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Abstract. World models have demonstrated significant promise for data
synthesis in autonomous driving. However, existing methods predomi-
nantly concentrate on single-modality generation, typically focusing on
either multi-camera video or LiDAR sequence synthesis. In this paper,
we propose UniDriveDreamer, a single-stage unified multimodal world
model for autonomous driving, which directly generates multimodal fu-
ture observations without relying on intermediate representations or cas-
caded modules. Our framework introduces a LiDAR-specific variational
autoencoder (VAE) designed to encode input LiDAR sequences, along-
side a video VAE for multi-camera images. To ensure cross-modal com-
patibility and training stability, we propose Unified Latent Anchoring
(ULA), which explicitly aligns the latent distributions of the two modal-
ities. The aligned features are fused and processed by a diffusion trans-
former that jointly models their geometric correspondence and temporal
evolution. Additionally, structured scene layout information is projected
per modality as a conditioning signal to guide the synthesis. Extensive
experiments demonstrate that UniDriveDreamer outperforms previous
state-of-the-art methods in both video and LiDAR generation, while also
yielding measurable improvements in downstream driving tasks.
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1 Introduction

World models [1},|3}[12}/15/19/27-29} 34,38, 141},43,|50,|51] have made significant
progress in autonomous driving, and their powerful data synthesis capabilities
offer a promising solution for reducing the costs of data acquisition and annota-
tion. Recent studies [10,/11,/31,42/|46] have established a notable paradigm that
leverages structured scene layouts, such as 3D bounding boxes and HDMaps,
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as conditional inputs for driving data generation. The synthesized data can be
further utilized to enhance the performance of downstream tasks [22}25].

Nevertheless, existing methods primarily focus on single-modality genera-
tion, such as camera-only RGB synthesis [10H12}[21}[38}41}/42,/45\[52] or LiDAR
sequence generation [6}/16,[54,/55]. Although these approaches are able to pro-
duce highly realistic data that benefit downstream perception tasks, the inherent
single-modality nature limits their applicability in scenarios demanding diverse
multi-sensor observations. Recently, a few efforts have explored multimodal gen-
eration for autonomous driving, demonstrating the concrete potential of multi-
modal data synthesis to improve downstream task performance. However, exist-
ing methods [13}]20] typically decouple the generation of different modalities. In
such frameworks, the synthesis of one modality (e.g., LIDAR) is explicitly condi-
tioned on the output or latent representation of another (e.g., RGB). This decou-
pled architecture lacks explicit, bidirectional interaction between the RGB and
LiDAR modalities during the synthesis process, which consequently undermines
cross-modal consistency. The resulting unidirectional information flow impedes
the effective utilization of complementary sensor data, consequently degrading
the overall quality and coherence of the generated multimodal outputs.

To address this challenge, we introduce UniDriveDreamer, a single-stage mul-
timodal world model designed for autonomous driving, which enables deep fusion
and bidirectional interaction across different modalities, thereby substantially
enhancing the spatiotemporal and cross-modal consistency of synthesized out-
puts. Specifically, a LIDAR-specific variational autoencoder (VAE) is designed
to encode input range images into a latent space, while multi-view images are
processed by a video VAE [17,[36]. Furthermore, to stabilize training and en-
sure compatibility between modalities, we propose Unified Latent Anchoring
(ULA), which aligns the distribution of LiDAR latents with the prior of a pre-
trained RGB VAE via affine transformations derived from empirical statistics.
The aligned latent features are then fused and processed by a diffusion trans-
former, which jointly models both intra- and cross-modal spatiotemporal rela-
tionships. In addition, we incorporate structured scene layout information to
guide the generation process by projecting it into each modality as a condition-
ing signal. Extensive experimental results demonstrate that UniDriveDreamer
surpasses previous state-of-the-art methods (SOTA) in multimodal data synthe-
sis quality. Specifically, for video generation, UniDriveDreamer achieves an FID
of 2.81 and an FVD of 11.44. For LiDAR synthesis, it attains an MMD of 0.27
and a JSD of 0.039, corresponding to 82.3% and 45.8% relative improvements
over UniScene |20]. In addition, downstream task evaluations further confirm the
practical effectiveness of the generated data, showing relative improvements of
+1.2% in mAP and +0.7% in NDS.

Overall, our contributions can be summarized as follows:

— We propose UniDriveDreamer, a single-stage multimodal world model for
autonomous driving, which directly generates temporally consistent and ge-
ometrically coherent future observations, including multi-camera videos and



UniDrivedreamer 3

LiDAR sweeps, without relying on intermediate representations or cascaded
modules.

— We propose a LiDAR-specific VAE, capable of accurately reconstructing Li-
DAR sequences. Furthermore, to ensure cross-modal compatibility, Unified
Latent Anchoring (ULA) is proposed to align their distributions via affine
transformations based on empirical statistics, thereby stabilizing training
and ensuring cross-modal compatibility.

— Experimental results demonstrate that UniDriveDreamer not only surpasses
previous SOTA methods in multimodal synthesis quality but also delivers
significant improvements in downstream perception task performance.

2 Related Work

2.1 Unimodal Driving Scene Generation

The rapid advancement of diffusion models [1}[3H5}18},1301/36},137,39./47,/53] has
catalyzed a surge of research in driving video generation [2,/10412}|15][21}[29]
311132, |38},142,46L[52]. These methods commonly employ structured scene lay-
outs as conditional inputs to synthesize realistic driving videos, substantially
lowering the cost of data acquisition and annotation while demonstrating effec-
tiveness in enhancing downstream perception performance. Furthermore, several
approaches [26,/41,/44] have investigated the application of world models in end-
to-end autonomous driving. In parallel, as LiDAR serves as a crucial sensing
modality in driving scenarios, recent methods [6,|16,29,/54,55] have begun to
introduce generative techniques for LiDAR data synthesis. These methods typi-
cally represent LIDAR data as range images by transforming the 3D point clouds
to 2D pixel space, thereby aligning its format with that of RGB images. This rep-
resentation facilitates the application of well-established image and video gener-
ation techniques, leading to significant advancements in the field. Despite these
advances, existing approaches remain predominantly focus on single-modality
generation, thereby limiting the realization of sensor-complete autonomous driv-
ing simulation environments. To bridge this gap, we propose UniDriveDreamer,
a unified world model designed to address multimodal data synthesis in driving
scenarios, capable of jointly generating multi-view camera videos and LiDAR
sequences.

2.2 Multimodal Driving Scene Generation

To meet the demand for multimodal data in downstream tasks, recent works
[13,/201[23L[33L{49] have begun to explore multimodal data generation for driving
scenarios. For instance, UniScene |20] proposes a two-stage pipeline that first
generates an occupancy representation, then synthesizes camera and LiDAR data
conditioned on it. Following a similar cascaded philosophy, Genesis [13| employs
a dual-branch architecture, where the explicit occupancy is replaced by a latent
video representation extracted from the RGB branch, and LiDAR generation is
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Fig. 1: The overall framework of UniDriveDreamer. Our UniDriveDreamer consists of
four core components: (1) two modality-specific VAEs that encode multi-view camera
images and LiDAR range maps into a shared latent space; (2) a layout encoder that
projects structured scene layout information into corresponding latent representations;
(3) a text encoder that encode multi-view text prompts into corresponding prompt em-
beddings; and (4) a diffusion transformer that jointly models spatiotemporal coherence
within each modality and cross-modal consistency across modalities.

conditioned on these features sequentially. Despite these advances, such cascaded
or sequential paradigms lack explicit bidirectional interaction between RGB and
LiDAR during synthesis, which constrains the overall quality and consistency of
the generated multimodal outputs. In contrast, our UniDriveDreamer adopts a
single-stage architecture that enables bidirectional interaction between RGB and
LiDAR modalities throughout the generation process, facilitating deeper fusion
and more coherent multimodal synthesis.

3 UniDriveDreamer

The overall framework is illustrated in Fig. [[] Multi-view images and LiDAR
range maps are first encoded by their dedicated VAEs. The resulting latent fea-
tures are then concatenated in the channel dimension with the corresponding
modality-specific layout latent features and view embeddings. Next, the two sets
of multimodal latent tokens are concatenated along the sequence dimension and
fed directly into a diffusion transformer, which jointly models both intra-modal
spatiotemporal consistency and cross-modal alignment in the latent space. Fi-
nally, the output latent representations are decoded back into their respective
modalities, RGB video frames and LiDAR range sequences, through the corre-
sponding decoder networks.
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3.1 LiDAR VAE

In this section, we detail the training and inference process of the proposed
LiDAR-specific VAE. Notably, to facilitate the joint generation of LiDAR se-
quences and camera videos, we adopt range maps as the LIDAR representation,
since their image-like format is analogous to RGB images and thus more suit-
able for unifying the two modalities. For LIDAR generation, there is currently
no definitive paradigm in the community, while range-map-based representa-
tions have been widely adopted by existing methods, such as RangeLDM |[16]
and Cosmos-Drive-Dreams [29]. Inspired by these works, we choose range maps
to better support joint multimodal generation within a unified framework.

Training. Our LiDAR VAE preserves the same architectural backbone as the
RGB VAE proposed in [36], differing only in the number of input and output
channels, which are set to 1 instead of 3 to accommodate the single-channel
nature of range images. Following 29|, we further mitigate the inherent sparsity
of range images by repeating each row of the range map four times, yielding
an input sequence v" € RO+T)xH" W X1 The encoder of the LIDAR VAE

maps the sequence to a latent representation 2% = £(vl) € R(H%)XHTLXWTLXC,
which is subsequently decoded back into the reconstructed LiDAR video 9% =
Gz e ROA+T)XH W x1 The model is trained using the following composite
loss function:

Lvae = Atllv" — 0%|[1 + XDk (q(z"[v")|Ip(z")) + AsLipes (0™, 9%), (1)

where Dk, (+) is the Kullback—Leibler divergence between the approximate pos-
terior g(z*|v") and the standard Gaussian prior p(z") ~ N (2%;0,1), and Lyprps
is the Learned Perceptual Image Patch Similarity (LPIPS) loss [48]. Since LPIPS
is originally defined for RGB images, we replicate the single-channel range im-
ages across three channels when computing this perceptual loss term.
Inference. Once trained, the LIDAR VAE is integrated into the multimodal
world model for joint training. To stabilize training and ensure cross-modal com-
patibility, we introduce Unified Latent Anchoring (ULA), which aligns the latent
distribution of LiDAR features with that of the camera modality. Let x©, o€ be
the normalization parameters of the pretrained RGB VAE, u$,o¢ denote the
statistics computed from the current driving dataset using the RGB VAE, and
pk, ot refer the corresponding statistics from the LIDAR VAE. The calibrated
normalization parameters u", o for the LiDAR latent features are then obtained
as:
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Fig. 2: Transformer block of UniDriveDreamer.

3.2 Single-Stage Multimodal World Model

In this section, we present the detailed design of our single-stage multimodal
world model, UniDriveDreamer. As illustrated in Fig.[I] UniDriveDreamer com-
prises four key components: two modality-specific VAEs, a layout encoder, a text
encoder, and a diffusion transformer. Given an input sequence of multi-camera
videos v € RVX(I+D)IXHXWX3 anq TLiDAR sweeps v& € ROFT)XH xWhx1

C (e}
each modality is first encoded into the latent space zC € RV *(1+3)x g x ¥g=xC

2L e RO+T)X B x B %0 by its corresponding VAE. Multi-view textual prompts
are encoded using a pretrained text encoder [8]. The layout encoder and the
diffusion transformer are described in detail below.

Layout Encoder. The Layout Encoder consists of a spatial downsampling
block followed by two spatiotemporal downsampling blocks [36], aligning the
spatiotemporal compression rate of layout latents with that of the multimodal
data. Specifically, we first project structured 3D scene information, including 3D
bounding boxes and HDMap, into both camera views and LiDAR range views.
In camera views, different object categories and lane markings are distinguished
by distinct colors, while in range views, the projection yields single-channel dis-
tance values. To enable the same layout encoder to process both modalities, we
replicate the single-channel range-view layout map three times along the channel
dimension before feeding it into the encoder. The encoder then outputs multi-

camera view condition latents cgyout € RVX(H%)XHT?XWTCXC and range-view
condition latents cﬁiyout e RO+7T)x e *C which are then used to guide the
respective modality synthesis.

Diffusion Transformer. The diffusion transformer architecture comprises three
main components: (1) two modality-specific patchifying modules, (2) a shared
stack of transformer blocks, and (3) two modality-specific unpatchifying mod-
ules. In the patchifying modules, a 3D convolution with a kernel size of (1, 2,
2) followed by a flattening operation is applied to convert the camera-views
and range-view inputs into camera tokens 7C and LiDAR tokens T of shapes
(B,(V LC),D) and (B, LY D), respectively. The camera-view input is con-
structed by concatenating along the channel dimension the noisy latents zC,
view-specific embeddings emb®, layout-conditioning latents Clcayout7 and first frame
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conditioning latents ¢, .; the range-view input is formed analogously. These
two sets of modality tokens are then concatenated along the sequence dimen-
sion and fed into the shared transformer block stack. As depicted in Fig. 2]
the concatenated multimodal tokens first pass through a self-attention mod-
ule, which jointly models intra-modal spatiotemporal dependencies and enforces
cross-modal consistency. The tokens are then separated by modality. The camera
tokens are reshaped to ((B V), LS, D) and processed together with the LiDAR
tokens through a cross-attention layer that conditions the generation on textual
prompts. Subsequently, the camera tokens are reshaped back to their original
layout and concatenated with the LiDAR tokens before being passed through
a feed-forward network. After passing through the stack of transformer blocks,
the modality-specific tokens are individually transformed by their corresponding
unpatchifying modules to recover the original latent shape of each modality.

Optimization. UniDriveDreamer is optimized by using the flow matching frame-
work [9,24]. Given a timestep ¢ € [0, 1] sampled from a logit-normal distribution,

. Ty HC W€
a random camera noise zg € R(I+T) X5 x5 xC

, and a random range-view noise
L L
2 e ROFT) x5 x ¥ <0 the noisy latent z; is obtained as:
C C
z 2
a=t|d]ra-0[3). ®)

1 0

where z& and 2z denote the clean camera and LiDAR latents, respectively. The
corresponding ground-truth velocity v; is computed as:

_dZt_ Zlc—ZSJ
l/t—dt—{z%_z(lf- (4>

The model is then optimized to predict this velocity via the following objective:

L= Ezl,zmcyt U(Zt, C, t; 9) - Vt||27 (5)

where the conditioning signal ¢ comprises layout conditions, multi-view text
prompt embeddings, and first frame latents. The parameter set 6 includes the
weights of the diffusion transformer and the layout encoder.

4 Experiment

In this section, we present our experimental setup, including the datasets, im-
plementation details and evaluation metrics. Subsequently, both quantitative
and qualitative results are provided to demonstrate the superior performance of
the proposed UniDriveDreamer. In addition, ablation studies are conducted to
validate key design choices.

4.1 Experiment Setup

Datasets. The training dataset is derived from the nuScenes dataset [7], con-
sisting of 700 training sequences and 150 validation sequences. Each sequence
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Table 1: Comparison of the generation quality on nuScenes validation set.

Modality Method Camera Generation LiDAR Generation
FID | FVD | MMD | JSD |
DriveDreamer |38] 14.90 340.80 - -
DriveDreamer-2 [52] 11.20 55.70 - -
C MagicDrive [11] 16.20 - - -
AMEE - MagicDrive-V2 [10] 20.91 94.84 - -
Panacea [42] 16.96 139.0 - -
Drive-WM [41] 15.80 122.70 - -
LiDARVAE [6| - - 11.0 -
LiDAR LiDARGen 55| - - 19.0 0.160
RangeLDM |16] - - 1.90 0.054
UniScene [20] 6.12 70.52 1.53 0.072
. OmniGen [33| 21.01 - 2.94 0.105
Multimodal - s 3] 4.24 16.95 - -
UniDriveDreamer 2.81 11.44 0.27 0.039

encompasses approximately 20 seconds of recorded driving data, captured by
six surround-view cameras and a roof-mounted LiDAR. Following [38/4052|, we
preprocess the nuScenes dataset to calculate 12Hz annotations.

Implementation Details. In our experiments, camera videos are processed at
a resolution of 432 x 768 and LiDAR range maps at 32 x 1024, with a temporal
length of 17 frames. UniDriveDreamer is initialized with the pretrained weights
of Wan-2.1 T2V-1.3B [36]. The model is optimized with a learning rate of 2 x
1075, For the LiDAR VAE, we load the pretrained VAE weights from Wan-2.1
[36] and set the learning rate to 5 x 10~°. The reconstruction loss, KL divergence
loss, and LPIPS loss are weighted with coefficients Ay = 1, Ao = 1, and A3 = 0.3
respectively. Furthermore, following [36], we adopt the umT5 model [§] as the
text encoder.

Evaluation Metrics. The evaluation in this work covers three key aspects:
generation quality, LIDAR reconstruction fidelity, and downstream task perfor-
mance. To assess the quality of synthesized camera videos, we employ Fréchet
Inception Distance (FID) [14] and Fréchet Video Distance (FVD) [35]. For Li-
DAR sequences, we follow the evaluation protocol of [54] and adopt Maximum
Mean Discrepancy (MMD) and Jensen—Shannon Divergence (JSD), where the
MMD results are reported scaled by 10*. The geometric accuracy of LiDAR re-
construction is measured using Chamfer Distance and F-Score as adopted in [33].
Finally, we employ BEVFusion [25] to assess the utility of the generated data
for downstream perception and report the nuScenes Detection Score (NDS) and
mean Average Precision (mAP) for 3D object detection.
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Ground Truth

UniDriveDreamer

Fig. 3: Qualitative comparison of generated outputs with Genesis , The top row
shows the ground truth. The middle row presents results from Genesis. The bottom
row displays outputs from our UniDriveDreamer.

4.2 Main Results

In this section, we present the experimental results in three aspects: (1) the
qualitative and quantitative assessment of multimodal data generation quality;
(2) the evaluation of LiDAR reconstruction fidelity; and (3) the analysis of per-
formance gains achieved in downstream perception tasks.

UniScene UniDriveDreamer

Fig. 4: Qualitative comparison of generated outputs with UniScene . The left side
shows results from UniScene, while the right side presents outputs of UniDriveDreamer.
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UniDriveDreamer

Fig.5: Qualitative visualization of multimodal outputs generated by UniDrive-
Dreamer. In each example set, the upper row presents the ground truth, while the
lower row shows the corresponding synthesized results generated by UniDriveDreamer.

Multimodal Generation Results. As shown in Tab. [1} we compare UniDrive-
Dreamer against SOTA single-modal and multimodal methods [6} 10,11} [13]
on the nuScenes validation set [7] in terms of gen-
eration quality. These quantitative results demonstrate that UniDriveDreamer
achieves superior performance in both camera video and LiDAR sequence syn-
thesis. Specifically, for video generation, UniDriveDreamer attains an FID of
2.81 and an FVD of 11.44. For LiDAR synthesis, it yields an MMD of 0.27 and
a JSD of 0.039. These metrics correspond to substantial relative improvements
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Fig. 6: Qualitative visualization of multimodal outputs generated by UniDrive-
Dreamer. In each example set, the upper row presents the ground truth, while the
lower row shows the corresponding synthesized results generated by UniDriveDreamer.

of 82.3% in MMD and 45.8% in JSD when compared to UniScene , thereby
highlighting the significant advancements in geometric accuracy and distribu-
tional alignment achieved by our approach. Qualitative comparisons in Fig. [3]
demonstrate the superior generation quality of UniDriveDreamer. In the specific
context of LIDAR synthesis, the results of UniDriveDreamer exhibit more com-
plete ground coverage and higher geometric fidelity than those of Genesis |13],
showing closer alignment with the ground truth. Concurrently, regarding cam-
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Table 2: Comparison of the reconstruction quality on nuScenes validation set.

Method Chamfer Distance |  F-Score 1
OmniGen |[33] 0.793 0.742
UniDriveDreamer 0.154 0.900

Table 3: Multimodal generation data augmentation for 3D object detection.

Training Data mAP 1 NDS 1
Original Data 66.38 70.01
Augmented Data by UniDriveDreamer 67.18 70.53

era video generation, our method produces visually sharper and more realistic
outputs with enhanced detail preservation. Beyond the comparison with Gene-
sis, we further compare our method with UniScene in Fig. [l The results show
that UniDriveDreamer produces LiDAR generations with stronger structural
fidelity and fewer noise artifacts, while also achieving higher image quality. Ad-
ditional generated examples are presented in Fig. [5] and Fig. [6] These visual
results further demonstrate the high controllability of our model under varied
scene layouts, its robust spatiotemporal consistency across extended sequences,
and its precise cross-modal alignment between camera views and LiDAR sweeps.

LiDAR Reconstruction Results. As shown in Tab. 2] we conduct an evalu-
ation of our LiDAR VAE against OmniGen |[33] regarding LiDAR sequence re-
construction capabilities. The quantitative results demonstrate that our LiDAR
VAE substantially outperforms the current SOTA in terms of reconstruction fi-
delity, achieving a Chamfer Distance of 0.154 and an F-Score of 0.900. This cor-
responds to an improvement of approximately 80.6% in Chamfer Distance and
21.3% in F-Score over the baseline. Fig. [7] provides a visual comparison across
several distinct driving scenarios between our reconstructed LiDAR sweeps and
the ground truth. The visualization clearly demonstrates that the proposed Li-
DAR VAE preserves geometric structures effectively, thereby generating dense
and spatially coherent point clouds that exhibit a high degree of fidelity to the
original scans.

Downstream Task Results. Given that the synthesized data inherently lacks
LiDAR intensity information, we standardize the intensity channel to zero for
all data points during the downstream task training phase. Leveraging these
preprocessed real data, we train BEVFusion [25] from scratch to establish our
baseline. As shown in Tab. [3 incorporating the data generated by UniDrive-
Dreamer yields notable enhancements in downstream perception performance
relative to the baseline. Specifically, our approach increases the mAP by +0.8
and the NDS by +0.52 when compared to training exclusively with real data.
These results not only validate the effectiveness of UniDriveDreamer in enhanc-
ing perception performance for autonomous driving but also provide compelling
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Fig. 7: Qualitative visualization of LiDAR reconstruction. The upper row shows the
real LIDAR data, while the lower row presents the reconstructed point clouds from the
LiDAR-specific VAE in UniDriveDreamer.

Table 4: Effect of range-map repeat height for LiDAR reconstruction fidelity.

Repeat Height Chamfer Distance |  F-Score 1

1 0.513 0.794
0.336 0.829
4 0.154 0.900

indirect evidence of the high fidelity of its synthesized data and the robustness
of its cross-modal consistency.

4.3 Ablation Study

In this section, we conduct ablation studies to analyze two key design choices.
First, we investigate the specific effect of range-map height repetition on the
fidelity of LiDAR reconstruction.Second, we evaluate the critical impact of Uni-
fied Latent Anchoring (ULA) on both cross-modal alignment precision and the
overall quality of multimodal generation.

Effect of Range-Map Repeat Height. We investigate the influence of height
repetition in range-map encoding on LiDAR reconstruction quality. As reported
in Tab. [4] progressively increasing the number of height repetitions from 1 to
4 leads to consistent improvements in Chamfer Distance and F-Score. The best
performance is achieved with 4 repetitions, reaching a Chamfer Distance of 0.154
and an F-Score of 0.900, which validates that repeated height channels effectively
mitigate range-map sparsity and improve geometric detail recovery. In light of
these empirical findings, we formally adopt 4 repetitions as the default configu-
ration for our proposed model.
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Ground Truth

w/o ULA

w ULA

Fig. 8: Qualitative comparison of generated outputs with and without the Unified
Latent Anchoring (ULA) module. The top row displays the ground truth. The mid-
dle row illustrates results without ULA, highlighting geometric inconsistencies and
cross-modal misalignment between LiDAR points and RGB content. The bottom row
presents results with ULA showing enhanced cross-modal geometric coherence and im-
proved visual quality.

Effect of ULA. We ablate the proposed Unified Latent Anchoring (ULA) mod-
ule to examine its contribution to training stability and cross-modal alignment.
ULA is designed to unify the mathematical distributions of RGB and LiDAR
latent representations without introducing any additional learnable parameters,
thereby facilitating more effective joint multimodal training. It is worth noting
that ULA does not directly impose semantic alignment across modalities; in-
stead, the semantic correspondence is subsequently learned by the Transformer
on top of the unified latent space. As illustrated in Fig. [§] removing ULA leads
to a pronounced degradation in the consistency between generated RGB im-
ages and LiDAR outputs, indicating that explicit latent distribution alignment
is critical for improving intra-modal generation quality and maintaining robust
cross-modal coherence. Furthermore, as shown in Fig. [0} ULA accelerates model
convergence, with the training loss approaching its converged value more rapidly.
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Training Loss Comparison

w/o_ULA (raw)
W_ULA (raw)
—— w/o_ULA (smoothed)
—— W_ULA (smoothed)

Total Loss

Fig.9: Comparison of training loss curves, including both raw data and smoothed
curves. The blue curves denote the model trained without ULA, while the red curves
denote the model trained with ULA.

We further evaluate the cross-dataset robustness of ULA on the Waymo dataset.
Without ULA, the model obtains 8.62 FID and 1.54 MMD. When using ULA es-
timated from nuScenes statistics, the performance improves to 3.58 FID and 0.38
MMD, and further improves to 2.13 FID and 0.22 MMD when using Waymo-
estimated ULA statistics. These results demonstrate that ULA remains effective
across datasets and validate its importance in enabling stable and robust joint
multimodal learning.

5 Conclusion

This paper introduces UniDriveDreamer, a single-stage unified multimodal world
model. To effectively bridge the inherent modality gap between camera and
LiDAR data, our approach adopts range images as the canonical LiDAR rep-
resentation and incorporates a specifically tailored LIDAR VAE. Furthermore,
we propose Unified Latent Anchoring (ULA), a mechanism dedicated to ex-
plicit cross-modal distribution alignment, which ensures semantic consistency
across heterogeneous sensor inputs. Built upon a shared diffusion transformer,
the model directly synthesizes temporally consistent and geometrically coher-
ent multi-camera videos and LiDAR sweeps. Notably, this end-to-end genera-
tion process eliminates the reliance on cascaded pipelines or intermediate repre-
sentations, thereby streamlining the synthesis workflow. Extensive experiments
validate that UniDriveDreamer surpasses SOTA methods in both camera and
LiDAR synthesis. In the domain of video generation, our model achieves an
FID of 2.81 and an FVD of 11.44. Regarding LiDAR generation, it attains an
MMD of 0.27 and a JSD of 0.039. These metrics correspond to substantial rel-
ative improvements of 82.3% in MMD and 45.8% in JSD when compared to
the best prior work, highlighting superior geometric accuracy. Moreover, down-
stream perception tasks benefit measurably from the synthesized multimodal
data, with improvements of +0.8 mAP and +0.52 NDS, confirming its prac-
tical utility for enhancing autonomous driving systems. Our work provides an
efficient paradigm for multimodal sensor simulation, paving the way for more
data-efficient and robust autonomous driving development.
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