian network. This shared feature connects the scale-
aware positions with predictions of other Gaussian parame-
ters, allowing the Gaussian network to leverage scale infor-
mation from temporal and spatial contexts. Additionally, it
promotes the convergence of the full model.

The Gaussian network is supervised on a linear combi-
nation of L2 and LPIPS loss (Zhang et al. 2018) between a
novel view ground truth Igt and the rendering image Irender:

Lrender = βL2 + γLLPIPS , (12)

with β = 1 and γ = 0.05. In practical training, we take the
adjacent frame of input images as the novel view. The final
loss function for the full model is:

L = Lloc + λrenderLrender. (13)

Through the joint training strategy, we achieve scale-aware
localization and Gaussian parameters prediction in one stage
and support flexible multi-frame inputs, as the prediction in-
dependently depends on each frame of surrounding views.

4 Experiments
4.1 Experimental Setup
Implementation Details We implement DrivingForward
with PyTorch and use a pre-built 3DGS renderer (Kerbl et al.
2023). We use ResNet-18 as the encoder for both the depth
and pose network and a U-Net encoder for the Gaussian net-
work. The prediction heads of the Gaussian network consist
of two convolution layers. We also integrate a feature ag-
gregate module (Kim et al. 2022) into the depth and pose
network to enhance feature representation. We use an Adam
optimizer with a learning rate of 1 × 10−4, a batch size of
1 with 6 surround-view images as one sample. During train-
ing, we use images from the spatially adjacent left and right
cameras and the temporally adjacent frames for spatial and
temporal contexts. We set λrender = 0.01, λsp = 0.03,
λsp−tm = 0.1, and λsmooth = 0.001 in the loss function
and train our model for 10 epochs. All experiments are con-
ducted on a single A6000 GPU with 48GB.

Datasets and Metrics The nuScenes dataset (Caesar et al.
2020) is a public large-scale dataset for autonomous driving.
It contains 1000 driving scenes from different geographic
areas. Each scene comprises sequential frames of approx-
imately 20 seconds, and the entire dataset encompasses
around 40,000 keyframes. The images are captured by 6
vehicle-mounted cameras that cover the surrounding views.
The overlap between adjacent camera images is minimal, at
approximately 10%. In our experiments, we use the default
split of 700 scenes for training and 150 scenes for valida-
tion. Unless otherwise specified, we adopt a default resolu-
tion of 352 × 640. To evaluate the quality of reconstructed
scenes, we synthesize novel views for frames adjacent to the
input frame images and compute the peak signal-to-noise ra-
tio (PSNR), structural similarity index (SSIM) (Wang et al.
2004), and perceptual distance (LPIPS) (Zhang et al. 2018).

Baselines Since our method is among the first to explore
the real-time reconstruction of driving scenes, no existing
benchmarks are available. Therefore, we defined two modes
of novel view synthesis to accommodate different compari-
son methods. The first is the single-frame (SF) mode, where
given one single frame of surrounding views at timestep t,
the goal is to synthesize the next frame’s surround-view im-
ages at timestep t + 1. The other mode is the multi-frame
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Method Venue&Year Mode Resolution PSNR↑ SSIM↑ LPIPS↓
MVSplat ECCV 2024 MF 352 × 640 22.83 0.629 0.317
pixelSplat CVPR 2024 MF 352 × 640 25.00 0.727 0.298
Ours AAAI 2025 MF 352 × 640 26.06 0.781 0.215
UniPad CVPR 2024 SF 114 × 228 16.45 0.375 -
SelfOcc CVPR 2024 SF 114 × 228 18.22 0.464 -
EmerNeRF ICLR 2024 SF 114 × 228 20.95 0.585 -
DistillNeRF NeurIPS 2024 SF 114 × 228 20.78 0.590 -
Ours AAAI 2025 SF 352 × 640 21.67 0.727 0.259
Ours AAAI 2025 SF 114 × 228 21.76 0.767 0.194

Table 1: Comparison of our method against other feed-forward methods in both MF and SF mode.

(MF) mode, where given two surround-view images of in-
terval frames, i.e. the surround-view images at timestep t−1
and t+1, the goal is to synthesize the intermediate surround-
view images at the timestep t. Using the two modes of novel
view synthesis, we compare our method against both feed-
forward and scene-optimized reconstruction methods.

For feed-forward methods, we compare our model with
MVSplat (Chen et al. 2024), pixelSplat (Charatan et al.
2024), and DistllNeRF (Wang et al. 2024) (along with its
comparison methods EmerNeRF (Yang et al. 2024b), Uni-
pad (Yang et al. 2024a), and SelfOcc (Huang et al. 2024b)).
MVSplat and pixelSplat are designed for training on datasets
with densely overlapping inputs. Given that temporally ad-
jacent frames have significantly more overlap than spatially
adjacent frames, we use MF mode to meet their overlapping
requirements. We retrained them by combining their pub-
licly available codebases with our dataset and data loader.
DistillNeRF does not release the code and cannot be trained.
To enable a fair comparison, we align our method with
the settings specified in its paper, including input, rendered
novel view, image resolution, and validation scenes. Since
SF mode aligns with DistillNeRF’s input and novel views,
we train our model using this mode.

For scene-optimized reconstruction methods, we compare
our trained method to the original 3DGS (Kerbl et al. 2023)
using the SF mode. Note that our method does not require
test-time optimization while 3DGS needs to be optimized
scene by scene. We conduct this comparison to demonstrate
that our method can achieve comparable or even higher re-
construction quality without test-time optimization.

4.2 Comparison with Feed-forward Methods
We report the quantitative results of comparison with state-
of-the-art feed-forward methods in Table 1. Although we
adapt our method to align with the different settings of the
baselines, we outperform them across all metrics under the
corresponding configuration. The qualitative comparisons of
MVSplat, pixelSplat, and our method are visualized in Fig-
ure 3. Our DrivingForward achieves the highest quality on
novel view results even for challenging details, such as the
traffic sign in the front left view and the monument with
words in the back right view. Other methods show obvious
artifacts in these regions, while our method synthesizes clear
novel views without such artifacts.

Method Test Time
(per scene) PSNR↑ SSIM↑ LPIPS↓

3DGS ≈ 9 min 19.57 0.599 0.465
Ours 0.29 s 21.84 0.758 0.181

Table 2: Comparison of our feed-forward method against
scene-optimized 3DGS in SF mode.

Method
Time Memory

Training
(total)

Inference
(per scene) Training Inference

MVSplat ≈ 4 days 1.39 s 35.3 GB 5.45 GB
pixelSplat ≈ 6 days 2.95 s 45.4 GB 11.3 GB
Ours ≈ 3 days 0.63 s 40.0 GB 7.58 GB

Table 3: Comparison of our method against MVSplat and
pixelSplat on runtime and GPU memory usage in MF mode.

4.3 Comparison with Scene-optimized Methods
We compare our feed-forward method against the original
3DGS which represents the scene-optimized methods. In SF
mode, we train our model and select the first three scenes
from the validation set. Then we optimize the 3DGS model
for each scene individually and the rendered novel view im-
ages of 3DGS models are compared with ours. The aver-
age test time pre-scene and metrics across the three scenes
are reported in Table 2. 3DGS takes several minutes to syn-
thesize the novel views of a scene (6 images). In contrast,
our feed-forward method completes this within half a sec-
ond and achieves higher reconstruction quality without the
costly test-time optimization.

4.4 Comparison on Runtime and Memory
We compare the runtime and GPU memory usage of our
method against MVSplat and pixelSplat under the MF mode.
As shown in Table 3, our method requires less training time
and achieves faster inference speed in synthesizing novel
surrounding views that are composed of 6 images with a
resolution of 352 × 640. We also report the GPU memory
usage in practical training and inference. Note that our GPU
memory usage is not the lowest as we use two frames of
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Figure 3: Qualitative results of novel surrounding views. Details from surrounding views are present for easy comparison.

Model PSNR↑ SSIM↑ LPIPS↓
Full Model 21.67 0.727 0.259
w/o Joint Training 21.50 0.726 0.261
w/o Image Feature Share 19.48 0.699 0.314
w/o Scale-aware Loc. 11.96 0.466 0.772

Table 4: Ablation studies. All ablation models are based on
our full model by removing the corresponding module.

surrounding images in one batch, while MVSplat and pix-
elSplat use two images in one batch. The difference is due
to different training architectures. Despite this, our memory
usage remains comparable to that of other methods.

4.5 Ablation Studies
We conduct ablation experiments to demonstrate the effec-
tiveness of our method in detail. We train our model using
the single-frame (SF) mode of novel view synthesis and re-
fer to it as “Full Model” in Table 4.

To validate the effectiveness of the joint training strategy,
we first train the scale-aware localization module, which in-
cludes only the depth and pose networks. We then use this
pre-trained model to train the Gaussian network (2nd row,
w/o Joint Training). The result in Table 4 shows that joint
training enables end-to-end training without decreasing per-
formance and even gains a better performance. This indi-
cates that the joint training is able to facilitate model con-
vergence and can lead to improvement.

In addition to the estimated depth map, the shared image
feature from the depth network is another key component for
connecting to the subsequent Gaussian network. To demon-
strate the importance of this connection, we ablate the shared
image feature and instead construct another feature extractor

like the depth network encoder for the Gaussian network. As
illustrated in Table 4, the model “w/o Image Feature Share”
(3rd row) drops more than 2 dB PSNR. This highlights the
importance of the shared image feature in connecting the
positions and other parameters of Gaussian primitives.

To investigate whether the scale-aware localization is
necessary, we replace the scale-aware localization with a
monocular depth estimation model (Godard et al. 2019) (4th
row, w/o Scale-aware Loc.), as shown in Table 4. Although
monocular depth estimation models can estimate depth from
a single image, they are scale-ambiguous, which indicates
the depth maps are inconsistent across different views and
lead to a large drop in performance. This demonstrates the
irreplaceable role of scale-aware localization.

5 Conclusion
We introduce DrivingForward, a feed-forward Gaussian
Splatting model that achieves real-time driving scene recon-
struction from flexible surround-view input. To solve the
problem of minimal overlap of the surrounding views, we
predict the Gaussian primitives from each image indepen-
dently and propose the scale-aware localization to obtain
the multi-view consistent position for Gaussian primitives.
A Gaussian network predicts primitives’ other parameters
from each image. The individual prediction enables flexi-
ble multi-frame inputs of surrounding views. Our method
does not require depth ground truth and is extrinsic-free
during training. At the inference stage, our model is faster
than other methods and achieves higher reconstruction qual-
ity for driving scenes compared with both existing feed-
forward and scene-optimized reconstruction methods. In the
future, this work is expected to integrate with human percep-
tion research (Guo et al. 2024) to develop a more intelligent
human-in-scene perception system.
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