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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

troduce a multimodal generation framework that incorpo-
rates four major data modalities, including a novel addi-

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-
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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



each modality, while the Ordered AutoRegressive (OAR)
component aligns modalities within each scene by sequen-
tially predicting tokens in a fixed order. To maintain coher-
ence between map and ego-action modalities, we introduce
the Action-aware Map Alignment (AMA ) module, which ap-
plies a transformation based on the ego-action to maintain
coherence between these two modalities. Our framework
effectively generates complex, realistic driving scenes over
extended sequences, ensuring multimodal consistency and
offering fine-grained control over scene elements. Project
page: https://yanhaowu.github.io/UMGen.

1. Introduction

Generative models are becoming increasingly essential
across various domains [1, 12, 13, 21]. In Autonomous
Driving (AD) systems, generative models are utilized for
producing diverse driving scenes—particularly those that
are rare or not well-represented in datasets [6, 28, 31] or
real-life. More importantly, generative models can be used
to build a closed-loop simulation system that generates real-
istic interactive scenes to test AD systems without causing
potential accidents before deployment [29, 30]. Such ca-
pabilities enhance the safety, adaptability, and reliability of
autonomous driving [8, 14, 24, 27] systems when dealing
with the complexities of real-world driving conditions.

To generate comprehensive driving scenes, as described
in Tab. 1, most existing studies [7, 9] focus primarily on
generating two modalities. For instance, GUMP [9] and
TrafficGen [5] generate ego-action and agent motion within
a given static map segment; DriveDreamer [28] and GAIA-
1 [7] are capable of generating images given initial con-
ditions. While these approaches offer valuable insights,
they face some limitations. The lack of map progression
in GUMP and TrafficGen limits their realism, as real-world
driving scenes involve dynamically evolving maps from the
ego-vehicle’s viewpoint. DriveDreamer and GAIA-1 fail
to forecast traffic agent motion, which limits control over
agent behaviors and, consequently, constrains the genera-
tion of user-specific scenes.

In this work, we propose a Unified Multimodal driving
scene Generation framework (UMGen) for driving scenes,
each containing four key modalities. Our framework inte-
grates map prediction to enhance scene representation, en-
abling finer control over ego-action and agent behaviors.
Generating these modalities scene-by-scene while ensuring
consistency presents a significant challenge. To address the
diverse domains of each modality, we frame scene genera-
tion as a sequence scene prediction task. However, directly
applying an AutoRegressive (AR) model is impractical due
to the high token count from the four modalities and the
length of the video data. To address this, we decompose the
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Modalities
Methods Ego-action Map Agent Image
Drivedreamer [28] v X X v
TrafficGen [5] v X v X
GAIA-1 [7] v X X v
GUMP [9] v X v X
UMGen (Ours) v v v v

Table 1. Comparison of different driving scene generation meth-
ods across four modalities.

sequence prediction task into two stages: inter-frame pre-
diction and intra-frame prediction. For inter-frame predic-
tion, we propose the Temporal AutoRegressive (TAR) mod-
ule, which models temporal evolution across frames using
causal attention, allowing each token to be influenced only
by its past states. For intra-scene prediction, we introduce
the Ordered AutoRegressive (OAR) module, which cap-
tures relationships within each scene by enforcing a struc-
tured modality order, ensuring alignment and coherence
across modalities. Together, TAR and OAR effectively cap-
ture cross-modal dependencies over time, enhancing align-
ment while reducing computational complexity. To further
maintain consistency between ego-action and map data, we
introduce an Action-aware Map Alignment (AMA) module.
AMA applies an affine transformation, based on predicted
ego-action, to prior map features, aligning them with the
ego-vehicle’s movement. This re-alignment preserves co-
herence between ego-action and map modalities.

With these components, our model demonstrates strong
capabilities in multimodal driving scene generation, as
shown in Fig. 1, producing scene sequences that can span
up to 60 seconds in duration. Additionally, thanks to the
modality alignment capability provided by the AMA and
OAR modules, our model can create specific multimodal-
consistent scenes, like a cut-in situation, by controlling ego-
vehicle and agents’ actions.

In summary, UMGen offers several key contributions:
We introduce a novel generative framework that inte-
grates four distinct modalities—ego-action, road users,
traffic maps, and images—with the flexibility to incorpo-
rate additional modalities, enhancing the scene represen-
tation and fidelity of driving scene generation.

We design a computationally efficient AR approach, com-
prising TAR and OAR modules, to capture both inter-
frame and intra-frame dependencies, enabling realistic
scene generation with reduced computational costs.

We introduce an AMA module to apply affine transforma-
tions to map features with the ego-vehicle’s movement,
ensuring consistency between ego-action and map.

Our experimental results provide both quantitative and
qualitative evidence of our method’s effectiveness, show-
ing that UMGen enables user-defined, ego-centric scenario
generation adaptable to specific driving conditions.
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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 7" + 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
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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 DriveDreamer?2 [3 1] 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-



vehicle’s action, a traffic map, other scene agents, and the
camera image. Specifically, the ego-vehicle action a;'V rep-
resents displacements along the x and y axes, as well as
angular changes relative to the previous timestamp. The
traffic map m; depicts road layouts and situational details
surrounding the ego vehicle, while the IV, agents {atz) }Ne
represent each agent’s coordinates, size, velocity, head-
ing and category. This combination of data provides a
comprehensive view of the scene’s dynamic and static el-
ements. Finally, the camera image v; adds visual con-
text. Thus, the multimodal scene at time ¢ is defined as
s¢ = {afV my, {agl)}f\i‘l,vt}. Therefore, our task is to
learn a neural network to generate the next scene s;41, con-
ditioned on s1.;.

3.2. Framework

Throughout the following formulation, we assume the
availability of the past T' scenes as inputs to predict the
scene at the 7" + 1 timestep. The pipeline of our model is
demonstrated in Fig. 2, which comprises several core com-
ponents: Tokenization, an Ego-action prediction module,
an Action-aware Map Alignment (AMA) module, a Tempo-
ral AutoRegressive (TAR) module, and an Ordered Auto-
gressive (OAR) module. We discuss each component below.

Tokenization. The ego-action and agent attributes are
tokenized through discretization, whereas the raster map
and image data are tokenized using pretrained VQ-GAN
models [3]. Discrete tokens from modalities are arranged
in a fixed sequence within each frame: ego-action, map,
agent, and image. This sequence reflects the causal flow:
the ego vehicle’s actions modify the observable traffic map
and influence the behavior of surrounding agents. These in-
teractions are ultimately captured in the camera view. Using
this order and the tokenizer functions, we obtain the ordered
token at {—th scene as follows:

€go _ma agent _image
7 = g (St) = |:Zt5 aZt pvztg ?th £ 9 (1)
where z; € NY, N denotes the total number of to-

kens obtained by concatenating tokens from all modali-
ties and g represents the tokenizer function. Unlike vanilla
AR approaches [7] that concatenate tokens from multiple
frames into a single sequence, we maintain tokens in a
structured per-frame format. Consequently, the tokenized
scene sequence across 1’ time steps is organized as: Z =
21,22, ...,27],Z € NT*N_ where tokens of each frame
retain their intra-frame order. This structured token arrange-
ment enables parallel aggregation of temporal information,
forming the basis for subsequent modules. To ensure a fixed
token count per frame, we apply padding or jointly sample
agents across 1" frames, preserving a consistent set of ob-
jects across all frames for temporal coherence.

Token Embedding. Each token is embedded into latent
features through learnable token embedding codebooks. All
embeddings are then summed with a learnable positional
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embedding and projected to a unified dimension using a
Multi-Layer Perceptron (MLP) head:

e, = MLP (Embed(z;) + PE(i)) , €, € RP 2

where i is the position index in the token sequence of z,
PE is the learnable position embedding and Embed is the
learnable token embedding. Thus, the token sequence rep-
resenting an entire scene can be expressed as:

Nego  Megot1 N

et:[e%,...,et , € B R
es9° e ?
e?’"“,...,e?“, e?““, ,e?“], ©)
feprm) ol

where e; € RY*P and the indices ncgo, M, Mg, and ny,
correspond to the cumulative token counts for each modal-
ity. The terms e{?°, e["*”, e“"", and e,™ represent the
tokens derived from each modality at time step ¢t. More de-
tails about tokenization and token embedding can be found
in the supplementary material section B.

Ego-action Prediction. We first predict the next ego-
action e7”’,, using it as a prior for generating the remain-
ing modalities. Historical ego actions are aggregated via
a cross-attention mechanism to capture the ego vehicle’s

intentions, which is then integrated with the current envi-

map

. agent
ronment state Ep = [eT ,

,eq9ent elmd } through another

cross-attention mechanism:
ur = CApg (Q = q, K = {e[¥}

ego __
T+1 —

5LV ={ei7}),
CAeny (Q =ur, K= {ET}aV = {ET}) )

where q represents the query tokens, and C Ay and C Aepy
denote the two cross-attention blocks. This module serves
as a basic planning component.

Action-aware Map Alignment (AMA). The AMA
module is motivated by the continuity of map features
across adjacent frames: adjusting current map features
based on the ego-vehicle’s displacement offers a strong
prior for the next timestep. As a result, we first rearrange the
map feature vector e “” to obtain a spatial map represen-
tation, denoted as Fp = I'(e™?), where I' : RN=>xD
RHXWXD Here, N,, refers to the number of tokens repre-
senting the map, and H and W denote the height and width
of the resulting spatial map, respectively. An affine trans-
formation, parameterized by 6, dz, and dy (derived from
e‘%_‘ﬁl), generates a sampling grid G that maps coordinates
from the original map representation Fp to the transformed
locations. For each point (x,y) in Frp, the transformed co-

ordinates (2, y’) are given by:
! —sinf| |z dx
WIRCICROR oot I R B

Using the sampling grid G(z,y), we interpolate Fr,
producing the transformed map representation Fp &

“)

e

cos 0
sin 0



RIXWXD that represents the transformed map features. Fi-

nally, we flatten the representation Fr and add it with e/“”

—map,

to yield transformed map representation e,
e " = Flatten(F7) + e "". (6)

Inter-frame Temporal Autoregression (TAR). With
the predicted ego-action and transformed map features, the
scene state is updated as &7 = [ €777, &7 7, e7?", e/].
For previous frames, we similarly obtain the ego-action
and apply the AMA module to map features, resulting in
810 € RTXNXD A causal self-attention (CSA) block is
applied to €;.7, where each token attends only to tokens at
the same position across previous scenes:

e, =CSA (el,eh,....eh) e eRP. (1)
Where ¢ 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 hp ; for the next scene:

hry1 =SA (8], ,....80 ) hryg € (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 o, 41> the OAR
combines the previous token embedding o%i‘ll with the
TAR-derived feature hr;, incorporating temporal priors
at each prediction step. The OAR then applies a causal
self-attention block to sequentially predict each token em-
bedding o’ 1- Following this, a projection head is applied

RNXD

to 0%, ,, generating a probability vector p(TOﬁR’i) € RE,
where K represents the codebook size:

wj=of  +hill, =101, ©)

0y = CSA (w1, w2, ..., wi_1), (10)

OARD = Softmax(MLP(0%., 1)) (11)

(OAR,i)

A Top-k sampling strategy [20] is then used on p;_y
to select token z%.,, 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 p24{%, we also apply a projection head to hr 1
to obtain p%ﬁ{%. We then apply cross-entropy loss functions
to calculate the total loss:

(A — Softmax(MLP(hr 1)),
Liow = CE(ngfG zZri1) + CE(p%f?, Z741),

where C'E represents the cross-entropy loss function.

12)
13)
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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 [0, 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



Figure 3. Generated multimodal driving scenes by UMGen: The generated scenes evolve continuously from the ego vehicle’s perspec-
tive. Red Box: ego-vehicle, Green Box: cars, Orange Box: pedestrians or cyclists, Arrow: agent velocities.

number of agents decreases from numerous at the begin-
ning to fewer on narrower roads. Furthermore, the image
modality presents the corresponding visualization that re-
flects these dynamics. This capability of on-the-fly multi-
modal generation allows our approach to simulate a broader
spectrum of driving worlds. The second row of Fig 3 shows
2-second intervals of the ego vehicle passing a hotel en-
trance. Dashed boxes are used to mark the same car across
these frames, showing that its position and movement on the
map remain consistent with those in the generated images.
This multimodal consistency and temporal continuity pro-
vide a solid foundation for generating specified multimodal
scenes in the subsequent sections.

4.3. Initial Scene Generation

The ability to generate realistic initial scenes is
paramount for facilitating the generation of driving scene
sequences. To evaluate the generated initial scenes, we fol-
low the experimental setting of TrafficGen [5] and evalu-
ate the MMD score on the WOMD [4] and nuPlan [2]. As
shown in Table 2 and Table 3, our UMGen achieved lower
MMD values compared to other approaches, indicating that
it generates more realistic scenes.

4.4. User-Guided Scene Sequence Generation

The ability to generate interactive scene sequences that
replicate real-world conditions, along with control over the
ego vehicle’s movements within these scenes, is essential
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Method Position Heading  Size  Velocity
TrafficGen[5] | 0.1451 0.1325  0.0926  0.1733
LCTGen[26] | 0.1319  0.1418 0.1092  0.1938
SceneGen[25] | 0.1362  0.1307 0.1190 0.1772
UniGen[16] 0.1208 0.1104 0.0815 0.1591

Ours 0.0730  0.0550 0.0533 0.1502
Table 2. MMD results on Waymo Open Motion Dataset
Method Position Heading  Size  Velocity
TrafficGen* | 0.0926  0.0799  0.0856  0.0988
Ours 0.0828  0.0682 0.0674 0.0760

Table 3. MMD results on nuPlan. x: Results reproduced by us
under the same experimental setting

for validating AD systems. This section, therefore, focuses
on user-guided scene generation, highlighting our model’s
flexibility in adapting to diverse ego-vehicle controls and
simulating various traffic interactions.

Interactive ego-vehicle control. To illustrate the
model’s ability to control ego-vehicle actions, we present
visualization from two distinct generated scene sequences.
As shown in the first row of Fig.4, we actively control the
ego-vehicle to execute either a left turn or a right turn. The
map undergoes corresponding rotations and transformations
based on the ego vehicle’s actions, while the image modal-
ity provides a visualization of these changes. Notably, al-
though the scene observed after the right turn does not exist
in the dataset, our model generates a corresponding multi-



Turn left Turn right

Lane change

Figure 4. Generated scenes with input ego actions. The first row shows the interactive control of the ego vehicle to perform left and right
turns. The second row shows the ego vehicle, initialized with a right-turn velocity or a gradual deceleration to a stop. Red box: ego-vehicle,
green box: vehicle, orange box: pedestrians or cyclists, arrow: agent velocity.

modal scene. In another scene (second row), instead of fol- Method CR(%) . ' MMD

lowing the dataset’s ”gradual stop” action (left), we assign Posi  Size Head Vel
the ego vehicle a one-frame right-turn velocity. The model UMGen-T | 5.6 0.040 0.043 0.041 0.049
autonomously executes maneuvers of lane change and over- UMGen 5.1 0.038 0.037 0.040 0.036
taking (right), showcasing its ability to interpret intention, Table 4. MMD and collision rate results. UMGen-T represents
predict maneuvers, and update modalities. Leveraging mul- UMGen without OAR module. CR: averaged agent collision rates.

timodal generation, we observe the ego vehicle avoids colli- Vel: Velocity.
sion with the car ahead despite close proximity—an insight
that would be challenging to achieve with models restricted
to image-only predictions.

while interaction simulation enables agents to respond dy-
namically to each other. Without these capabilities, gener-
ating such situations would require manual calculations of

User-specified agent control. UMGen also provides agent positions and interactions between road users.

flexible control over other road users, enabling the gen-

eration of specific scenes. Moreover, it can simultane- 4.5. Ablation study

ously simulate how these controls impact the behavior of In this section, we analyze each component of UMGen.

other road users. For example, in the scene shown in Effectiveness of TAR. Our TAR module applies causal
Fig.5, we simulate a sudden cut-in maneuver by assign- self-attention exclusively to tokens at the same position
ing a forward-left velocity to the agent marked by yellow across historical frames, reducing the time complexity from
dashed boxes. In response, the ego-vehicle executes emer- O((TN)?) in the vanilla AR model to O(T?) for mod-
gency braking (the velocity arrow quickly turns shorter), as eling temporal dependencies, where 7' is the number of
shown in the second row, with a trailing agent (highlighted frames and N is the number of tokens per frame. This
with white dashed boxes) also decelerating in reaction to the design enhances computational efficiency and significantly
ego-vehicle’s braking. Compared to the ego’s spontaneous reduces GPU memory usage. We conducted comparative
braking action, we can also simultaneously control the ego- experiments to validate these benefits using the vanilla AR
vehicle to perform a lane change to avoid the collision, as model and UMGen, monitoring peak GPU memory usage
shown in the third row. This shows the flexible controllabil- and per-token inference time. As shown in Fig. 6, UM-
ity of our model. Notably, such agent control through speed Gen maintains stable performance, in contrast to the vanilla
settings and realistic interaction simulation are two key fea- AR model, whose GPU memory consumption and inference
tures that simplify the creation of specific scenes. Speed time increase sharply with the addition of frames, highlight-
control offers a human-like way to adjust agent behavior, ing the challenges of long-horizon scene generation.
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Original scene

Braking

Lane changes

Figure 5. Customized scenario generation by UMGen: The
first row presents the original scene from the dataset. We assign
a forward-left velocity to the vehicle highlighted by the yellow
dashed line box and the ego-vehicle spontaneously takes a brak-
ing action (second row). Alternatively, we can actively control the
ego-vehicle to perform a lane change (third row). Red box: ego-
vehicle, green box: vehicle, arrow: agent velocity.
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Figure 6. Comparison of peak GPU memory usage and per-
token inference time for the vanilla AR model and our UMGen.

Decoding without OAR. Our OAR module autoregres-
sively decodes tokens within a frame aiming to prevent in-
consistency between tokens. To analyze the impact of this
component, we created a variant of UMGen by removing
the OAR module, directly decoding from the TAR output.
This modified version, referred to as UMGen-T, was eval-
uated by generating scene sequences based on the initial
frames provided by the nuPlan validation set. Performance
was measured using the average collision rates between
agents and MMD scores on generated scene sequences. As
shown in Table 4, UMGen-T exhibits higher MMD values,
indicating that its generated scenarios appear less realistic.
More importantly, the elevated agent collision rates suggest
that UMGen-T struggles to effectively capture intra-frame
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Without AMA
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X 1 1.8 m/s
y 102 m/s
yawl—FL_10.02 rad/s

X L 1.7 m/s
y T 10.15 m/s
yaw—F10.02 rad/s

Figure 7. Map predictions with and without the AMA module.
The bar below illustrates the ego vehicle’s velocity over time.

token relationships, resulting in more frequent conflicts.

Improved coherence by AMA module. Given the role
of the AMA module in maintaining map consistency rela-
tive to the ego vehicle’s movement, we conducted experi-
ments to assess its impact. We trained an alternative model
without this module. As illustrated in Figure 7, we apply a
forward-right velocity to the ego-vehicle while it was trav-
eling along a straight road. With the AMA module enabled,
the map adjusts accurately to reflect the ego-vehicle’s ac-
tions. In contrast, without the AMA module, the map re-
veals a lack of responsiveness. This experiment underscores
the importance of the AMA module in enhancing coherence
between ego actions and map modalities.

5. Conclusion and Discussion

Conclusion. We have presented UMGen, a generative
framework that enhances multimodal driving scene genera-
tion by integrating ego-action, road users, traffic maps, and
images. Addressing existing limitations, UMGen formu-
lates scene generation as a sequence prediction task, uti-
lizing Temporal AutoRegressive (TAR) and Ordered Au-
toRegressive (OAR) modules to achieve temporal coher-
ence and cross-modal alignment with reduced computa-
tional costs. Additionally, we introduce an Action-aware
Map Alignment (AMA) module to ensure consistency be-
tween ego-action and map data by dynamically aligning
map features with the ego-vehicle’s movement. Experimen-
tal results have demonstrated the effectiveness of UMGen in
generating diverse and realistic scenarios. In addition, it
has been experimentally validated that UMGen can gener-
ate user-specified scenarios by controlling both the ego ve-
hicle and other vehicles. This further highlights its potential
as an interactive closed-loop simulator for AD systems.

Discussion. Building on this, to further improve the
quality of the generated images, one promising approach
is to incorporate generated multimodal scenes as conditions
for a diffusion model [18, 22]. Results demonstrating this
approach are provided in the Appendix.
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