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Figure 1. An overview of our proposed driving scene generation paradigm − UMGen. Starting from a random initialization (a) UM-
Gen generates ego-centric, multimodal scenes frame-by-frame. Each scene encompasses four modalities: ego-vehicle action, map, traffic
agent, and image; (b) UMGen offers multiple functions. It can autonomously generate multimodal scene sequences based solely on its
own historical context, but also predict other modalities based on input ego-vehicle actions provided by users. Furthermore, UMGen can
incorporate user-specified agent actions to create customized scene sequences. In three scene sequences, arranged from top to bottom, we
demonstrate the ego vehicle autonomously driving straight through an intersection, executing a user-defined right turn, and encountering
scenes where a user-specified white car cuts in front of it. For better visualization, a portion of the map in the last row is zoomed in.

Abstract

Generative models in Autonomous Driving (AD) enable di-
verse scenario creation, yet existing methods fall short by
only capturing a limited range of modalities, restricting
the capability of generating controllable scenes for com-
prehensive evaluation of AD systems. In this paper, we in-

troduce a multimodal generation framework that incorpo-
rates four major data modalities, including a novel addi-
tion of the map modality. With tokenized modalities, our
scene sequence generation framework autoregressively pre-
dicts each scene while managing computational demands
through a two-stage approach. The Temporal AutoRegres-
sive (TAR) component captures inter-frame dynamics for
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Figure 2. Pipeline of our UMGen. Given T past frames of multimodal driving scenes, including ego-action, map, traffic agents, and
image in each scene, each modality is tokenized into discrete tokens. The token embeddings are then processed through the Ego-action
Prediction module, which forecasts the ego-action for T + 1 time step. Using this predicted ego-action, the AMA module adjusts the map
features. Next, the TAR module aggregates temporal information across sequences, while the OAR module ensures sequential modality
prediction within each frame by autoregressively generating each token conditioned on the aggregated history information. Finally, the
predicted tokens are fed to the decoder to obtain the next scene.

2. Related Work

Autoregressive generative models. In recent years, AR
generative models have achieved significant success in natu-
ral language processing and image generation, as evidenced
by models such as GPT-2 [20] and VQGAN [3]. This
architecture has since been adapted for autonomous driv-
ing scene generation, with methods like [19, 23, 32] lever-
aging it to predict agent behaviors, and GAIA-1 [7] ap-
plying it to generate high-quality driving videos sequen-
tially. Our model, however, extends beyond generating
limited-modality data by targeting the generation of mul-
timodal data that collectively compose driving scenes. This
extension results in a substantial increase in token count,
especially as the number of scene frames grows, mak-
ing the vanilla AR [7] approach—where tokens from dif-
ferent scene frames are concatenated into a single se-
quence—computationally prohibitive. Additionally, ap-
plying the AR mechanism solely along the temporal di-
mension—without incorporating an intra-frame AR mecha-
nism—may lead to inconsistencies across modalities within
the same frame [23, 32]. By contrast, our method consists
of parallel inter-frame temporal prediction with intra-frame
AR decoding which balances efficiency and consistency to
enable multimodal driving scene generation.

Driving scene sequence generation. Traditional meth-
ods rely on hand-crafted rules [2, 11, 14, 15] to generate
driving scenes, limiting their ability to capture the diver-
sity and realism of the real world. Recently, data-driven

deep learning approaches have gained traction, but most
focus on generating a limited set of modalities. For ex-
ample, models like [10, 16, 26, 32] generate diverse agent
trajectories based on map segments but fail to handle the
emergence and disappearance of agents. GUMP [9] ad-
dresses this challenge through a GPT-like [20] generative
framework. However, the lack of map generation confines
trajectories to specific map segments with static perspec-
tives, which differs from the real world, where vehicles are
observed from the dynamic viewpoint of the ego-vehicle.
While DriveDreamer2 [31] addresses this limitation by gen-
erating maps, it employs two separate networks for map and
video generation, resulting in the loss of explicit per-frame
control. Other models [6, 7, 17, 28], like Dreamforge, pro-
duce videos based on predefined traffic dynamics, which
restricts interactivity and user-defined scene generation. In
contrast, UMGen generates four essential modalities—ego-
action, map, agent, and image—enriching scene representa-
tion within a unified framework and providing finer control
over user-specific scene sequence generation.

3. Method
3.1. Problem Setup

Our method generates multimodal driving scenes in an
autoregressive scene-by-scene manner, starting from either
a provided or self-generated initial scene sequence. To
achieve this, we tokenize each scene element into sequen-
tial tokens, transforming the generation process into a scene
token prediction task. These elements include the ego-





RH�W�D that represents the transformed map features. Fi-
nally, we flatten the representation F̄T and add it with emap

T

to yield transformed map representation ēmap
T :

ēmap
T = Flatten(F̄T ) + emap

T . (6)

Inter-frame Temporal Autoregression (TAR). With
the predicted ego-action and transformed map features, the
scene state is updated as ēT = [ eego

T+1, ēmap
T , eagent

T , eimg
T ].

For previous frames, we similarly obtain the ego-action
and apply the AMA module to map features, resulting in
ē1:T 2 RT�N�D. A causal self-attention (CSA) block is
applied to e1:T , where each token attends only to tokens at
the same position across previous scenes:

ēi
T+1 = CSA

(
ēi
1, ēi

2, . . . , ēi
T

)
, ēi

T+1 2 RD. (7)
Where i denotes the token’s position. This design cap-
tures temporal dependencies efficiently by processing to-
kens in parallel, thereby avoiding the computational costs
associated with performing attention mechanism on the
long sequence generated by token concatenation [7]. Sub-
sequently, a bidirectional self-attention (SA) block facili-
tates information exchange between tokens within the same
scene, yielding a coarse prediction hT+1 for the next scene:

hT+1 = SA
(
ē1
T+1, . . . , ēN

T+1

)
, hT+1 2 RN�D. (8)

Intra-frame Ordered Autoregression (OAR). The
OAR module leverages TAR predictions as temporal priors
to enhance inter-frame continuity while maintaining intra-
frame consistency through GPT-like autoregressive decod-
ing. To predict the i th token embedding oi

T+1, the OAR
combines the previous token embedding o1:i�1

T+1 with the
TAR-derived feature hT+1, incorporating temporal priors
at each prediction step. The OAR then applies a causal
self-attention block to sequentially predict each token em-
bedding oi

T+1. Following this, a projection head is applied
to oi

T+1, generating a probability vector p
(OAR,i)
T+1 2 RK ,

where K represents the codebook size:
wj = oj

T+1 + hj+1
T+1, j = 1, . . . , i� 1, (9)

oi
T+1 = CSA (w1, w2, . . . , wi�1) , (10)

p
(OAR,i)
T+1 = Softmax(MLP(oi

T+1)). (11)

A Top-k sampling strategy [20] is then used on p
(OAR,i)
T+1

to select token ziT+1, which is transformed into embed-
ding for the next prediction. This autoregressive structure
aligns tokens contextually, preventing conflicts and enhanc-
ing modality coherence.

Loss functions. Additional to the OAR predicted token
probability pOAR

T+1 , we also apply a projection head to hT+1

to obtain pTAR
T+1 . We then apply cross-entropy loss functions

to calculate the total loss:
p
(TAR)
T+1 = Softmax(MLP(hT+1)), (12)

Ltotal = CE(pOAR
T+1 , zT+1) + CE(pTAR

T+1 , zT+1), (13)

where CE represents the cross-entropy loss function.

4. Experiments

Our experiments evaluate the effectiveness of UMGen in
both multimodal driving scene sequence generation and
user-guided specific scene sequence generation. We also
demonstrate that our model can generate realistic initial
scenes, serving as the starting point for sequence genera-
tion. Finally, we conduct ablation studies to confirm the
critical role of each module.

4.1. Experimental Settings

Training details. We randomly select a 21-frame se-
quence at each iteration, allowing the model to leverage up
to 20 past frames. The training process is conducted over
300 epochs on 32 RTX4090 GPUs for two days.

Evaluation details. Our experiments leverage two pub-
lic datasets: nuPlan [2] and the Waymo Open Motion
Dataset (WOMD) [4]. We assess the realism of the gen-
erated initial scenes using Maximum Mean Discrepancy
(MMD) [5, 16, 26] scores, following the experimental setup
in TrafficGen [5] on both nuPlan and WOMD datasets.
The MMD metric quantifies the distributional divergence
between the generated and ground-truth agent attributes.
When generating initial scenes, we temporarily discard the
TAR module since there is no temporal information needed.
We present visualizations of the generated multimodal driv-
ing scene sequences based on the provided initial frames
from nuPlan, verifying both the generation of diverse mul-
timodal scenes and user-specified scene segments. For as-
sessing the computational efficiency of the TAR module rel-
ative to the vanilla AR approach, we measure the per-token
inference time and peak GPU memory usage during infer-
ence. To verify the efficacy of the OAR module in main-
taining token consistency, we use both the MMD metric
and the average collision rate (CR) among generated road
users. Lower CR values indicate reduced conflicts between
tokens, demonstrating better consistency. Further training
and evaluation details are provided in the Appendix.

4.2. Driving Scene Sequence Generation
Unlike other methods that rely on supplementary condi-

tions and generate limited modalities [6, 9, 28], our model is
capable of generating diverse multimodal scene sequences
from only given initial frames. To demonstrate the dynamic
evolution of our multimodal scenes, as well as the tempo-
ral and multimodal consistency of the generated scenes, we
present two video samples at different time intervals.

As shown in the first row of Fig 3, we display the gener-
ated scenes at 15-second intervals, showing how all modal-
ities evolve as the ego-vehicle moves. Specifically, the ego
vehicle performs maneuvers such as lane changes, turns,
and straight driving. The map modality generates a vari-
ety of road elements, including intersections, curves, and
straight paths according to the ego vehicle’s movement. The
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