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Abstract. Closed-loop simulation for autonomous driving requires syn-
thesizing free-viewpoint driving scenes. However, existing datasets and
generative pipelines rarely provide consistent off-trajectory observations,
limiting large-scale evaluation and training. While recent generative mod-
els demonstrate strong visual realism, they struggle to simultaneously
achieve interpolation consistency and extrapolation realism without per-
scene optimization. To address this, we propose FreeGen, a feed-forward
reconstruction-generation co-training framework for free-viewpoint driv-
ing scene synthesis. The reconstruction model provides stable geometric
representations to ensure interpolation consistency, while the generation
model performs geometry-aware enhancement to improve realism at un-
seen viewpoints. Through co-training, generative priors are distilled into
the reconstruction model to improve off-trajectory rendering, and the
refined geometry in turn offers stronger structural guidance for gener-
ation. Experiments demonstrate that FreeGen achieves state-of-the-art
performance for free-viewpoint driving scene synthesis.
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1 Introduction

Robust autonomous driving systems require virtual environments for scalable
pretraining and closed-loop policy evaluation [22,23,25]. However, existing real [4,
15,40] and synthetic driving data [12,13,43] are predominantly collected along a
single trajectory, providing limited coverage of the diverse trajectories induced by
different actions. The scarcity of off-trajectory observations hinders high-fidelity
and consistent rendering at free viewpoints [7, 8, 47, 49]. The key challenge lies
in achieving high-quality free-viewpoint driving scene synthesis across different
trajectories using only single-trajectory observations.

To this end, a practical solution should satisfy three requirements: (1) In-
terpolation Consistency. Preserve geometric consistency with the observed
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Fig. 1: Complementary strengths of reconstruction and generation methods.
Reconstruction methods maintain geometry consistency but lack realistic textures,
while generation methods improve realism but often distort geometry. Our method
combines both, achieving consistent and realistic results.

views in their overlapping regions. (2) Extrapolation Realism. Generate visu-
ally plausible content that matches the underlying distribution at unseen view-
points. (3) Feed-forward. Synthesize the scene in a single forward pass instead
of iterative refinement, enabling scalability with data-driven advances (e.g., scal-
ing laws) for large-scale driving scene generation.

Traditional reconstruction-based methods [7, 8, 47, 49] excel at enforcing in-
terpolation consistency but are limited to interpolating within sparse observa-
tions, making it difficult to render free-viewpoint views. They typically require
per-scene optimization, leading to prohibitive computational costs that hinder
large-scale scene synthesis. Feed-forward reconstruction approaches [41, 45] en-
able efficient scene reconstruction in a single pass but still struggle to produce
realistic details at extrapolated views. With the rapid progress of generative
models, data-driven methods trained on large-scale videos [3,14,43] show strong
potential for generating realistic views from sparse inputs, yet they generally lack
fine-grained control over camera trajectories. Hybrid methods that combine gen-
erative models with reconstruction-based pipelines [10,32,50,53] enhance visual
detail while preserving interpolation consistency, but often require hours to days
of per-scene training, undermining their practicality for feed-forward inference.

Recent methods leverage free-viewpoint rendered views to guide genera-
tive refinement for high-quality feed-forward scene synthesis [16, 42]. However,
LiDAR-based conditions [42] are sparse and expensive, and often fail to provide
sufficient geometric coverage for distant buildings and sky, while image-warping-
based conditions [16] often introduce structural misalignment (e.g., missing util-
ity poles and distorted pedestrians in Fig. 1). Moreover, these conditions are
non-learnable, limiting their ability to benefit from large-scale image data.

We observe that reconstruction and generation methods offer complementary
strengths for free-viewpoint driving scene synthesis. As shown in Fig. 1, recon-
struction models excel at preserving geometric and interpolation consistency but
are limited in fine details at unseen viewpoints. In contrast, generation models
can produce visually realistic results from sparse observations, yet often intro-
duce structural distortions with respect to the input views. This complementarity
motivates us to unify these two paradigms in a single feed-forward framework
that preserves geometric faithfulness while leveraging generative realism.
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Fig. 2: Qualitative comparison of reconstruction results on and off the tra-
jectory. The rendering quality on the trajectory (Forward 2m) is excellent. For off-
trajectory (Traj.) views (Left 2m), the results without our Co-Training (w/o CT.)
produce noticeable structural artifacts, whereas the results after our Co-Training (w/
CT.) reduce these artifacts and improve the rendering quality.

Recent concurrent studies [28,54] have explored integrating feed-forward re-
construction with video diffusion models to enhance synthesis quality. However,
such a unidirectional design is suboptimal. Since most driving datasets [4,40] are
collected along a single forward trajectory, the coverage of training viewpoints
is restricted. Consequently, the reconstruction model inevitably introduces novel
geometric biases when extrapolating to off-trajectory viewpoints. As the gener-
ative model is primarily optimized on on-trajectory data, it struggles to rectify
these off-trajectory artifacts, ultimately leading to degraded refinement qual-
ity. To intuitively illustrate this limitation, we provide a qualitative comparison
in Fig. 2. The reconstruction model [45] successfully renders high-fidelity views
along the original trajectory. However, when extrapolating to off-trajectory view-
points, it produces noticeable structural artifacts.

To this end, we propose FreeGen, a feed-forward reconstruction–generation
framework for free-viewpoint driving scene synthesis. We first employ a feed-
forward 3D Gaussian Splatting (3DGS) model to efficiently reconstruct a scene
from sparse input images without per-scene optimization. Then we render views
along free-viewpoint trajectories to enforce interpolation consistency with the
observed inputs. These rendered views are then used as geometric guidance for
a generative refinement model, enabling realistic extrapolation at unseen view-
points. Moreover, FreeGen does not require additional expensive annotations
such as LiDAR or bounding boxes, relying solely on image data from a single
trajectory, which makes it practical for large-scale driving scene synthesis.

Our method introduces a novel bidirectional refinement architecture. We
build upon recent advances in feed-forward 3DGS [45] and video diffusion mod-
els [3]. To fully exploit their complementary strengths, we introduce two key
designs in FreeGen. The reconstruction branch already produces structurally
complete renderings with minimal visible holes, but due to limited supervision
from a single trajectory, a naive generative module cannot reliably localize sub-
tle artifacts. To address this, we construct geometry conditions based on
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the 3DGS rendering mechanism and incorporate a geometry-aware diffusion
refinement module to guide appearance refinement. In addition, we propose a
co-training strategy that samples viewpoints off the input trajectory and forms
a closed loop between reconstruction and generation. The generative priors dis-
tilled during refinement are fed back into the reconstruction model to improve
free-viewpoint rendering quality, while the reconstruction model provides geo-
metric guidance to construct closed-loop supervision for the generative module.

Our contributions are summarized as follows:

– We introduce FreeGen, a feed-forward reconstruction-generation co-training
framework for free-viewpoint driving scene synthesis, which achieves both
interpolation consistency and extrapolation realism without per-scene opti-
mization or additional expensive annotations.

– We propose a geometry-aware diffusion refinement module to achieve high-
quality refinement on reconstructed views. To further improve both recon-
struction and generation performance at off-trajectory viewpoints, we intro-
duce a closed-loop co-training strategy.

– Extensive experiments demonstrate that FreeGen outperforms existing ap-
proaches in free-viewpoint driving scene synthesis.

2 Related Work

Driving Scene Synthesis with Reconstruction. Early NeRF-based meth-
ods [1,2,30,31] enable free-viewpoint synthesis but suffer from slow rendering, a
bottleneck alleviated by the faster, point-based 3DGS [26]. Recent works [8, 47]
adapt 3DGS for driving scenarios. MagicDrive3D [11] reconstructs scenes from
synthesized images to reduce artifacts. However, these methods rely on expensive
annotations (e.g., bounding boxes) [8,47], require per-scene optimization, and fo-
cus mainly on the training trajectory, limiting large-scale scalability. To improve
efficiency, feed-forward 3DGS models [5,6,41] predict Gaussians in a single pass.
For instance, Omni-Scene [45] fuses pixel and voxel features for better novel-
view rendering, while InfiniCube [29] uses a voxel world to guide generation,
though constrained by resolution. Despite these advances, existing feed-forward
approaches still primarily target viewpoints near the original trajectory.
Driving Scene Synthesis with Diffusion Prior. Driven by diffusion mod-
els [9, 18–20, 35, 39], recent works [13, 14, 43] have advanced driving scene gen-
eration. To synthesize free-viewpoint scenes, several approaches iteratively re-
fine rendered views and optimize 3D representations. DIFIX3D+ [46] employs
a single-step diffusion model to repair 3DGS renderings. ReconDreamer [32]
and DriveX [50] use video diffusion models to repair free-viewpoint renderings,
while FreeSim [10] leverages progressive extrapolation. DriveDreamer4D [53] and
StreetCrafter [48] distill generative repairs into 3DGS. However, these methods
rely on slow per-scene optimization, limiting their scalability. ViewCrafter [51]
utilizes image warping as diffusion guidance and iteratively expands the point
cloud based on generated results. Similarly, FreeVS [42] and DiST-4D [16] lever-
age LiDAR projections or image warping as diffusion conditions, enabling effi-
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Fig. 3: Overview of the proposed FreeGen. The reconstruction model encodes
multi-view inputs into Gaussian features and decodes them into 3DGS representa-
tions. The rendered views and corresponding opacity maps are then used to guide the
geometry-aware diffusion model, which performs fine-grained refinement. For clarity,
depth maps are omitted from the illustration.

cient training and feed-forward inference, but also suffer from sparsity or struc-
tural misalignment. Recent feed-forward methods like WorldSplat [54] and Phi-
Gensis [28] integrate 4D representations with generative refinement, but their
performance remains constrained by single-trajectory supervision.

3 Methodology

Our key idea is to leverage the complementary strengths of reconstruction and
generation to enhance both interpolation consistency and extrapolation realism
in free-viewpoint scene synthesis. To achieve this, we first reconstruct the scene
from multi-view inputs using a feed-forward reconstruction model, following [45].
Then we perform free-viewpoint rendering along given camera trajectories to
obtain rendered views and corresponding geometry conditions (Sec. 3.1). Next,
the rendered results are used to guide a diffusion refinement model (Sec. 3.2). The
overall framework of our method is illustrated in Fig. 3. Furthermore, we jointly
train the reconstruction and generation models to improve overall performance
(Sec. 3.3), as shown in Fig. 4.

3.1 Geometry Condition Construction via Feed-forward
Reconstruction

An appropriate scene representation should support both efficient reconstruc-
tion and fast rendering. Recent feed-forward 3DGS methods [5, 6, 41, 45] make
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this possible by reconstructing large-scale driving scenes from multi-view im-
ages within seconds, achieving real-time rendering and learning rich scene priors
from large-scale data. Motivated by this, we adopt a feed-forward 3DGS-based
reconstruction network in FreeGen, following [45].

Given sparse N -view inputs {Ii}Ni=1 with corresponding camera parameters
{Pi}Ni=1, we first predict depth maps {Di}Ni=1 using an off-the-shelf depth estima-
tion model [21] to assist scene reconstruction. We then use a Gaussian encoder
to extract Gaussian features. Specifically, we apply a multi-view U-Net style
pixel encoder [5, 6, 41, 45] to extract pixel-aligned high-resolution feature maps
{Fpixel

i }Ni=1. Then we fuse multi-view features into a triplane representation via
a Triplane Transformer [24] with deformable attention [27]. Finally, Gaussian de-
coders transform both pixel and voxel features into a set of K 3D Gaussians [26]
{Gi = (δi, αi, si, qi, ci)}Ki=1, where δi, αi, si, qi, and ci denote the position, opac-
ity, scale, orientation, and color of each Gaussian. We then render the color image
Igeo, opacity map Ageo, and depth map Dgeo via tile-based rasterization [26]. The
color image is computed as follows:

Igeo =

K∑
i=1

ci α
′
i

i−1∏
j=1

(
1− α′

j

)
, (1)

where α′
i is the screen-space opacity contribution of the i-th Gaussian determined

by 3DGS [26]. The opacity map Ageo and depth map Dgeo are obtained similarly
to the color image. Then we define the geometry conditions Cgeo as follows:

Cgeo =
[
Igeo, Dgeo, Ageo

]
. (2)

The geometry conditions provide the diffusion model with essential struc-
tural and reliability cues, enabling geometry-aware refinement. The color image
provides structural and appearance information, the depth map enhances geo-
metric consistency [16], and the opacity map reflects the reliability of the color
image, where higher opacity usually corresponds to more reliable renderings.
Training Strategy. The training phase of the reconstruction branch includes
two stages. In the first stage, we follow [45] and pre-train the model on the orig-
inal single-trajectory sequences, forming cross-timestamp pairs to establish the
reconstruction capability of the model. In the second training stage, we randomly
render views at off-trajectory viewpoints and refine them with the generation
branch to obtain pseudo-labels. These pseudo-labels then supervise the recon-
struction branch to improve free-viewpoint rendering. Details are provided in
Sec. 3.3. In the overall training phase, we supervise the reconstruction model
using mean squared error loss, LPIPS loss [52], and L1 depth loss as follows:

Lrecon = Lmse + λ1Llpips + λ2Ldepth, (3)

where λ1 and λ2 are the weights for each loss component. The depth supervision
uses pseudo-labels produced by the off-the-shelf depth model [21].
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3.2 Geometry-Aware Diffusion Refinement

Although the reconstruction model can effectively recover scene structures from
multi-view images, it still struggles to produce high-quality and realistic results
at free viewpoints, especially for off-trajectory views. With the recent success
of diffusion models in image generation [18, 35], we introduce a diffusion-based
generation module to refine the feed-forward 3DGS renderings. Since the video
diffusion model [3] has been extensively pre-trained on large-scale data, intro-
ducing additional parameters may degrade its generalization ability. Therefore,
we keep our modification minimal to maintain compatibility and ensure stable
generalization across diverse scenes.

To simplify the explanation, we describe the process using a single image as
an example. In practice, we employ a video diffusion model to ensure temporal
consistency. For the geometry conditions Cgeo rendered by the reconstruction
model, we encode the geometry conditions into a condition latent representation
zc = Ec(Cgeo) through a learnable condition encoder Ec like [16]. During training,
we encode the reference image Ir using a frozen image encoder Ev to obtain the
latent representation zv = Ev(Ir). Gaussian noise is added to the latent to obtain
a noisy version [18] as follows:

zτ = ατzv + στϵ, (4)

where ϵ ∼ N (0, 1) and τ is the diffusion timestep. The geometry condition latent
zc is concatenated with the noise latent zτ along the channel dimension and fed
into the diffusion model fθ to predict the noise as follows:

ϵ̂ = fθ(zτ , zc). (5)

The training objective [18] minimizes the mean squared error between the
predicted and true noise as follows:

Lgen = Eτ,zv,ϵ

[
∥ϵ− fθ(zτ , zc)∥22

]
. (6)

This allows the diffusion model to learn geometry-aware refinement conditioned
on the rendered scene structure.
Training Strategy. The diffusion model is also trained in two stages. In the first
stage, following DiST-4D [16], we formulate cross-timestamp pairs to pre-train
the diffusion model. We utilize these cross-temporal renderings as geometric con-
ditions alongside their corresponding ground-truth frames, ensuring the model
learns to refine appearances under explicit geometric constraints. In the sec-
ond stage, we introduce a closed-loop supervision scheme to improve generation
quality at off-trajectory viewpoints. Details are provided in Sec. 3.3. The depth
supervision follows the same protocol in Sec. 3.1.

3.3 Co-Training

Considering that both the reconstruction and generation models are trained
with single-trajectory data, coverage of viewpoint variation is limited for free-
viewpoint synthesis. Inspired by closed-loop training [16, 34] and noting that
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Fig. 4: Illustration of the Co-Training strategy. FreeGen adopts a closed-loop co-
training strategy between the pre-trained Gaussian reconstruction model and the pre-
trained diffusion refinement model. Novel trajectories (Traj.) are sampled and rendered
by the Gaussian model, then refined by the diffusion model to form pseudo-supervision.
The refined results are fed back to the Gaussian model for reconstruction loss, while
the diffusion model learns from generation loss on the original trajectory.

both models are learnable, we design a co-training scheme that lets the two
models promote each other, as shown in Fig. 4. The procedure alternates two
steps and freezes one model at a time to keep optimization stable. Many existing
methods, such as DIFIX3D [46] and StreetCrafter [48], distill diffusion priors into
3DGS by iteratively refining renderings at inference time. However, this process
is computationally expensive and slow. Inspired by their success, we leverage our
learnable reconstruction branch to integrate these priors through a co-training
loop, eliminating the need for test-time optimization.
Step 1: Generation-guided reconstruction. To enhance the performance at
off-trajectory viewpoints, we sample novel camera poses and render them using
the pre-trained Gaussian model. The frozen pre-trained diffusion model then
refines renderings to create pseudo-labels. Then we update the Gaussian model
using these labels and the original captured data. This step effectively transfers
generative priors to the Gaussian model. To prevent error accumulation, the
inputs to the Gaussian model remain the original data, and generated outputs are
used only as auxiliary supervision. Following the practice in StreetCrafter [48], we
set the weight of this auxiliary loss to 0.1 to ensure training stability. Considering
the strong baseline capabilities of our pre-trained models, we sample poses within
a shift range of [−3m, 3m] and record offsets for use in the next step.
Step 2: Reconstruction-guided generation. Using the updated Gaussian
model, we render the off-trajectory refined results from Step 1 back to the original
trajectory viewpoints. The diffusion model refines these re-rendered views under
geometric conditions and the outputs are supervised by the original trajectory
ground-truth frames with the generation losses in Sec. 3.2. This step strengthens
geometry-aware refinement in the generation branch. Notably, although utilizing
generated data for reconstruction typically risks error propagation, our design
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naturally alleviates this risk. Since the supervision relies strictly on the original
trajectory data to prevent training drift, the variations introduced by rendering
from generated data effectively act as a form of robust data augmentation.

Through alternating Step 1 and Step 2, the reconstruction branch learns
stronger off-trajectory geometry and the generation branch learns geometry-
consistent appearance. The closed loop progressively aligns structural consis-
tency and visual realism across free-viewpoints.

4 Experiments

4.1 Setup

Dataset. We conduct experiments on nuScenes [4], following [16]. Following
prior works [16,45], the 2Hz keyframe annotations are interpolated to 12 Hz. We
use the official split with 700 scenes for training and 150 scenes for validation.
Evaluation. For off-trajectory evaluation, we follow the protocols in [16, 42].
Specifically, we sample frames every two frames along the original trajectory,
and apply lateral camera shifts τ ∈ {±1m,±2m,±4m} to each sampled frame.
We synthesize RGB videos under the shifted viewpoints and compute Fréchet In-
ception Distance (FID) [37] and Fréchet Video Distance (FVD) [38] between the
synthesized videos and the captured videos from the original trajectory. These
metrics reflect appearance realism and temporal coherence under viewpoint ex-
trapolation. For on-trajectory evaluation, we assess the performance across three
difficulty levels. Specifically, we select target viewpoints at temporal intervals
of 1, 2, and 4 frames, designating them as Easy, Medium, and Hard settings,
respectively. We report peak signal-to-noise ratio (PSNR), structural similarity
index (SSIM) [44], and perceptual similarity (LPIPS) [52] to assess reconstruc-
tion accuracy and perceptual fidelity along the original trajectory.
Baselines. We compare FreeGen with several baselines. PVG [7], EmerNeRF [49],
StreetGaussian [47], and OmniRe [8] represent reconstruction approaches with-
out a generative base model, while Image warping [16] and Omni-Scene [45]
are compared as feed-forward reconstruction baselines. For generation-based
refinement, we evaluate the SD-Turbo-based DIFIX3D+ [46] (integrated with
PVG [7]), alongside SVD-based FreeVS [42] and DiST-4D [16], all within a 6-
frame evaluation setting. Finally, we list results for DiT-based concurrent works
PhiGensis [28] (OpenSora V2.0 [17]) and WorldSplat [54] (OpenSora V1.2 [17])
for reference.
Implementation Details. To ensure a fair comparison with prior works [16,
42], we set the video length to T = 6 and adopt a base resolution of 768 ×
432 for overall evaluation, preserving the original 1600 × 900 aspect ratio. For
optimization, the reconstruction model undergoes 50K pre-training and 20K co-
training steps, using loss weights λ1 = 0.05 and λ2 = 0.01 [45]. During the co-
training phase, the auxiliary loss weight for the reconstruction branch is set to 0.1
to ensure training stability. Conversely, the generation model is trained for 20K
pre-training and 20K co-training steps with a constant learning rate of 1×10−5,
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Table 1: Quantitative comparison of free-viewpoint synthesis quality. We
compare FreeGen with baselines under different trajectory shift settings. Results for
DIFIX3D+ [46] are reproduced by adapting its official implementation, and results for
PhiGensis [28] and WorldSplat [54] are directly reported from their original papers,
while others are from DiST-4D [16]. Base Model specifies the pre-trained generative
backbone used for video or image synthesis. Image warping and Omni-Scene [45] serve
as the geometric conditions for DiST-4D [16] and ours, respectively.

Method Base Model Shift ±1m Shift ±2m Shift ±4m
FID↓ FVD↓ FID↓ FVD↓ FID↓ FVD↓

PVG [7] - 48.15 246.74 60.44 356.23 84.50 501.16
EmerNeRF [49] - 37.57 171.47 52.03 294.55 76.11 497.85
StreetGaussian [47] - 32.12 153.45 43.24 256.91 67.44 429.98
OmniRe [8] - 31.48 152.01 43.31 254.52 67.36 428.20

Image warping [16] - 32.27 216.69 60.64 344.68 93.27 398.36
Omni-Scene [45] - 12.92 117.49 20.96 205.99 39.47 370.79

DIFIX3D+ [46] SD-Turbo [36] 17.36 143.04 21.73 154.51 30.43 263.69
FreeVS [42] SVD [3] 51.26 431.99 62.04 497.37 77.14 556.14
DiST-4D [16] SVD [3] 10.12 45.14 12.97 68.80 17.57 105.29

Ours SVD [3] 9.47 34.11 11.25 43.28 14.30 66.19

PhiGensis [28] OpenSora V2.0 [33] 9.80 43.80 11.71 67.54 15.51 103.13
WorldSplat [54] OpenSora V1.2 [17] 8.25 40.17 11.26 47.41 13.38 64.07

as original ground-truth data is available for supervision. All experiments run on
two NVIDIA A100 GPUs. We initialize the reconstruction branch from Omni-
Scene [45] and the generation branch from SVD [3].

4.2 Main Results

Off-trajectory Quantitative Evaluation. Table 1 reports results under three
lateral shift settings. Classical reconstruction methods [7, 8, 47, 49] suffer from
blur at off-trajectory viewpoints because no observations exist outside the input
views. FreeVS [42] introduces extra geometry conditions by projecting LiDAR,
but the point cloud is sparse, which limits performance. DIFIX3D+ [46] em-
ploys 3DGS renderings to condition the diffusion model, but its per-scene opti-
mized 3DGS lacks learned priors and inevitably overfits to the observed regions.
DiST-4D [16] uses image warping to provide geometry conditions and obtains
noticeable gains, yet warping cannot faithfully represent full scene structure and
the pipeline still depends on LiDAR and boxes with heavy preprocessing to
recover depth. Benefiting from the holistic 3D representation provided by Omni-
Scene [45], FreeGen achieves the best results at all shift levels. The improvements
are especially large on FVD, indicating higher temporal coherence and realism
under free-viewpoint changes. FreeGen uses only images and an off-the-shelf
depth estimator to obtain depth in seconds, which is fast and easy to deploy at
large scale. Furthermore, we compare FreeGen with state-of-the-art DiT-based
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Table 2: Quantitative comparison of interpolation quality on the recorded
trajectory. We evaluate the performance under three temporal sparsity settings.

Method @1 (Dense) @2 (Medium) @4 (Sparse)
PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

PVG [7] 23.33 0.73 0.41 39.47 22.08 0.71 0.41 47.25 20.47 0.67 0.45 70.94
DIFIX3D+ [46] 21.73 0.65 0.37 17.59 20.78 0.62 0.39 19.08 19.68 0.59 0.41 23.42
DiST-4D [16] 19.26 0.66 0.36 13.42 18.47 0.62 0.39 15.68 17.55 0.58 0.43 20.64

Ours 23.34 0.72 0.30 9.61 22.29 0.69 0.32 11.25 20.77 0.65 0.36 14.81

methods. We outperform PhiGensis [28] across all shift settings. Even when com-
pared to WorldSplat [54], which leverages spatial annotations (HDMaps and 3D
bounding boxes), FreeGen achieves competitive FID scores and superior FVD.
This comparison highlights the robustness of FreeGen in generating high-quality
free-viewpoint results without relying on costly annotations.
On-trajectory Quantitative Evaluation. Table 2 presents the interpolation
results on the original trajectory across three temporal sparsity levels. The ad-
vanced reconstruction method PVG [7] achieves remarkable reconstruction qual-
ity under dense observations. However, its performance degrades rapidly as the
input becomes sparse, indicating a strong tendency to overfit to the observed
views. In contrast, generative approaches like DIFIX3D+ [46] and DiST-4D [16]
use 3DGS and point cloud as geometric conditions to guide diffusion-based re-
finement. Since DIFIX3D+ relies on 3DGS renderings, it maintains better re-
construction metrics than DiST-4D. Nevertheless, since these generative models
tend to hallucinate and over-enhance scene details, their pixel-aligned recon-
struction metrics fall behind PVG, even though their visual realism is superior.
Our FreeGen overcomes these limitations by learning robust data priors through
a feed-forward reconstruction branch, which faithfully recovers scene structures
even given highly sparse inputs. Furthermore, our co-training strategy signifi-
cantly boosts the generative branch’s ability to maintain structural consistency
and high visual quality. Consequently, FreeGen achieves the best PSNR and
LPIPS, yields an SSIM on par with PVG, and dramatically lowers the FID
score.
Qualitative Evaluation. In Fig. 5, we present a qualitative comparison be-
tween FreeGen and established baselines. Traditional per-scene reconstruction
methods, such as PVG [7] and StreetGaussian [47], suffer from pronounced blur-
ring and ghosting artifacts in fine details. On the generative side, DIFIX3D+ [46]
tends to over-enhance the scene and often produces spatial misalignments due
to its over-reliance on reference frames. Although DiST-4D [16] generates highly
realistic textures, it frequently introduces severe structural distortions. In con-
trast, FreeGen maintains structural consistency while delivering high-quality ex-
trapolation results. Notably, our feed-forward reconstruction branch outperforms
per-scene optimized models at novel viewpoints, demonstrating that robust pri-
ors learned from large-scale data play a crucial role in free-viewpoint synthesis.
Besides, Fig. 6 further illustrates the spatial and temporal capabilities of Free-
Gen. As shown in Fig. 6(a), under challenging lateral shifts of 2m to the left
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Fig. 5: Qualitative comparison on free-viewpoint synthesis. Compared to
optimization-based [7,47] and generative baselines [16,46], our FreeGen achieves supe-
rior visual quality and preserves structural consistency.
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Fig. 6: Qualitative results of FreeGen. (a) Spatial consistency: Synthesized
novel views under ±2m lateral shifts. (b) Temporal consistency: Consecutive frames
generated under a −1m shift. Our FreeGen maintains sharp details and stable geometry
across both spatial and temporal dimensions.

and right, our method synthesizes detailed appearances while preserving scene
geometry. Moreover, Fig. 6(b) validates our temporal consistency. Across con-
secutive frames, the refined views remain highly stable, exhibiting no noticeable
flickering or geometric drift over time.

4.3 Ablation Study

Main Ablation Studies. We conduct an ablation under a leftward shift of
−2m to validate each design choice. Table 3 reports the results for settings (a) to
(d). (a) Reconstruction only (Rec.). Novel views are rendered by the reconstruc-
tion branch without generative refinement. This yields competitive FID due to
faithful geometry but limited off-trajectory information and single-frame input
lead to worse FVD. (b) Generation (Gen.). Using the rendered color and depth
to guide generation branch improves both metrics, but the model lacks an ex-
plicit notion of reliable regions to refine. (c) Opacity guidance (Opacity). Adding
the opacity map provides reliability cues, which further improves performance.
(d) Co-training on both models. Jointly updating reconstruction and generation
branches achieves the best results. The closed loop transfers appearance priors
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Table 3: Ablation study on the contribution of each module. All metrics are
evaluated under a left 2m shift using six camera views. Rec. and Gen. indicate enabling
the reconstruction and generation branches. Opacity denotes using the opacity maps
as an additional geometric condition. Co-training indicates enabling our complete
alternating co-training pipeline (details in Table 4).

Settings Rec. Gen. Opacity Co-training FID-2m↓ FVD-2m↓

(a) ✓ 23.25 246.73
(b) ✓ ✓ 15.49 60.53
(c) ✓ ✓ ✓ 13.86 57.21
(d) ✓ ✓ ✓ ✓ 12.87 48.39

Table 4: Ablation study of co-training dynamics under a left 2m shift on six cam-
eras. Gen. Only directly fine-tunes the generation branch with a frozen reconstruc-
tion branch. Rec. Only updates the reconstruction branch via generative priors but
freezes the generation branch. Full Co-training represents our complete alternating
optimization pipeline. Rec. CT and Gen. CT indicate co-training the reconstruction
branch and the generation branch respectively.

Setting Rec.CT Gen.CT Rec. Rec. + Gen.
FID↓ FVD↓ FID↓ FVD↓

Pre-trained - - 23.25 246.73 13.86 57.21

Rec. Only ✓ - 22.23 223.39 14.39 54.93
Gen. Only - ✓ 23.25 246.73 13.16 51.78
Full Co-training ✓ ✓ 22.23 223.39 12.87 48.39

to the reconstruction branch and supplies geometry-consistent supervision to the
generation branch, leading to the highest quality free-viewpoint results.

Ablation of Co-training Dynamics. Table 4 shows the ablation study of
different co-training strategies. When we only train the reconstruction branch,
the final results are not optimal because the data distribution of geometric con-
ditions changes, making it difficult for the generation branch to adapt to them.
When we only train the generation branch, it is limited by the rendering errors
of the original reconstruction branch in off-trajectory views. Our full co-training
strategy achieves the best results.

Analysis of Geometry Conditions. Fig. 7 compares three types of conditions.
FreeVS [42] projects LiDAR to the image plane, but the condition remains sparse
and is almost unusable for distant structures. DiST-4D [16] warps images to the
target view and shows clearer layouts, yet it cannot represent full scene geometry
and exhibits noticeable structural drift at larger viewpoint shifts. Our condition
captures scene structure and fine details and aligns well with the target view.

Analysis of Opacity Guidance. In Fig. 8, we visualize the effect of opacity
guidance. The opacity map clearly highlights reliable and unreliable regions.
With this guidance, the generative model can focus refinement on uncertain
areas, which improves the overall quality of the results.
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Ours

Image Warping

LiDAR Condition

Inputs & GT Left 1m Left 2m Left 4m

Fig. 7: Qualitative comparison of geometric conditions. We construct target
views with lateral shifts of 1 m, 2m, and 4m. For LiDAR-based conditions, we aggregate
10 consecutive frames and project the point clouds to the target view. For image
warping, we use depth to warp the input images to the target camera. Our condition
is obtained by rendering from the feed-forward reconstruction model.

Left 2m

Right 2m

Rendered Views Opacity  Maps Refined Views w/o Opacity Maps Refined Views w/ Opacity Maps

&

&

Fig. 8: Ablation on the opacity map. We compare generation results with and
without opacity guidance to assess its effect.

5 Conclusion

We have introduced FreeGen, a novel feed-forward framework for free-viewpoint
driving scene synthesis from the single trajectory observations. Our approach
effectively addresses the critical challenge of balancing interpolation consistency
and extrapolation realism. By co-training a reconstruction model with a genera-
tion model, FreeGen leverages the stable geometric guidance from reconstruction
to ensure structural consistency, while harnessing the power of generative priors
to enhance visual realism at unseen viewpoints. Extensive experiments demon-
strate that FreeGen surpasses existing methods, enabling the efficient synthesis
of high-fidelity and consistent driving scenes.
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