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Figure 1. Driving as next token prediction. Our DrivingGPT treat interleaved discrete visual and action tokens of a driving sequence as a
unified driving language and leverage multimodal autoregressive transformers to simultaneously perform world modeling and end-to-end
planning by standard next token prediction given historical driving tokens. The red rectangle in planning denotes the ego car and the blue
line is the generated trajectory while the brown line is the human driving trajectory.

Abstract

World model-based searching and planning are widely rec-
ognized as a promising path toward human-level physical
intelligence. However, current driving world models pri-
marily rely on video diffusion models, which specialize in
visual generation but lack the flexibility to incorporate other
modalities like action. In contrast, autoregressive trans-
formers have demonstrated exceptional capability in mod-
eling multimodal data. Our work aims to unify both driving
model simulation and trajectory planning into a single se-
quence modeling problem. We introduce a multimodal driv-
ing language based on interleaved image and action tokens,
and develop DrivingGPT to learn joint world modeling and
planning through standard next-token prediction. Our Driv-
ingGPT demonstrates strong performance in both action-
conditioned video generation and end-to-end planning in
the VQ token space for the first time, outperforming strong
baselines on large-scale nuPlan and NAVSIM benchmarks.

1. Introduction

Driving world models [19, 27, 31, 61, 64, 75] have gained
significant attention as model-based searching and planning
are widely considered essential paths toward human-level
physical intelligence [34]. These models serve multiple
purposes, including training data augmentation, rare sce-
nario generation, and contingency planning. Most current
world models are developed by fine-tuning existing diffu-
sion models [1, 47], leveraging the generalization capabil-
ities of video generation foundation models. Control sig-
nals—such as text, layout, and driving maneuvers—are in-
corporated through two main approaches: cross-attention
between spatial features of diffusion models [36] and con-
trol signal features, or channel-level feature modulation
techniques like AdalLN [43] and FiLM [44].

Despite advances in driving world models, a fundamen-
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tal challenge persists: the seamless integration of world
modeling and planning in a differentiable framework re-
mains largely unresolved, thereby limiting the full poten-
tial of differentiable model-based planning. World models
currently base primarily on video diffusion architectures,
limiting their ability to generate multiple modalities such
as text and action sequences. As a result, achieving true
end-to-end integration of driving planning and world mod-
eling within the diffusion model framework continues to be
a significant technical challenge. These limitations motivate
us to explore alternative architectures that naturally handle
multi-modal inputs and outputs and enable end-to-end dif-
ferentiable planning.

In contrast to diffusion models, autoregressive trans-
formers with next-token prediction training targets have
demonstrated exceptional modeling ability in a wide range
of tasks tasks including language modeling [5, 16, 54, 59],
visual question answering [39, 60], image generation [42,
46, 50, 58, 73], video prediction [20, 62, 69, 70], sequential
decision making [9, 48] and robot manipulation [3, 4, 8, 41].
The natural ability of autoregressive transformers to handle
sequential data and multiple modalities makes them partic-
ularly promising for integrated model-based driving plan-
ners.

In this work, we aim to leverage the modeling capabil-
ities of autoregressive transformers for both world model-
ing and trajectory planning in driving tasks. Specifically,
we formulate visual driving world modeling and end-to-end
driving trajectory planning as a unified sequence modeling
problem. We transform driving video frames into discrete
tokens using pretrained VQ-VAEs [58]. Similarly, we con-
vert driving trajectories into frame-to-frame relative actions,
which are then quantized into discrete bins. We design a
multi-modal driving language by unifying the image and ac-
tion vocabularies, interleaving image and action tokens on
a frame-by-frame basis. We use a Llama-like DrivingGPT
architecture with frame-wise 1D rotary embeddings [49]
to model the multi-modal driving language through stan-
dard next token prediction. Our DrivingGPT demonstrates
strong performance for both world modeling and planning
tasks while using 1/100 computation and data of previous
methods like GAIA-1 [27]. In terms of video generation,
our method surpasses the strong SVD baseline [1], out-
performing it in metrics such as FID and FVD. Addition-
ally, since video generation in DrivingGPT is jointly trained
with the planning task, our approach exhibits a more ac-
curate understanding of action conditions when generating
long-horizon videos, as shown in Figure 3. Experiments on
the challenging NAVSIM benchmark [15] further demon-
strate the effectiveness of the proposed multi-modal driv-
ing language as a training target for planning and shows
comparable performance with state-of-the-art planners [37].
Our DrivingGPT outperforms the prevalent visual encoder
with an MLP trajectory decoder planner in terms of driving
scores.

In summary, our key contributions are as follows:

* We propose a multi-modal driving language that unifies
the visual world modeling and the trajectory planning
problems into a sequence modeling task.

* We design a DrivingGPT model that successful learns
these two tasks via next token prediction simultaneously
for the first time in driving.

* Our DrivingGPT shows strong performance against es-
tablished baselines both for action-conditioned video gen-
eration and end-to-end planning on large-scale real-world
nuPlan and NAVSIM datasets.

2. Related Works

2.1. World Models for Autonomous Driving

World models [23, 24, 34] have gained significant attention
in autonomous driving, aiming to predict different future
states based on actions. Existing work primarily focuses
on generation, whether in 2D video forecasting [19, 27, 31,
61, 63, 64, 71] or 3D spatial predictions [21, 66, 75-77].
Among these, visual modeling has received considerable
attention due to its richer and more human-like representa-
tional forms. Drive-WM [64] further explores the use of fu-
ture visual feedback to guide an end-to-end planner. Except
GAIA-1 [27] which features an autogressive next visual to-
ken predictor with an additional diffusion image decoder,
most of the previous works build on the diffusion mod-
els [1, 47]. Although diffusion models have achieved more
realistic visual qualities, they still face challenges regarding
temporal consistency and longer video generation. More-
over, no previous world modeling works have explored the
joint prediction of action and vision modalities. In this pa-
per, we explore autoregressive multimodal prediction, uni-
fying planning and video generation within a single model
that can simultaneously output predictions of future states
and actions.

2.2. Generation with Autoregressive Models

Early works explored the direct autoregressive generation of
images at the pixel level [56, 57]. Inspired by VQVAE [58],
many methods [18, 35, 74] have encoded continuous im-
ages into discrete tokens. Recently, several approaches have
drawn on the success of the next-token prediction paradigm
used in large language models [54], applying it to image
and video generation. In image generation, LlamaGen [50]
employs a language model architecture to demonstrate that
simple next-token prediction can produce high-quality im-
ages. Additionally, VAR [53] adopts a next-scale predic-
tion generation paradigm, distinguishing itself from the se-
quence modeling approach of traditional language models.
In video generation, Loong [65] proposes progressive short-
to-long training, exploring the auto-regressive generation of
long videos. Meanwhile, VideoPoet [33], Chameleon [52],
and Emu3 [62] focus on multi-modal generation, integrat-
ing language comprehension with visual generation through
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the use of discrete tokens. In this paper, we adopt the multi-
modal auto-regressive paradigm, and simultaneously output
video generation and planning.

2.3. End-to-end Autonomous Driving

End-to-end autonomous driving [2, 10, 14, 29, 32, 45, 68]
has gained significant attention for its ability to directly gen-
erate vehicle motion plans from raw sensor inputs. From the
evaluation benchmark, existing methods can be categorized
into open-loop and closed-loop settings. For closed-loop
evaluations, A broad body of research [11-13, 26, 28, 30]
conducts evaluations in simulators, such as CARLA [17],
nuPlan [7] and Waymax [22]. Recently, developing end-to-
end models on open-loop benchmarks has gained growing
attention. On the nuScenes [6] benchmark, UniAD [29] in-
troduces a unified framework that integrates multiple driv-
ing tasks and directly generates planning outputs. VAD [32]
advances vectorized autonomous driving, achieving im-
proved performance. PARA-Drive [67] designs a fully par-
allel end-to-end autonomous vehicle architecture, achiev-
ing state-of-the-art performance in perception, prediction,
and planning, while also significantly enhancing runtime
efficiency. SparseDrive [51] explores the sparse representa-
tion and proposes a hierarchical planning selection strategy.
In this paper, unlike previous BEV-based planning frame-
works, We have innovatively explored an autoregressive
model paradigm trained using world models, and evaluate
it in an open-loop setting on the NAVSIM benchmark [15].

3. Driving as Next Token Prediction

Autoregressive transformers trained for next-token predic-
tion have demonstrated remarkable capabilities in diverse
domains. In this work, we harness the power of autore-
gressive transformers for autonomous driving by combin-
ing world modeling and trajectory planning. Different from
previous autoregressive world models like GAIA-1 [27],
our approach converts both visual inputs and driving actions
into a discrete driving language, enabling unified modeling
through autoregressive transformers, as illustrated in Fig-
ure 2.

3.1. Problem Formulation

Like many other tasks, the driving problem can be formu-
lated as a Markov Decision Process (MDP), which is a gen-
eral mathematical framework for decision making in envi-
ronments with partially random outcomes. An MDP com-
prises a state space .S that reflects all states of the ego vehi-
cle and the environment, an action space A, a random tran-
sition function P(s;11|8¢, a;) that describes the probability
distribution of all possible outcomes given the state and ac-
tion at time ¢, and a scalar reward function R(S¢41]|8¢, at)
that shapes the optimal action to take under certain states.
In most real-world applications, we can only perceive noisy
observations o, instead of the underlying states s;. There-

fore, an observation probability function Z(o¢|s;) is intro-
duced, and the MDP becomes a partially observable MDP
(POMDP).

Both the end-to-end policy 7(a|o:) that predicts fu-
ture trajectories and the observation space random transition
function P(0441]0¢, a;) that models driving world dynam-
ics are of great importance in autonomous driving. We seek
to unify these two challenges into a single sequence model-
ing task.

3.2. Multimodal Driving Sequence Modeling

Inspired by natural language modeling, a general
driving sequence could be represented as a se-
ries of time-synchronized observation-action pairs
01,a1,09,0a2,...,0:,a; with a time horizon of 7.
Here we need to tokenize both the observation o; and
the action a; into discrete tokens and form a multi-
modal driving language before we leverage autoregressive
transformers for next token prediction.

Observation Tokenization To make our method simple,
we only include the front camera image o; € R3*#*W in
our observation space, leaving more advanced sensor setups
like surrounding cemaras, LiDARs and IMUs for future
exploration. Although pixel-level transformers [42] have
shown great potential in modeling images, we still need
to strike a balance between the information loss in image
compression and the limited context length of transformers
when dealing with long driving sequences. To incorporate
more frames into our sequence modeling, we leverage VQ-
VAE [18] for down-sampling images o; of shape H x W
into image tokens z; = {z;;|j = 1,..., HW/S?} of shape
H/S x W/S and of vocabulary size D, here z;; denotes the
7-th token of the ¢-th image.

Action Tokenization What set our method apart from
existing driving world modeling works is the ability to
generate future driving actions. Unlike most end-to-end
driving planners [29, 32] mp(@s.14 N |@<t, S<¢) which pre-
dicts a whole driving trajectory spanning a horizon of
future N timesteps. The causal nature of our next to-
ken prediction formulation prohibit us from construct-
ing a driving sequence with a long action horizon like
01,a1,Qa2,...,aN,02,02,Q3,...,GN+1,-.. as both fu-
ture observations and actions gaining too much privileged
information from history actions. If we use a action hori-
zon of N, the last history action will contains all future
driving actions until timestep N — 1, causing the model
just learn to copy history actions instead of learning to
drive based on observation. So instead of predicting a long
horizon absolute driving trajectory (a¢, @i41, ..., Q14 N) =
(Tyr1—t, Tiva—ty - -, Ty N+1—31), We predict a frame-
wise relative driving trajectory (a;, @¢i1,...,ai4n) =
(Try1—t, Teva—stt1, - Ty Nr1—e4n), here Ty =
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Figure 2. Detailed network architecture and data flow of DrivingGPT. Front camera driving images are tokenized by VQ-VAE and
driving actions are tokenized via component-wise binning. Image tokens and action tokens are interleaved to form a driving language.
Standard LLM architecture and next token prediction training strategy are used. The predicted image tokens are grouped and decoded back
to image via VQ-VAE decoder while the predicted action tokens are unbinned to get the driving trajectory.

(Azi;, Ay,;, Ab;;) denotes the longitudinal translation, lat-
eral translation and yaw rotation between timestep ¢ and
j respectively. We quantize a; into action tokens by first
clamping each action component between their 1st and
99th percentile @; = min(max(a;,a'), a®"), here a =
{z,y, 0} denotes different action components. We then ob-
tain action tokens g, by dividing clamped action compo-
nents uniformly into M bins ¢, = |(a; — a'*)/(a”® —
a') x (M — 1)]. Since z, y, 0 are of varying magnitude
and units, we quantize these three action components with
different vocabularies to minimize the information loss.

Unified Visual Action Sequence Modeling We construct
a unified driving language given the tokenized driving se-
quences like z1,q;, 22, qs, - . ., 2T, g Where z, stands for

. HW/S? .
images tokens {z;; } j=1'~ and g, stands for action tokens

{qux}3_,, and then leverage an autoregressive transformer
with causal attention masks for modeling driving as next
token prediction.

We treat the visual modality and the action modality as
different foreign languages and use a unified vocabulary
for driving. The visual modality has a vocabulary size of
D which is the codebook size of the VQ-VAE. The action
modality has a vocabulary size of 3M where the M is the
bin size of each action component and 3 denotes different
action components. So our multimodal driving language
has a vocabulary size of D + 3M. We apply frame-wise
1D rotary embedding [49] for both the image and the ac-
tion tokens. The autoregressive transformers py then learn
to model the unified token sequence = € {z U g} with stan-

dard cross entropy loss

> —log(po(ilzar). (1)

t

Although the driving language model looks simple in
its form, it explicitly incorporate both the driving world
modeling py(z¢|2<+,q.,) and the end-to-end driving
Po(q.|2<t, g;) as its sub-tasks.

Integrating Action into Trajectory Since we use the
frame-to-frame relative actions in our driving language, we
need to integrating them back to get the absolute driving
trajectories. We perform the integration by first covert the
predicted action {qi} = (24, ys,6;) into a 2D transforma-
tion matrix

cosl; —sinb; x;
Tiv1¢e = |sin€,  cosby  y| . 2)
0 0 1

We then obtain the absolute pose Tiyx—s¢ =
0% Tyii—erio1 by consecutive multiplying —these
relative pose matrices and convert it back to absolute
actions accordingly.

4. Experiments

4.1. Implementation Details

Training. Both nuPlan and NAVSIM record camera im-
ages of 900 pixels height and 1600 pixels width. We resize
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Figure 3. Comparison of long Videdgéneration. We showcase a 64-frame (32-second) sequence géﬁ%)rated on the navtest dataset. (a) SVD
fine-tuning methods often exhibit limitations in generating long videos, frequently repeating past content, such as indefinitely remaining at
ared light. Conversely, (b) our DrivingGPT demonstrates superior performance in generating long, diverse, and visually appealing videos.

the original image to 288 x 512 while keeping the aspect ra-
tio. We the same model structure as LlamaGen [50] which
features the same SwishGLU and FFN dimension design
as the original Llama [54]. We use VQVAEs with spatial
downsample rates of either 8 and 16 for tokenizing images,
which lead to either 2304 or 576 image tokens for each
front camera image. For nuPlan we use a clip horizon of
16 frames at 10Hz and for NAVSIM we use 12 frames in-
cluding 4 history and 8 future frames at 2Hz by following
the official evaluation protocol. We use an image vocabu-
lary size of 16384 and an action vocabulary size of 128 per
action component, so the total vocabulary for our driving
language is 16768. We use the standard cross entropy loss
for next token prediction. We use the AdamW optimizer
with a learning rate of 10~%, a weight decay of 5 x 1072
and 0.9/0.95 for first/second order momentum. We clip the
total norm of gradients to 1.0 and use a token-level dropout
rate of 0.1 for regularization. We apply random horizon im-
age flip as an augmentation before image tokenization and
the way points and yaws in actions are flipped accordingly.
Models are trained for 100k iterations by default with a total
batch size of 16. Our DrivingGPT contains 110M parame-
ters for the transformers and uses no ViT visual encoder. A
full training could be done on a §x L20 GPU server within
12 hours.

Inference. We sample the image tokens with a tempera-
ture of 1.0 and a top-k of 2000. Since our driving language

contains both image and action vocabularies, we adopt a
guided sampling scheme by masking the logits of foreign
vocabularies to avoid occasionally sampling tokens of other
modalities when the temperature is high. For long video
generation, we produce 16 frames at a time, conditioned on
the previous 8 frames.

4.2. Datasets and Metrics

nuPlan [7]. The dataset offers a diverse range of driving
scenarios spanning 1282 hours across four cities: Singa-
pore, Boston, Pittsburgh, and Las Vegas. Due to the large
scale of the full sensor dataset, only a subset comprising 128
hours of data has been released. It supports both open-loop
and closed-loop evaluation and provides rich sensor data,
including LiDAR point clouds and images from 8 cameras.
Similar to nuScenes [6], nuPlan provides detailed human-
annotated 2D high-definition semantic maps of the driv-
ing locations. For our experiments, we focus solely on the
front-view camera images.

NAVSIM [15]. The NAVSIM dataset is constructed by re-
sampling the original 10Hz data from nuPlan [7] to 2Hz. It
is split into two sets: navtrain, containing 1,192 scenarios
for training and validation, and navtest, comprising 136 sce-
narios for testing. It also support rapid testing on navmini,
with 396 scenarios in total that are independent of both nav-
train and navtest.
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Model Type Fine-tune Dataset FVD] FID|
SVD [1] Diffusion - 483.76  27.80
CogvideoX [72] Diffusion - 848.87 31.78
SVD [1] Diffusion navtrain 227.54 24.03
DrivingGPT Autoregressive navtrain 142.61 12.78

Table 1. Video generation comparison on the navtest. Our model, trained from scratch, surpasses previous methods in video quality.

Planning Metrics. We evaluate end-to-end planning per-
formance on the NAVSIM benchmark [15] and report the
PDMS. The Predictive Driver Model Score(PDMS) is a
combination of five sub-metrics: No At-Fault Collision
(NC), Drivable Area Compliance (DAC), Time-to-Collision
(TTC), Comfort (Comf.), and Ego Progress (EP). They pro-
vide a comprehensive analysis of different aspects of driv-
ing performance. All metrics are computed after a 4-second
non-reactive simulation of the planner output. We mea-
sure the performance of end-to-end planning on the navmini
split.

World Modeling Metrics. The quality of video gen-
eration is assessed using the Frechet Video Distance
(FVD) [55] and the Frechet Inception Distance (FID) [25].
We select 512 videos in the navtest for fast visual quality
evaluation.

4.3. Video Generation

Comparison of Generated Videos on navtest. We pro-
vide the quantitative comparison with several methods on
the navtest in Table 1. As many video models only re-
lease model weights, we compare our method with their
publicly available models. We found that both SVD [1]
and CogvideoX [72] tend to generate subtle movements,
which results in poor performance in driving scenarios. To
ensure a fair comparison, we fine-tune the SVD model on
the navtrain set. Previous video models typically rely on
diffusion-based approaches, while our method is a pioneer
in autoregressive video generation. Notably, our model,
trained from scratch, surpasses previous methods in video
generation quality.

Long Video Generation. One of the key advantages of
autoregressive models is their ability to generate long-
duration videos by effectively leveraging historical infor-
mation, resulting in more coherent video generation. In this
experiment, we selected 512 video clips, each containing
more than 64 frames, from the navtest dataset for evalua-
tion. While the SVD method struggles to maintain quality
when generating longer sequences, as evidenced in Table 2,
our method demonstrates a remarkable ability to produce
high-quality long-term sequences. The fixed frame num-
ber training limitation of SVD leads to a significant drop in
image and video quality for longer sequences. In contrast,

our method consistently produces high-quality images and
achieves a lower FVD score, indicating a more stable and
superior performance.

Moreover, compared to previous diffusion-based meth-
ods, our approach can generate more diverse and reasonable
scenes. As shown in Figure 3, SVD fine-tuning methods of-
ten get stuck repeating past content when generating longer
videos, such as being stuck at a red light for an extended pe-
riod. In contrast, autoregressive methods exhibit significant
advantages in generating long videos, leading to notable im-
provements in both scene content and video quality.

Model Metric 16 Frames 32 Frames 64 Frames
SVD FID 30.48 35.57 46.45
FVD 418.93 786.68 1079.28
.. FID 15.04 16.30 20.45
DrivingGPT — pypy 57513 45428 506.95

Table 2. Long video generation comparison. The evaluation is
conducted on the navtest set with 512 clips.

Mitigating Object Hallucination. Beyond long video
generation, another advantage of our method lies in its mit-
igation of object hallucination phenomena. As depicted in
Figure 4, diffusion-based methods, due to their lack of his-
torical information, often suffer from the sudden appear-
ance (red box) and gradual disappearance (green box) of
objects. In contrast, our autoregressive approach maintains
superior consistency.

4.4. End-to-end Planning

Our DrivingGPT’s ability to jointly predict future images
and driving actions allows for end-to-end planning perfor-
mance evaluation. To rigorously evaluate the performance
of our planner, we choose the more challenging NAVSIM
benchmark, which is curated to provide more diverse driv-
ing maneuvers than previous nuScenes and nuPlan bench-
marks. Furthermore, in light of recent discussion [38] that
using the ego status will provide too much privileged in-
formation to the planner, we deliberately choose to exclude
it from our driving language. Following the NAVSIM set-
ting [15], we condition on the past 2 seconds of obser-
vations and actions to predict 4-second future trajectories.
As shown in Table 3, our DrivingGPT shows a non-trivial
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Figure 4. Object hallucination. Top: Diffusion-based methods often exhibit object hallucination phenomena. For instance, when compar-
ing models fine-tuned with SVD, we observe the sudden appearance (red box) and gradual disappearance (green box) of objects. Bottom:

In contrast, our autoregressive approach maintains better consistency.

Method | Input Aux. Sup. | NCt DAC? | TTCt Comf.t EP? | PDMS
Constant Velocity Pixels No 66.7 63.9 45.2 100.0 23.6 24.2
ResNet-50 + MLP baseline Pixels No 92.6 89.9 86.2 96.3 73.7 77.8
Transfuser [13] Pixels Yes 96.2 94.8 91.0 97.8 80.6 84.6
LAW [37] Pixels No 93.3 94.5 87.7 971.7 79.3 82.7
DrivingGPT VAE tokens No 98.9 90.7 94.9 95.6 79.7 82.4

Table 3. End-to-end planning performance on the NAVSIM benchmark. We show the no at-fault collision (NC), drivable area com-
pliance (DAC), time-to-collision (TTC), comfort (Comf.), and ego progress (EP) subscores, and the PDM Score (PDMS), as percentages.
Transfuser results are not fair comparison with other baselines as auxiliary supervision are used.

advantage over a constant velocity baseline and a simple
yet solid end-to-end planner baseline implemented with a
ResNet-50 visual encoder and an MLP trajectory decoder.
Despite using less informative VQ-VAE tokens as the vi-
sual input, our method achieves performance comparable to
state-of-the-art planners, including LAW [37], when com-
pared with approaches that do not rely on intermediate su-
pervision. All baselines only uses the front-camera image
and make no use of ego status as well. The results highlight
the potential for jointly learning world modeling and the
planning given considering that our DrivingGPT could only
learn representation by reconstructing highly compressed
image tokens of the driving environment. We demonstrate
trajectories generated under challenging driving scenes by
DrivingGPT in Figure 5.

4.5. Ablation Study

Comparison of Different Visual Tokenizers. The qual-
ity of the visual tokenizer significantly impacts the upper
bound of the world model’s visual prediction quality. As
shown in Table 4, we evaluate several state-of-the-art dis-
crete visual tokenizers on the navtest (NAVSIM test set),
a dataset comprising 12,146 video samples. Based on our
evaluation, we select LlameGen [50] as the optimal visual
tokenizer for our world model.

Tokenizer | tFVD] rFID| PSNRT SSIMt
Llama-Gen [50] 68.40 567  23.09  0.652
OpenMAGVIT2 [40] | 96.32  6.70 1557 0410
Cosmos Tokenizer 17850 27.12 25.05 0.695

Table 4. Comparison of different visual tokenizers. The evalu-
ations are conducted on the navtest dataset with an image size of
512 x 288, and a spatial downsampling rate of 16 is applied across
all encoders.

Does DrivingGPT Learn or Copy Planning Solutions?
Autoregressive transformers are well-known as powerful
fitting machines. In this section, we tries to answer the
question that does DrivingGPT truly learn to drive or just
cut corners by copying or extrapolating history driving ma-
neuvers. We gradually replace the predicted actions(pred.)
by DrivingGPT with future actions estimated solely from
history actions. We simply copy the last history action as
general driving trajectories do not involve any action input
change. As shown in Table 5, our DrivingGPT consistently
outperform all the variants that simply copy any x, y and
0 history actions. One may notice that copying the previ-
ous longitudinal action x gives the worst planning results
which is due to that the NAVSIM benchmark contains a lot
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Figure 5. DrivingGPT planning results in complex driving scenes: (a) Unprotected left turn; (b) Large curvature turn; (c) Merging into
traffic; (d) Take better path than human. The red rectangle denotes the ego car, the blue line is the generated trajectory, and the brown line
is the human driving trajectory.

x Yy 0 | NCt DACt | TTCT Comf.+ EP? | PDMS T

pred pred pred | 98.9 90.7 94.9 95.6 79.7 824
copy pred pred | 75.9 89.6 63.1 100.0 48.2 53.5
pred copy pred | 97.8 88.4 90.6 94.7 76.2 79.4
pred. pred copy | 95.8 81.8 88.1 94.6 70.7 73.1

Table 5. Comparison of planning performance when replacing predicted actions with copied history actions for different action
components. Here z, y, 6 denotes the longitudinal, lateral and yaw components respectively. Pred stands for using DrivingGPTprediction
and copy stands for using the action value of the last history frame. We show the no at-fault collision (NC), drivable area compliance

(DAC), time-to-collision (TTC), comfort (Comf.), and ego progress (EP) subscores, and the PDM Score (PDMS), as percentages.

Dataset # Sequences  # Frames / Seq \ PDMS 1
nuPlan uniform 651k 16 74.6
NAVSIM train 104k 12 824

Table 6. Effect of training data curation on planning perfor-
mance. The results suggest that data quality plays a more impor-
tant role than data quantity in driving language modeling.

of scenes where the ego vehicle is just start to accelerate
from a stop and go. Experiment results suggest that our
DrivingGPT truly learns how to drive instead of just copy-
ing history actions.

Training Data Curation for Planning. Data quality plays
the central role when training autoregressive transformers
on other tasks like language modeling. So in this section,
we study the influence of driving data quality and quantity
on the performance of end-to-end planning. As shown in
Table 6, models trained on high quality data like NAVSIM
with only 100k driving sequences outperform those trained
on 650k nuPlan driving sequences. The results suggest that
data quality plays a more important role than data quan-
tity in driving language modeling. We hypothesize this is
because general driving contains too many trajectories that
involve minimum action change and thus provides little in-
formation gain.

Position Embedding for Actions. Unlike GAIA-1 [27]

PosEmb for Image  PosEmb for Action ‘ PDMS 1

v 65.3
v v 824

Table 7. Effect of apply position embedding to tokens of differ-
ent modalities on planning performance.

and similar methods that use zero position embedding for
actions in autoregressive transformers for video generation,
we discovered that applying 1D rotary embeddings to both
image and action tokens is crucial for achieving strong plan-
ning performance, as demonstrated in Table 7.

5. Conclusion

In this work, we propose a novel multi-modal driving lan-
guage that effectively unifies the visual world modeling and
trajectory planning into a sequence modeling task. We de-
sign a DrivingGPT that could jointly learn to generate im-
age and action tokens for both tasks. Experiments and ab-
lation studies on large-scale nuPlan and NAVSIM bench-
marks demonstrates the effectiveness of the proposed Driv-
ingGPT on action-conditioned video generation and end-
to-end planning. DrivingGPT clearly shows the viability of
unified learning of world modeling and planning with a sin-
gle model, setting a stepping stone for the future exploration
of differentiable model-based planning.
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