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1Gustave Eiffel University, France
2IGN-ENSG, France

Train views

Test views

3DGS PointmapDiff 3DGS+PointmapDiff

Figure 1. PointmapDiff is a method that can perform extrapolated view synthesis in urban scenes. We present viewpoints generated at
45◦ angle to the right (first row) and at 1.5m position to the left (second row). Our approach significantly outperforms the baselines when
rendering viewpoints beyond the original recorded trajectory, whereas 3DGS [13] struggles with severe artifacts.

Abstract

Synthesizing extrapolated views remains a difficult task, es-
pecially in urban driving scenes, where the only reliable
sources of data are limited RGB captures and sparse LiDAR
points. To address this problem, we present PointmapDiff, a
framework for novel view synthesis that utilizes pre-trained
2D diffusion models. Our method leverages point maps
(i.e., rasterized 3D scene coordinates) as a conditioning
signal, capturing geometric and photometric priors from
the reference images to guide the image generation process.
With the proposed reference attention layers and ControlNet
for point map features, PointmapDiff can generate accurate
and consistent results across varying viewpoints while re-
specting geometric fidelity. Experiments on real-life driv-
ing data demonstrate that our method achieves high-quality
generation with flexibility over point map conditioning sig-
nals (e.g., dense depth map or even sparse LiDAR points)
and can be used to distill to 3D representations such as 3D
Gaussian Splatting for improving view extrapolation.

1. Introduction

Reconstruction of urban driving scenes plays a crucial role
in understanding and advancing autonomous driving sys-
tems. Recently, neural rendering techniques such as Neu-

ral Radiance Fields (NeRFs) [18, 20, 21, 49, 52] and 3D
Gaussian Splatting (3DGS) [13, 51, 63] have demonstrated
remarkable potential in synthesizing photorealistic street
views, allowing autonomous vehicles to be trained and
tested in more diverse and complex scenarios.

Despite these advancements, a significant challenge per-
sists in the form of extrapolation, where the model strug-
gles to render images from viewpoints that differ signifi-
cantly from the recorded data. Since most training images
are captured from vehicle-mounted cameras with low over-
lap on a single trajectory, the neural reconstruction models
primarily learn to interpolate on this trajectory rather than
extrapolate to far-away views. This results in a degraded
rendering quality, with noticeable blur and artifacts when
synthesizing views from extreme angles and positions. Ad-
dressing this limitation is crucial for maximizing the utility
of reconstructed street scenes, ensuring autonomous driving
simulations remain accurate even when operating in regions
that are not directly captured during training.

To this extent, we introduce PointmapDiff, a frame-
work designed to leverage pre-trained 2D diffusion mod-
els for novel view synthesis (NVS) by incorporating 3D
structure into 2D diffusion features. In urban driving envi-
ronments, LiDAR provides reliable geometric information
with broader coverage, whereas relying solely on RGB im-
ages is insufficient for capturing the scene. To address this,
PointmapDiff leverages ControlNet conditioning on point



maps, 2D projections of 3D coordinates from the scene’s
point cloud, and combines them with features extracted
from reference images. This conditioning allows the model
to capture relevant geometric relationships between view-
points. Additionally, PointmapDiff employs a reference
cross-view attention module, which ensures implicit trans-
fer of information from reference views to the generated
target views.

Our approach offers two key benefits: first, point maps
establish better correspondences between viewpoints com-
pared to RGB, which require texture details and constant
lighting; and second, the model can adapt point maps
derived from sparse LiDAR data as geometric guidance
for generation, in scenarios where establishing correspon-
dences is particularly challenging. Finally, we show that
PointmapDiff can be used to generate views that are aligned
with LiDAR scans. This also serves as supplementary su-
pervision for refining scene representation, such as 3DGS,
beyond the initial training trajectories. By integrating the
benefits of distilling 3D scene modeling with diffusion-
based image generation, PointmapDiff achieves state-of-
the-art performance in extrapolated-view synthesis, deliver-
ing high-quality, consistent renderings of unobserved views.
To summarize, our main contributions are as follows:
• we propose a point map-conditioned generative frame-

work that can synthesize viewpoints from a single or mul-
tiple reference views,

• by effectively capturing features and correspondences
from point maps, our results consistently respect both ge-
ometric and appearance information from reference views
and LiDAR scans,

• we showcase PointmapDiff’s performance in urban re-
construction, given restrictions in sparse points input, as
well as its effectiveness in single-image NVS and object
manipulation.

2. Related Work
Novel View Synthesis. The goal of NVS is to generate re-
alistic and visually coherent images of a specific instance or
scene from camera viewpoints that have not been observed
before. This involves taking one or more existing views of
the scene and synthesizing new views while ensuring con-
sistency. NVS can be categorized into two types based on
how viewpoints are generated: View Interpolation, where
the synthesized viewpoints lie within the given input views
distribution, and View Extrapolation, which involves gener-
ating viewpoints outside the input range, often requiring the
model to infer a larger amount of content.

Many modern view interpolation methods are
reconstruction-based and built upon NeRF [18],
3GDS [13], and their derivatives [39], which describe
a scene as radiance fields to fit the observed images.
They enable 3D representation by capturing photos of a
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Figure 2. From a reference image and synchronized LiDAR scan,
while the image can observe only a small part (blue) of the scene,
the geometric information from the rest of the LiDAR scan (or-
ange) can still be used to generate meaningful content. We label
the cars that appear in both the LiDAR scan and the generated
image in red, denoting the advantage of our method compared to
other baselines.

real scene and optimizing the underlying geometry and
appearance. However, these methods typically require
extensive per-scene fitting and only allow for rendering the
scene from viewpoints in the training pose distribution. As
a result, they usually struggle to generate realistic details
in far-away viewpoints. Moreover, capturing detailed
scenes requires hundreds to thousands of images, while
insufficient scene coverage can lead to optimization issues,
resulting in inaccurate geometry, artifacts, and blurry
renderings.

On the other hand, most existing extrapolation methods
are generative-based and rely on training generative models
to take available reference images and camera viewpoints as
conditions, and directly generate new views. These meth-
ods are designed to work with minimal input (e.g., a single
image) and rely on general knowledge from large models
and datasets. ReconFusion [48] use priors from CLIP image
embedding [22] and pixelNeRF’s [54] features for enabling
3D-awareness. Other works [7, 24, 38, 40, 55, 56] designed
special attention mechanisms based on epipolar geome-
try, local neighborhoods, or camera’s ray embeddings [32].
GenWarp [30], MultiDiff [19], and ViewCrafter [57] fo-
cus on implicit geometric warping signals using Monocular
Depth Estimation (MDE) [2, 23]. Still, closing the domain
gap between indoor and outdoor scenes remains challeng-
ing as MDE becomes less accurate, while sparse LiDAR
data makes it difficult to obtain sufficient warping informa-
tion.
Extrapolation in Street View Reconstruction. In driv-
ing scenes, the training camera distribution is often biased
towards forward-facing movements, which severely limits
the vehicle’s field of view. Additionally, these straight tra-
jectories could lead to overfitting in methods that rely only
on camera parameters. To improve the rendering quality
of neural rendering models for viewpoints distant from the



training views, several methods augment training with syn-
thesized viewpoints from external generative models. For
instance, VEGS [12] employs a diffusion model with per-
scene LoRA [10] and Perturb-and-Average Scoring [42] to
enhance details in extrapolated views. However, this ap-
proach lacks control over geometry and thus depends heav-
ily on strong geometric priors, such as normal supervision.
Without such priors, it would require longer training times
for the distillation loss to converge. Similarly, SGD [58]
trains a diffusion model with a ControlNet conditioned on
two adjacent frames and the dense depth prediction of the
current frame, focusing on few-shot setups. Yet, it uses
patchified CLIP image embeddings [22] as guidance, which
provide high-level semantic information but lack precise
spatial detail. This results in inconsistencies in the gener-
ated images that can negatively impact the overall 3DGS
training. In contrast, our approach focuses on improving
the quality of the generative model, enabling more accurate
and stable results. We believe that a reliable model with
better adaptation to the data modalities commonly found in
driving scenarios can significantly boost the performance.
FreeVS [44] utilizes colorized LiDAR point clouds to gen-
erate pseudo-images for conditioning, making it the most
comparable approach to ours. However, like many other
baselines, it frequently struggles in regions with absent
RGB coverage (Fig. 2). This limitation presents a signif-
icant challenge to the safety and reliability of autonomous
perception. Moreover, instead of training the entire archi-
tecture across large datasets with numerous parameters, we
design our method to optimize only a minimal subset of pa-
rameters by leveraging ControlNet [59]. We demonstrate
that it eliminates the need for extensive fine-tuning and still
achieves satisfactory results.

3. Method

3.1. Preliminaries

Diffusion Models [9] are probabilistic models designed to
learn the underlying data distribution p(x) by starting from
a Gaussian distributed variable xT and gradually denois-
ing it to recover the original data sample x0, which simu-
lates the reverse process of a fixed forward (noise-adding)
Markov Chain.

In particular, we leverage Latent Diffusion Models
(LDM) [27], which utilize a pre-trained Variational Auto-
Encoder (VAE) [14] to map image data from pixel space
into a compressed latent space with lower dimensionality
and perform diffusion process in that latent space. This re-
duces computational complexity, memory footprint, and en-
ables conditioning on other modalities, such as text during
generation, while still preserving details. Typically, to learn
the denoising process, the network, U-Net [28] in this case,

is trained to predict the noise by minimizing:

L(θ) = Eϵ,τ

[
∥ϵθ(zτ , τ, c)− ϵ∥22

]
, (1)

where ϵθ is the noise prediction network with parameters θ,
τ ∼ U(0, T ) is the time step, zτ is the noisy latent at τ ,
ϵ ∼ N (0, I) is the additive Gaussian noise, and c denotes
the user-specified condition signal, which is used for the
conditional generation.
ControlNet [59] is a versatile network that allows the addi-
tion of conditioning into a pre-trained Stable Diffusion (SD)
model. It has been demonstrated to support various types of
input conditioning, such as depth, sketches, and semantic
maps, by injecting conditional image features into trainable
copies of the original SD encoder blocks, allowing SD to
generate images that are coherent with the input condition.
A key advantage of ControlNet is its ability to resist over-
fitting during fine-tuning, allowing it to retain the original
model’s performance. This makes it particularly useful for
incorporating 3D awareness [43, 50] into diffusion models
without compromising their 2D semantic quality. Nonethe-
less, this ability has not yet been fully exploited in view
synthesis applications.
Problem Statement. Given a reference RGB image Ir with
its geometric cue Dr (derived from a depth sensor, esti-
mated depth map or LiDAR data), we aim to generate a
novel view It from a relative viewpoint Pr→t ∈ SE(3) and
RGB camera intrinsics K ∈ R3×3. In the latent space, our
objective becomes:

zt ∼ p(zt|zr, Dr, Pr→t,K), (2)

where zt, zr are the latent representations for It, Ir and can
be decoded through the VAE’s decoder.

3.2. Architecture
Our approach comprises a two-stream architecture, the ref-
erence U-Net takes an input view image Ir and produces a
feature fr. Concurrently, the target U-Net takes a noisy
latent and generates a novel view image It, by integrat-
ing the input feature fr into its internal novel view feature
f t. To provide the diffusion model with the depth-based
correspondence, we generate a pair of reference and target
point maps {Xr,t, Xt,t} and inject them into the model us-
ing ControlNets. An overview of the model’s architecture
is shown in Fig. 3.

3.3. Pointmap ControlNet.
The advantages of point map have been explored in
DUSt3R [45]. Point maps encapsulate the geometry of the
scene, the relation between pixels and 3D points, and the
relationship between two viewpoints. Such powerful repre-
sentation can be easily applied to a variety of Multi-View
downstream tasks, such as point matching and relative pose
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Figure 3. Method overview. (left) PointmapDiff is trained in the latent space of a fixed VAE with encoder E and decoder D. Given a
reference RGB image Ir and the corresponding geometry Dr , we obtain a pair of point maps {Xr,t, Xt,t} as inputs. We predict the target
image It given the geometry signal from the target point map, and information comes from the reference U-Net. Particularly, two Pointmap
ControlNets are employed to extract geometric feature correspondences and concatenate c⃝ them with the intermediate SD feature maps.
We freeze the original SD model and only train the Pointmap ControlNet and the reference attention module. (right) We extract reference
features using our reference U-Net. These augmented features are integrated into the target U-Net through a reference-guided cross-view
attention mechanism, which is added

⊕
throughout the target U-Net.

estimation. Since the potential of point maps remains un-
derexplored, this work delves into their advantages within
the framework of diffusion models.

We first visit the term point map, a point map X ∈
RW×H×3 describes a mapping between image pixels and
3D scene points. The point map X of the observed
scene can be straightforwardly obtained from the cam-
era intrinsic K and the ground-truth depth D as Xi,j =
K−1Di,j [i, j, 1]

T , where each pixel represents the pro-
jected point coordinate. Here, X is expressed in the camera
coordinate frame, but in practice, it can further be denoted
as Xn,m, which is the point map Xn from camera n ex-
pressed in camera m’s coordinate frame:

Xn,m = h−1(Pn→mh(Xn)), (3)

where Pn→m is the relative pose for images m and n, and
h : (x, y, z) → (x, y, z, 1) is the homogeneous mapping.
We show that the use of point maps provides robust align-
ment across views by encoding consistent 3D spatial infor-
mation; when two pixels across different views share the
same point map value, they correspond to the same location
in the global coordinate frame. Unlike RGB images, which
are sensitive to variations in textures, lighting, and shading,
point maps offer explicit and more stable representations,
making them particularly beneficial for enforcing consis-
tency in 3D-aware tasks.

Inspired by depth-to-image generation, we utilize Con-
trolNet and inject point maps to enhance the 3D awareness
of diffusion features. Specifically, we select pairs of images
with known relative camera poses and train the Control-

Net to condition on the two point maps {Xr,t, Xt,t}. Sup-
pose F(·; Θ) is an SD block, with parameters Θ, in partic-
ular, the original ControlNet block copies from pre-trained
SD’s asF(·; Θ′) and accompanied by two zero convolutions
Z(·; Θz1), Z(·; Θz2). Since the geometric features induced
by the point map condition in ControlNet are designed to
be aligned with the latent inputs, they are processed through
the zero-initialized convolutions and subsequently added to
the spatial layers of the U-Net:

fm
CN = F(zm; Θ)︸ ︷︷ ︸

semantic features

+Z
(
F(zm + Z(γ(Xm,t); Θz1); Θ

′); Θz2

)︸ ︷︷ ︸
geometric features

,
(4)

where fm
CN with m ∈ {r, t} is the set of residual signals,

which are augmented with the extracted geometric features
to join in the features of the U-Net. The point map is pro-
cessed using positional encoding [35] function γ(·).

These two shared-weight ControlNets help extract the
intermediate feature correspondences between the reference
and target point maps. Since both point maps are aligned
in the same target view coordinate system, the model can
naturally follow not only semantic but also geometric cor-
relations between the reference and target views.

3.4. Reference-Guided Cross-View Attention.
Our next step is to learn an attention mechanism between
the reference and target features, ensuring consistency be-
tween views. We introduce reference attention and inject it



after the self-attention layer in the main target U-Net. This
enables the model to capture the corresponding relation-
ships from the reference views. In this module, we change
the keys and values corresponding to the output image It

with those of the reference image Ir. Formally, the output
of our reference attention layer is given by:

RefAttn(Qt,Kr, V r) = softmax

(
QtKrT

√
d

)
· V r

with Qt = WQf t;Kr = WKfr;V r = WV fr, (5)

where WQ,WK ,WV are learnable projection matri-
ces [41] for the feature inputs fr, f t. We further initial-
ize this attention module with the weights from the self-
attention module. The output is then passed through a zero
convolution layer and added back to the information flow:

f = f + Z
(
RefAttn(Qt,Kr, V r),Θz

)
. (6)

We further demonstrate the effectiveness of this design in
Appendix A.

3.5. Training
Implementation Details. To construct the point maps used
in training, we first generate depth maps of reference views
using an MDE or depth completion model [45, 61]. Addi-
tionally, we incorporate raw LiDAR data to introduce sparse
modality by randomly providing point maps derived di-
rectly from LiDAR scans for the reference and target views.
Using raw LiDAR input, our approach achieves two key
benefits: (1) it improves point correspondences for more ef-
fective pixel transfer, even when dealing with sparse point
distribution, and (2) it encourages the novel view to adhere
to the geometric structure imposed by the LiDAR data, lead-
ing to more coherent and structure-aware output.

The point maps are then normalized to a fixed range of
[−1, 1], followed by a positional encoding. This reduces the
model’s sensitivity to 3D scale ambiguities. To ensure suf-
ficient correspondence between training pairs, we measure
the overlap ratio between two point maps and select only
training pairs where the overlap is more than 20%.
Data Augmentation. We apply random cropping to the
image to simulate lateral translation. Our method utilizes
3D geometry directly and does not require conditioning on
the camera’s intrinsic or extrinsic parameters. This strategy
helps reduce camera-related ambiguities and allows us to
generate training pairs from a single image, making it par-
ticularly beneficial for urban driving datasets, where move-
ment is restricted to forward and backward motion.
Training Objective. We leverage the pre-trained SD v1.5
model for both U-Net branches to inherit its generalization
ability. We freeze the VAE, the U-Nets, and train only the
reference attention modules with the Pointmap ControlNet

by minimizing the following cost function:

L(θ) = Eϵ,τ

[
∥ϵ− ϵθ(z

t
τ , z

r, Xr,t, Xt,t, Pr→t,K, τ)∥22
]
(7)

on a dataset containing pairs of source view image Ir,
target view image It that are encoded into zr, zt respec-
tively, their camera information {Pr→t,K}, and point maps
{Xr,t, Xt,t}. We adopt DDIM sampler [33] and add noise
at τ to the target latent ztτ while keeping the reference latent
zr clean. We use AdamW optimizer [17] with a learning
rate of 1e-4, applying cosine scheduler and train the model
for 500k iterations with a batch size of 4 at the resolution
of 512× 320. Other training parameters remain set to their
default values. During inference, we fix the sampling steps
at 50.

4. Experiments
We prepare two experiments to evaluate our model. First,
we demonstrate how PointmapDiff can be used to enhance
the rendering quality of 3DGS [13] at extrapolated view-
points. Second, we assess the model’s performance without
3DGS, showcasing its ability to generate views from a sin-
gle input. We train and evaluate our model on the KITTI-
360 [15] and Waymo [34] datasets.

4.1. Extrapolation in Street View Reconstruction
We fine-tune 3DGS on synthesized views to enhance the
rendering quality on extrapolated views. We construct eval-
uation sets that (1) look left and right by rotating the camera
by ±45◦ around the camera’s y-axis, (2) shift the camera
lateral to the heading direction by ±{2, 4}m, and (3) look
downward by rotating the camera by 10◦ around the cam-
era’s x-axis while flying upward by 1m.
3D Gaussian Splatting. We first prepare a pre-trained
3DGS on available ground truth images for 20000 itera-
tions. We refer to the original 3DGS paper [13] for the
fundamental training pipeline. Next, rendered images from
augmented viewpoints are encoded and perturbed into noisy
latents based on a noise scale s = τ

T . PointmapDiff is used
to refine these noisy novel-view images, which are then
added to the training data. We choose the reference im-
age with the highest overlap and the closest training LiDAR
scan as the condition. We continue fine-tuning the same
3DGS model for another 20000 iterations, in which for ev-
ery 200 steps, we repeatedly update the augmented set with
a linearly reduced s. The scene representation is optimized
using two different loss functions:

Ltrain = λrgbLrgb + λssimLssim + λdLd, (8)
Laug = λaugLrgb + λlpipsLlpips + λdLd, (9)

for ground truth training data Ltrain and augmented data
Laug , where Lrgb, Lssim denote the L1 and SSIM losses,
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Figure 4. Qualitative comparison on KITTI-360 [15]. We demonstrate three scenarios: rotating, shifting, and flying upward movement.
The test view represents the conventional camera sampled from forward-facing trajectories. We also include training images that provide
the best available coverage as a reference.
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Figure 5. Qualitative comparison on Waymo [34] with different shifting distances.

respectively. We treat augmented views differently by low-
ering the weight of L1 loss and incorporating LPIPS loss
Llpips between 3DGS-rendered and diffusion-generated
images to prioritize high-level semantic similarity over
strict photometric consistency [7]. Furthermore, we utilize
depth loss Ld = ∥D̂−Dlidar∥1 across all views, as the ex-
trapolated views are designed to be geometrically aligned
with the LiDAR data. More details can be found in the sup-
plementary material.

Baselines. We compare our method with existing state-
of-the-art urban driving scene reconstruction and ex-
trapolation methods, including SGD [58], VEGS [12],
ViewCrafter [57] and FreeVS [44] as well as original

3DGS [13] and Nerfacto [36]. For a fair comparison, we
allow 3DGS and incorporate accumulated LiDAR data for
Gaussian initialization and apply depth supervision to both
3DGS and Nerfacto. Furthermore, we redefine the set of
augmented samples for SGD and VEGS to align with our
mentioned evaluation criteria.

Metrics. We select every 8th frame as conventional test
frame for interpolation. We adopt PSNR, SSIM [46], and
LPIPS [60] and evaluate at resolution 1408×376 for KITTI-
360 and 960×640 for Waymo. On the other hand, we report
FID [8] and KID (×100) [3] under extrapolation settings
since no ground truth image is available. In these cases,
KITTI’s images are cropped to 600× 376, ensuring there is



not a lot of unobserved space that could disturb the results,
following Hwang et al. [12].

Interpolation Extrapolation

PSNR↑ SSIM↑ LPIPS↓ FID↓ KID↓
Nerfacto [36] 22.02 0.731 0.270 101.60 5.858
3DGS [13] 23.44 0.792 0.122 85.08 4.926
SGD [58] 23.23 0.779 0.162 82.77 4.207
VEGS [12] 22.77 0.790 0.143 80.79 4.273
3DGS+PointmapDiff 23.39 0.790 0.144 78.07 3.799

Table 1. Quantitative results for interpolated and extrapolated view
synthesis on KITTI-360 [15]. Label with best, second, and third .

Interpolation Extrapolation

PSNR↑ SSIM↑ LPIPS↓ FID↓ KID↓
Nerfacto [36] 29.75 0.884 0.189 102.79 5.650
3DGS [13] 30.18 0.914 0.076 62.50 2.401
3DGS+ViewCrafter [57] 29.83 0.910 0.078 54.16 2.035
FreeVS [44] 23.37 0.743 0.180 51.95 1.838
3DGS+PointmapDiff 30.45 0.913 0.079 48.22 1.035

Table 2. Quantitative results for interpolated and extrapolated view
synthesis on Waymo [34].

As illustrated in Fig. 4 and Fig. 5, all methods demon-
strate improvements over the original 3DGS and NeRF on
extrapolated viewpoints. However, while SGD reduces the
artifacts, it does not completely resolve the issue, as some
blur and traces of artifacts still appear in the generated
views. VEGS performs well on planar regions such as roads
and buildings, thanks to normal supervision, but struggles
with far-away background. ViewCrafter works effectively
with small viewpoint shifts but underperforms on larger dis-
placements. FreeVS slightly suffers from color change and
is limited to areas where LiDAR data is available, which
affects its performance in distant areas and sky regions.
On the other hand, our method portrays clear improvement
across all scenarios. We report quantitative comparison in
Tab. 1 and Tab. 2. Combining 3DGS with PointmapDiff
outperforms the baselines in inception distances while re-
taining the most rendering quality of conventional test cam-
eras.

4.2. Single-image NVS on Street View
Setup and Baselines. In this experiment, we use a single
source image as input to predict target images correspond-
ing to 4-6 previous or following frames in the trajectory.
Our baselines include warping and inpainting method using
SD Inpainting [27], GenWarp [30], and BTS [47] as one-
shot implicit NVS. To ensure scene-specific visual fidelity,
we fine-tune SD using LoRA [10] on the same dataset.
Since the baselines are not designed to handle LiDAR in-
puts directly, we condition with completed depth maps [61]

instead. We use FID [8] and KID (×100) [3] to estimate the
realism of the generated image distribution; depth metrics
(absolute relative error, root mean square error, and thresh-
old accuracy δ < 1.25) between predicted depth [11] of
the generated images and LiDAR depth to measure the geo-
metric consistency. We also include indoor experiments on
RealEstate10K [62] and ScanNet++ [53] with more com-
petitors in the supplementary material.

FID↓ KID↓ AbsRel↓ RMSE↓ δ1 ↑
Inpainting [27] 34.61 0.789 0.241 6.496 61.99
GenWarp [30] 45.41 2.080 0.270 6.563 56.05
BTS [47] 74.66 6.120 0.351 7.131 44.33
PointmapDiff (ours) 28.31 0.392 0.185 5.030 73.36

Lower bound 11.61 0.028 0.118 3.831 87.51

Table 3. Quantitative results for singe-image NVS on KITTI-
360 [15]. We include the inception distances between the source
and the target view and the predicted depth of the ground truth tar-
get view as the lower bound.

Fig. 6 and Tab. 3 show that PointmapDiff demonstrates
the ability to follow the scene geometry to effectively gen-
erate plausible high-quality views, whereas GenWarp and
BTS suffer heavily from stretching artifacts. We also out-
perform in most metrics.

4.3. Ablation Study
To study the design of PointmapDiff, we conduct single-
view NVS experiment on all the model variants. Tab. 4 and
Fig. 7 demonstrate the results of our study.

Ablation FID↓ KID↓ AbsRel↓ RMSE↓ δ1 ↑
w/o ControlNet 39.50 0.936 0.422 10.937 39.70
w/o Attention 64.57 3.626 0.272 6.899 56.61
w/o Pointmap P.E. 24.80 0.276 0.184 5.009 72.48

Full model 21.26 0.268 0.181 4.880 74.46

Table 4. Quantitative ablation of individual components.

Pointmap ControlNets. When excluding the Pointmap
ControlNets, the model loses access to the correct corre-
spondences derived from the reference image. This omis-
sion impairs its ability to maintain spatial consistency, re-
sulting in generated views that respect the reference appear-
ance but deviate significantly in geometry (Fig. 7d).
Reference-Guided Cross-View Attention. Without ref-
erence attention, the model operates similarly to a stan-
dard geometry-controlled SD model. Even when we em-
ploy LLaVA [16] to input more detailed scene descriptions,
the model struggles to respect the contents. However, this
version provides valuable insights; specifically, it demon-
strates that point maps are an effective conditioning source.
They successfully encode the scene’s geometry, helping the



Source view Inpainting [27] GenWarp [30] BTS [47] PointmapDiff Target view (GT)

Figure 6. Qualitative comparison for single-image NVS on KITTI-360 [15].

(a) Source view (b) Target view (c) Full model

(d) w/o Pointmap CN (e) w/o Reference Attn. (f) w/o Pointmap P.E.

Figure 7. The full model effectively captures high-detail scene
continuity, closely aligning with the target image, while removing
components leads to a loss in both geometric structure or appear-
ance fidelity.

model recover the scene’s structure reasonably, only with-
out precise adherence to the reference image. In Fig. 7e,
while the model can place the cars in the correct position, it
fails to transfer the appearance from the source image accu-
rately.
Pointmap Positional Encoding (P.E.). Fig. 7f shows that
directly passing point map coordinates into the network re-
sults in reduced image detail (e.g., texture on the road and
the shadow regions) and lower metrics, whereas preprocess-
ing the input with positional embedding (Fig. 7c) enables
the model to represent higher frequency details.

4.4. Discussion
In this section, we explore additional capabilities granted
by the architecture design of PointmapDiff, along with its
current limitations.
LiDAR-algined Generation. PointmapDiff demonstrates
a remarkable ability to generate images that align closely
with LiDAR-derived conditions, preserving spatial struc-
ture and depth cues inherent in point cloud data. This is
critical for autonomous driving applications, where halluci-
nated regions must remain consistent with real-world geom-
etry and context, rather than being entirely random. Such
fidelity ensures that generated content supports safe and re-
liable perception in driving environments. We refer to the

Source view Target view Translation Duplication

Figure 8. Scene editing results. We perform instance-level edit-
ing by manipulating point map values.

Appendix C.3 for more illustrations.
Scene Editing. Our model allows image editing by ma-
nipulating the point map, which enables repositioning or
duplicating objects within a scene without changing their
visual appearances. We first isolate the points belonging to
the objects of interest using 3D bounding boxes or instance
labels. Then, spatial transformations are applied to these
points while keeping their initial values in the point map.
This helps the model to establish correspondences based on
these transformations. Following this idea, we showcase in
Fig. 8 two scenarios where we shift and duplicate a set of
points that belong to a car. As a result, we can perform both
novel view synthesis and spatial editing at the same time.
This provides a promising direction for future explorations
in scene manipulation through point map-based editing.
Limitations. While PointmapDiff improves extrapolated
views, the model can still introduce inconsistencies that
cause blurriness, thus lower reconstruction and interpola-
tion qualities. Additionally, the current design is optimized
for static scenes and may struggle with dynamic environ-
ments. Future work will focus on extending PointmapDiff
to better handle dynamic scenarios, incorporating temporal
consistency and object tracking to improve generation qual-
ity in more complex settings.

5. Conclusion

We present a novel approach for view synthesis by inte-
grating point map-conditioned diffusion, significantly im-
proving scene reconstruction in extrapolating use cases.
Our method enhances spatial consistency and enables high-
quality novel view generation. Detailed evaluations confirm
its robustness and effectiveness in urban driving data and
open new editable view synthesis applications.
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Pointmap-Conditioned Diffusion for Consistent Novel View Synthesis

Supplementary Material

A. Implementation Details
A.1. Design Motivation
We further explain the motivation for using point maps as
conditioning signals. Given reference r and target t view-
points, establishing correspondences Mr,t between pixels
of two images can be trivially achieved by nearest neighbor
(NN) search in the 3D point map space:

Mr,t =
{
(a, b) | a = NNt,r(b) and b = NNr,t(a)

}
,

with NNm,n(a) = argmin
b∈{0,...,WH}

∥Xn,n
b −Xm,n

a ∥ . (10)

Here, NNm,n computes the nearest neighbor b of pixel
a between views m and n. While this explicit correspon-
dence is computationally expensive and only operates on
pixel space, it motivates our approach of leveraging implicit
attention mechanisms.

We consider a simple positional encoding example of
point maps, γ(X), which maps the normalized input points
to higher-dimensional Fourier features using a set of sine
and cosine functions:

γ(x) = [a1 cos(2πF1x), a1 sin(2πF1x), . . . ,

aN cos(2πFNx), aN sin(2πFNx)]T , (11)

where Fj are the Fourier basis frequencies and aj are their
corresponding coefficients. Using this encoding, the spatial
correlation between two point maps can be measured via a
kernel function as:

γ(x1)γ(x2)
T =

N∑
j=1

a2j cos (2πFj(x1 − x2)) . (12)

To adapt this to the nearest neighbor computation, we rede-
fine NNm,n using the encoded point maps as follows:

NNm,n(a) = argmax
b∈{0,...,WH}

(
γ (Xn,n

b ) γ (Xm,n
a )

T
)
, (13)

by replacing t ← n and r ← m, and applying this for
all a ∈ {0, . . . ,WH}, interestingly, this operation re-
sembles the reference attention mechanism introduced in
the main paper. Specifically, the attention matrix: A =

softmax
(

QtKrT

√
d

)
serves a similar purpose by learning im-

plicit correspondences between the query (Qt) and key
(Kr) representations extracted from Pointmap ControlNet’s
layers of the target and reference views. Thus, the point map

Predicted view Source views

Self-attention map Cross-attention maps

Figure 9. Given a query point in the upper-left generated view
and reference views, we extract PointmapDiff’s intermediate layer
activations through the keys and queries of self-attention and ref-
erence attention layers at a certain time step τ = 0.2T dur-
ing the denoising process and use them to visualize the attention
maps [1, 37]. As a result, the method can learn and produce cor-
rect correspondences.

conditioning acts as an intermediate signal to naturally es-
tablish correspondences within the attention layers, bridg-
ing the gap between explicit point matching and feature-
based reasoning with the ability to dynamically attend to
relevant regions. Hence, we verify the roles of the keys and
queries in Fig. 9; they determine the regions in the source
views that can be used for generation.

A.2. Training

Our method employs a pre-trained SD v1.5 as the backbone,
thanks to its robust generative capabilities. Since SD v1.5
is also a text-to-image model, we incorporate simple text
prompts, such as ”a photo of a driving scene” or ”a photo
of a room”, to provide high-level semantic guidance.

Unlike other methods [7, 30], we do not modify the latent
input, allowing us to retain the U-Net backbone and instead
adapt to the task by training the additional ControlNet. For
the positional encoding, we use a frequency range from 20

to 23, resulting in an input channel dimension of 24 for the
ControlNet model. As the training progresses, we observe
sudden convergence of ControlNet after approximately 10K
iterations, portrayed in Fig. 10. The model continues to re-
fine fine-grained details beyond this point, yielding steady
improvements in PSNR and SSIM.



Figure 10. Validation sample observed in several training iterations.
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Figure 11. Additional qualitative comparison on KITTI-360 [15].

A.3. Optimizing 3DGS
We randomly select 10 static sub-sequences per dataset,
each with 100-150 consecutive frames for evaluation. For
KITTI-360, we train on two perspective images with full
resolution 1408×376, and for Waymo, we only use the front
camera downsampled to 960 × 640. We initialize the 3D
Gaussian models with the accumulated LiDAR point cloud
without using Structure-from-Motion (SfM) point clouds.

The loss weights λrgb, λssim, λaug , λlpips, and λd are
set to 0.8, 0.2, 0.5, 0.1, and 0.01, respectively. Additionally,
we progressively reduce the noise scale s from 0.6 to 0.2
throughout training to ensure harmonization between gen-
eration and reconstruction.

B. Additional Results

B.1. Extrapolation in Street View Reconstruction
Baseline Implementations. We adapt the code in the of-
ficial repository of VEGS, ViewCrafter, and FreeVS. We
re-implement SGD since there is no public code base avail-
able. For ViewCrafter, we use ground truth images and ren-
dered depth from 3DGS to achieve warped conditions, since
predictions from MDE are extremely noisy and not aligned
well with the shifted distance. Secondly, as ViewCrafter is
a video diffusion model, and requires the first frame to be
”clean” (i.e., from ground truth trajectory), we design shift-
ing samples, gradually from the original to the novel trajec-
tory to extract the most details from this initial frame. Since

the sequences contain more frames than a video diffusion
model can handle at once, the process is divided into smaller
chunks and repeated across the entire sequence. The distil-
lation process for ViewCrafter remains mostly the same as
with PointmapDiff. We show additional qualitative compar-
isons in Fig. 11 and Fig. 12.

B.2. Single-image NVS on Street View

We provide results for single-image NVS task on
Waymo [34] in Fig. 13. We utilize Metric3D [11] to esti-
mate depth, as there is no reliable depth completion model
available for Waymo.

B.3. Single-image NVS on Indoor Data

Baselines. These include GeoGPT [26], Photoconsistent-
NVS [55], the warping and inpainting method using the
SD Inpainting [27], and GenWarp [30]. To ensure fair com-
parisons, we train our model only on RealEstate10K [62],
aligning with the training data used by our baselines, and
further evaluate on ScanNet++ [53] to assess performance
on out-of-distribution scenarios. We use the officially pro-
vided checkpoint of all methods. For GeoGPT, we choose
the re impl depth checkpoint as it requires reference
depth maps and produces better results compared to the ver-
sion that does not use depth information. Moreover, for
SD-Inpainting, we apply interpolation on the warped im-
ages and dilate the inpaint mask using a 9 × 9 kernel to re-
duce artifacts since the model performs inpainting on latent
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Figure 12. Addtional qualitative comparison on Waymo [34].

Source view Inpainting [27] GenWarp [30] PointmapDiff Target view (GT)

Figure 13. Qualitative comparison for single-image NVS on Waymo [34].

space (f8d4). In contrast, only PhotoNVS does not require
depth as an input.

Setup. We utilize DUSt3R [45] to generate point maps for
training and as a depth estimator (by taking the z-values of
the point map in local coordinate) for inference of all base-
lines. Similar to [24, 30], we consider dividing into short-
term and long-term view synthesis. Specifically, we ran-
domly select 1k sequences from the test set with more than
200 frames and evaluate the 50th generated frame as short-
term and the 100th generated frame as long-term view syn-
thesis on RealEstate10K. Due to the faster camera move-
ment in ScanNet++, we focus solely on short-term synthe-
sis.

Metrics. For short-term, we use pairwise reconstruction
metrics PSNR and LPIPS [60] to measure the difference
between the generated and ground-truth images. Note that
these metrics become less relevant in regions that are un-

seen. For long-term, we value generated image quality, us-
ing the FID [8] and KID (×100) [3] to estimate the realism
of the generated image distribution. Finally, all outputs are
resized and cropped to 256× 256 for evaluation.

Tab. 5 demonstrates that while GeoGPT achieves good
FID and KID, indicating realistic generation quality, it
struggles with misalignment issues from the input view,
leading to worse PSNR and LPIPS scores. In contrast, the
inpainting method excels in PSNR, benefiting from explicit
warping. However, it often suffers from artifacts due to the
imperfect depth, resulting in lower FID and KID.

For the out-of-distribution experiment, as shown in
Tab. 6, GeoGPT and Photoconsistent-NVS struggle to gen-
eralize to out-of-domain scenarios, resulting in poor per-
formance metrics and a noticeable drop in generation qual-
ity. On the other hand, our method achieves stable and
consistent results across both in-domain and out-of-domain
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Figure 14. Additional NVS comparison on RealEstate10K [62] and ScanNet++ [53].

datasets, indicating improved adaptability and maintaining
high-quality view synthesis under diverse conditions while
mitigating overfitting.

Fig. 14 shows qualitative comparisons on RealEstate10K
and ScanNet++. The inpainting method performs well in re-
gions where there is a clear overlap between the input and
the novel views. However, in areas with sparse warped pix-
els, it produces inconsistent novel views, failing to take into
account the information from the surrounding input pixels,

which impacts the overall coherence. Our method consis-
tently synthesizes realistic and stable novel views across
both small and large viewpoint changes, compatible with
the quality of GenWarp despite training on less data.



Short-term Long-term

PSNR↑ LPIPS↓ FID↓ KID↓
GeoGPT [26] 14.97 0.356 28.42 0.158
Photo-NVS [29] 15.74 0.309 30.96 0.305
Inpainting [27] 16.29 0.300 47.63 1.546
PointmapDiff 16.04 0.272 32.34 0.446

GenWarp [30] 15.87 0.237 29.65 0.446

Table 5. Quantitative results on RealEstate10K [62].

Short-term

PSNR↑ LPIPS↓ FID↓ KID↓
GeoGPT [26] 14.50 0.328 62.70 2.256
Photo-NVS [29] 11.72 0.525 90.05 4.143
Inpainting [27] 15.09 0.312 56.08 1.647
GenWarp* [30] 15.95 0.248 29.63 0.336
PointmapDiff 15.19 0.303 38.72 0.560

Table 6. Quantitative comparisons with SoTA methods on Scan-
net++ [53]. GenWarp achieves slightly better results because it is
trained on datasets beyond RealEstate10K.

C. Additional Analysis
C.1. Multi-View Conditioning
Our method can be easily extended to condition on a set of
multiple reference images, {Ir1 , . . . , Irk}. This is achieved
by concatenating the keys and values from all the reference
images, as all point maps share the same coordinate system
(i.e., the target coordinate). This allows the model to nat-
urally integrate information from multiple reference views
and inherently decide which views it should rely more on
during generation, enhancing the quality and consistency of
the output. Formally, the key and value with multiple im-
ages guidance are obtained with the following expressions:

Kr = WK [fr1 , . . . , frk ];V r = WV [fr1 , . . . , frk ]. (14)

While our model has been trained using only one refer-
ence view, it is worth emphasizing that it can benefit from
multiple reference view conditioning without further fine-
tuning or modification. This approach helps reconstruct by
leveraging details visible in alternate views, resulting in a
more coherent and complete scene, as shown in Fig. 15.

C.2. Robust to Noisy Depth
Additionally, when leveraging off-the-shelf MDE mod-
els [2, 23], the generated depth maps Dr used for wrap-
ping and establishing point correspondences can be noisy.
However, our reference attention mechanism additionally

Source view 1 Source view 2 Target view

Prediction from
source view 1

Prediction from
source view 2

Prediction from
both source views

Figure 15. We demonstrate the results when generating viewpoints
between two source views, effectively covering occluded regions
by combining complementary information from both views. We
use red to denote hallucinated regions and green to indicate aligned
regions compared to the target view.

Source view Warped view Predicted view

Warped view Predicted view

Figure 16. Robustness to noisy depth on RealEstate10K [62] and
nuScenes [4].

injects both semantic and geometric multi-resolution infor-
mation from the reference image as a guiding signal. This
enables the model to be naturally more robust to noisy or
incomplete depth within the generative prior compared to
the explicit warping [5, 6, 25, 31] approaches. We show in
Fig. 16 a scenario where using monocular depth can lead to
ill-warping artifacts and Fig. 17 where sparsity of LiDAR
points makes inpainting infeasible. As said, PointmapDiff
demonstrates a strong ability to fill in missing regions and
correct inaccurate geometry, highlighting its capacity to un-
derstand scene structure without overfitting to misaligned
inputs.



Source view Warped view Predicted view

Figure 17. Robustness to sparse depth on KITTI-360 [15].

Source views Predicted views

Figure 18. We overlap projected LiDAR points onto the images
on KITTI-360 [15], showing that our generated views are aligned
with the geometry given by the LiDAR.

C.3. LiDAR-aligned Generation
Fig. 18 shows that by integrating LiDAR data from regions
not visible in the reference views, we can generate images
that accurately adhere to the underlying LiDAR measure-
ments, ensuring high-fidelity scene reconstruction with en-
hanced geometric consistency.

C.4. Limitations and Future Work
In this section, we discuss the primary limitations of our
work and propose some preliminary mitigation strategies
for future research. The diffusion model is trained to re-
move noise, but stochasticity persists in the final prediction.
Moreover, lossy compression of VAE can remove contents
in the prediction, particularly in small details. When using

these images to train 3DGS, this can lead to blurry results,
even in regions that are well-observed in the training ground
truths, leading to lower PSNR and SSIM during interpo-
lation. An interesting focus for future work would be to
study the uncertainty in both the 3DGS and diffusion mod-
els. This involves updating only the regions where 3DGS
is uncertain, while the diffusion model is confident, and
vice versa. Additionally, to adapt to dynamic scenes, it is
necessary to introduce a temporal dimension to the diffu-
sion model. This approach, commonly used in video diffu-
sion, could complement object movement where static point
maps cannot provide correct correspondences.
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