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Probing Multimodal LLMs as World Models for Driving

Shiva Sreeram', Tsun-Hsuan Wangl, Alaa Maalouf?, Guy Rosman?®, Sertac Karaman?, and Daniela Rus!

Abstract—We provide a sober look at the application of Multi-
modal Large Language Models (MLLMs) in autonomous driving,
challenging common assumptions about their ability to interpret
dynamic driving scenarios. Despite advances in models like GPT-
40, their performance in complex driving environments remains
largely unexplored. Our experimental study assesses various
MLLMs as world models using in-car camera perspectives and
reveals that while these models excel at interpreting individual
images, they struggle to synthesize coherent narratives across
frames, leading to considerable inaccuracies in understanding (i)
ego vehicle dynamics, (ii) interactions with other road actors,
(iii) trajectory planning, and (iv) open-set scene reasoning.
We introduce the Evar-LLM-DrIVE dataset and DRIVESIM
simulator to enhance our evaluation, highlighting gaps in current
MLLM capabilities and the need for improved models in dynamic
real-world environments.

Index Terms—Performance evaluation and benchmarking,
data sets for robotic vision, autonomous vehicle navigation

I. INTRODUCTION

N the rapidly evolving field of artificial intelligence,

Multimodal Large Language Models (MLLMs), such as
GPT-40 [1], have demonstrated unprecedented capabilities in
understanding and generating image/text-based content [2].
Recently, MLLMs have been introduced to the realms of
driving to improve context understanding [3], extract spatial
features from frames to teach a driving policy based on said
features, improve the generalization ability of autonomous
driving [4], infer system requirements from in-cabin users’
commands to meet their intent [5], understand the driving
environment [6], and more [7]. However, the performance of
these powerful models has not been tested for scene (sequence
of images) reasoning in a dynamic driving context, let alone
one in a closed control loop, and thus, remains an intriguing
area of exploration. We ask the question:

o “Can MLLMs operate as driving world models”?
QOur contribution. To this end, in this work, we study the
reasoning capabilities of MLLMs within driving scenarios,
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Fig. 1. Are MLLMs world models for driving? We investigate their
effectiveness in understanding and reasoning about dynamic driving scenarios
from sequential images with an introduced real-world driving and re-simulated
dataset. Our experiments show that MLLMs struggle to form coherent
narratives, failing to reason about car motion, traffic, etc.

aiming to measure their applicability in understanding com-
plex, dynamic environments in a variety of scenarios, and their
ability to take appropriate actions in decision-making through
the integration of a sequence of visual data captured from a
fixed camera mounted on a driving car as if the MLLM was
the driver. Specifically, we offer:

« A comprehensive experimental study to evaluate leading
MLLMs in their ability to understand and make decisions
in dynamic driving scenarios, involving both real driving
footage and closed-loop controlled driving. Our tests cover
multiple facets of environmental interactions: ego-car dynam-
ics, interactions with other road actors, trajectory planning,
and open-set driving scene reasoning. Surprisingly, our find-
ings reveal that MLLMs struggle with interpreting/reasoning
and taking correct actions in dynamic driving scenes with
significant inaccuracies and biases.

e “EVAL-LLM-DRIVE”!: A new dataset designed to provide
an array of driving scenarios for evaluating the capabilities
of MLLMs in understanding and reasoning about real-world
driving scenes from a fixed in-car camera perspective, the
same as the driver viewpoint. Real footage captured on the
road is the basis of this data, alongside a closed-loop con-
trolled driving simulator DRIVESIM to generate additional
diversity and open-set scenarios to the dataset.

A glimpse into our findings. Our experimental results reveal

a paradox in the performance of MLLMs. While these models

excel at understanding individual images, they struggle to

synthesize a coherent narrative across sequences depicting
dynamic behavior. This is especially evident in their difficulty
in reasoning about vehicular motions, such as identifying
whether the ego-car is moving forward or backward. This
is headlined by the fact that GPT-4V predicted all scenes as
forward-moving, a trend seen in 75.8% of cases with GPT-

40 as well! This may stem from a bias in training data,

where vehicles predominantly move forward. In planning,

these models and others (including Claude3, LLaVA-1.6,
IThe dataset is available at https:/github.com/sreeramsa/DriveSim.
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InstructBLIP, and more) consistently failed. When focusing
on ChatGPT, it is clear that improvements have been made
since the legacy of the GPT-4V model to the latest GPT-40
model, particularly in identifying the dynamic interplay of
other road actors. However, there are still failures in other
aspects, such as in ego-car dynamics, that prevent it from
holding the status as a driving world model. While this shows
a positive trajectory in the development of these models, the
results highlight additional areas of improvement for the top
models. In summary, the experiments highlight a critical gap
in the models’ ability to connect discrete visual information
over time to infer motion, suggesting a limitation in their
current state when it comes to understanding the fluidity and
continuity inherent in real-world dynamics.

II. RELATED WORK

Lately, the move toward combining different modalities
into single large-scale models has gained momentum, such
as CLIP [8], BLIP [9], GPT-4V [10] and others [11].
MLLMs in robotics. Recent advancements in robotics have
integrated MLLMs, demonstrating their proficiency in engag-
ing effectively within dynamic open-set environments, such as
for constructing 3D maps [12], [13], in control and planning
[14]-[17], in understanding 3D scenes [18], [19], and in
systems for detection and tracking [20]-[22]. Additionally,
these models have shown broad adaptability over multi-modal
data [19], [20], [23], [24], leading to a new phase where robots
can make wise decisions and interact with their surroundings.
MLLMs for driving. In driving, explainable and language-
driven representations have gained attention for introspec-
tion and event analysis [25]-[29]. Integrating MLLMs into
autonomous vehicles enhances vehicle intelligence and user
interaction [30] by leveraging real-time data (e.g., traffic,
weather) to improve awareness [31] and navigation [32].
LLMs facilitate user-friendly communication for planning
[33], [34] and personalize driving settings [35]. They also
improve generalization and explainability [4], enhance con-
text awareness [3], interpret user commands [5], and better
understand driving environments [6].

Simulation in driving. Training and evaluation of robotic
controllers via simulation have become a dominant approach,
as evidenced by [36], [37], specifically, in driving [38]-[41].
However, even these simulated environments do not have all of
the following features: they (i) can not fully encapsulate the
range of vehicle dynamics (e.g., moving forward/backward,
turning left/right, etc.), (ii) lack support for adding dynamic
characters to scenes for generating interesting driving behav-
iors (e.g., speeding cars and traffic), and (iii) most importantly
they are unlabeled, making it difficult for evaluating MLLMs
as world models for driving.

III. PROBING FROM A DATA PERSPECTIVE

Ultimately, a driving world model should encompass multi-
ple facets of environmental interactions and scene reasoning,
which we define and test as follows: (i) Ego-car dynamics:
We check the models’ ability to grasp fundamental driving
dynamics, such as directionality (forward/backward), veloc-
ity changes (acceleration/deceleration), and road adjustments
(turning right/left), requiring an understanding in geometric

and temporal aspects. (ii)) Dynamic interplay of other road
actors: Progressing beyond the basics, we then challenge
the models to reason about the dynamic interplay of other
road actors: detecting fast-moving vehicles and discerning
traffic jams. (iii) Planning ability: Then, we examined the
ability of the models to plan accurate driving trajectories,
checking whether they can effectively reason the means to
avoid obstacles. (iv) Open-set scene reasoning: The true
test of adaptability lies in open-set reasoning, where our test-
ing challenges conventional driving expectations by creating
unforeseen scenarios as unpredictable as airplanes landing on
roads or sudden animal appearances, pushing the boundaries of
what MLLMs can anticipate and interact correctly with in the
meticulously crafted world model. These multi-layer testing
scenarios challenge the models’ interpretability and decision-
making, offering insights into MLLMs’ contributions to real-
world applications, from alerting wrong-ego car behavior to
enhancing navigation systems with real-time alerts on open-set
scenes, to traffic updates, and driving validation and planning.

A. Providing the Means to Evaluate a Driving World Model

Surprisingly, the evaluation of MLLMSs’ scene reasoning in
the context of dynamic driving scenarios in the closed-loop
control setting remained largely unexplored, potentially due to
the lack of a suitable dataset or simulator. To address this gap,
we introduce EvAL-LLM-DRIVE; a dataset designed to test
MLLMs as driving world models, focusing on the components
of a world model and evaluations (i)-(iv). The dataset is
divided into two parts: (i) real road footage capturing vehicle
dynamics and interactions with other road users, valuable for
testing MLLMs reasoning in real scenes, and (ii) scenes gen-
erated by DRIvESIM using closed-loop sensor synthesis for
simulation® (Sec. I1I-C). We expand upon the real footage with
additional diversity through direct manipulation of ego vehicle
dynamics and other actors. Furthermore, the simulator enables
generation of various open-set scenes involving characters like
animals, barriers, and vehicles that are infeasible to obtain
in everyday conditions, yet enhance the platform’s utility for
probing.

B. Scenarios directly from the real world

We drove a 2019 Lexus RX 450H with a 30Hz BFS-PGE-
23S3C-CS RGB camera to collect data in Cambridge, MA,
and the surrounding area. For most cases, the footage consists
of 50% daytime footage, 30% evening/dusk, and 20% night
in standard weather conditions. This was all collected in a
manner that ensured following rules-of-the-road and safe driv-
ing practices, described as follows. Acceleration/deceleration
captured scenarios involve the ego car legally speeding up
(e.g., entering a highway) or slowing down (e.g., approaching
a stop sign or turn). Turns include both standard intersection
turns and subtle curves angling left or right. Forward videos
show standard driving ahead. Due to traffic rules, backward
videos are created by reversing forward footage that contains
no other moving actors like pedestrians or vehicles. Note that
these mimic scenarios such as reversing after overextending at
a traffic light intersection without any risk to ourselves or other

2Note sensor data was used for generating simulated data and not probing.
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TABLE I
OVERALL ACCURACY. EVALUATING MLLM PERFORMANCE IN DRIVING TASKS REQUIRING REASONING.

Ego Motion
Accelerate/Decelerate
Real ~Sim  Both

Model Forward/Backward

Real  Sim  Both |

Left/Right
Sim

Speeding

Both | Real Sim

| Real

Other Vehicles

Both

Open-set Reasoning Logic Problems
Traffic Object/Animal  Plane Landing | Planning Behavior Multi. Causal Inf.
‘ Real Sim  Both Sim Sim Sim Real + Sim Real

MiniGPT4-v2
InstructBLIP
LLaVA-1.6
GPT-4V
Claude3
GPT-40

0.50 0.50
0.50 0.50
0.48 0.48
0.50 0.50
0.55 0.52
0.60 0.56

0.50
0.50
0.47
0.50
0.48
0.52

0.50 0.50
0.43 0.45
0.50 0.48
0.57
0.48
0.55

0.50
0.47
0.47
0.55
0.47
0.40

0.55
0.50
0.47
0.60
0.52
0.62

0.42
0.50
0.53
0.48
0.50
0.65

0.48
0.50
0.50
0.54
0.51
0.63

0.50
0.50
0.50
0.52
0.50
0.72

0.50
0.50
0.50
0.55
0.55
0.77

0.56
0.48

0.48 0.74

0.50
0.50
0.50
0.53
0.53

0.50
0.57
0.68
0.63
0.43
0.80

0.50
0.73
0.53
0.62
0.62
0.73

0.50
0.65
0.61
0.63
0.53
0.77

0.20
0.25
0.27
0.80
0.70
0.73

0.67
0.50
0.50
0.63
0.53
0.70

0.30
0.30
0.25
0.40
0.45
0.45

0.67
0.73
0.76

0.07
0.03
0.43

0.67
0.97

0.73
0.94

drivers. Traffic is denoted as situations where traffic causes the
ego vehicle to slow down, notably not due to a traffic light
but from natural road congestion. Since nighttime traffic is less
common, this data has a higher proportion of daytime footage
(70% day, 30% evening) compared to other splits. The real
footage does not involve as much bumper-to-bumper traffic
as we later show can be generated by the simulator due to
appropriately safe stopping distances, but still requires the ego
vehicle to slow down. Finally, a “speeding” vehicle is present
when another vehicle overtakes the ego vehicle, and through
prompting, the ego is clarified to be driving at the speed limit,
implying the overtaking vehicle is speeding.

C. Scenarios by re-simulation of real-world data
Closed-loop sensor synthesis and control. To meet the
requirements of our experimental setup, which necessitates a
controlled environment and counterfactual testing (as in gener-
ating counterfactual data different from the original dataset as
opposed to counterfactual reasoning of MLLMs), we develop a
data-driven simulator on top of the nuScenes dataset [39]. This
approach effectively balances sensor realism [42], [43], closed-
loop simulation [38], [44], and scenario setup controllability
[45], [46], making it an ideal match for our use case. In
the subsequent sections, we outline the key features of the
simulator and elucidate their significance to our empirical
study for comprehending the reasoning processes of MLLMs
within driving scenarios.

Object and actor synthesis in the scene. Building on the
described 3D reconstruction pipeline, we seamlessly integrate
3D meshes of desired objects and actors into the scene. These
meshes can be efficiently sourced from Objaverse dataset [47]
by leveraging the textual comprehension abilities of LLMs on
their annotations. For instance, we can identify annotations
suggesting that the corresponding meshes represent animals.
Utilizing the map’s geometric and semantic information, we
strategically position the meshes in plausible locations and
orientations. Examples include beside the same lane as the
ego car, beneath the traffic light, etc.

Behavior modeling of actors. For the behavior of ground
vehicles, we employ a Proportional-Integral-Derivative (PID)
controller [48] [49] for steering control to track a reference
path derived from either the map or a motion plan; for
acceleration control, we use an Intelligent Driver Model (IDM)
[50] focused on the nearest actor ahead of the ego car moving
in a direction potentially in collision with the ego car. For
motion planning, we deploy a state lattice planner with quintic
polynomial trajectory generation [51], in which the target state
lattice is determined to be a specific distance ahead of the ego
car in the local frame of its current lane or adjacent lanes.
For behavior modeling of other actors, we create trajectories

through spline interpolation from predefined start to end poses.
Our focus is on modeling the behavior of synthetic actors
in reaction to the ego car, to themselves, and to other pre-
existing actors/objects in the scene, rather than behaviors of
those already existing entities.

IV. EXPERIMENTAL STUDY
Methodology. We used the paradigm explained in Sec. III
to test state of the art (SOTA) MLLMs’ abilities to determine
ego-car motion: (1) is the car proceeding forward or backward?
(2) is it accelerating or decelerating? (3) is it turning left
or right? All in a categorical manner. Then, we evaluate
their reasoning capabilities on other factors in the street to
determine whether it detects a speeding car; (4) is there a
speeding car?, or heavy traffic; (5) is there heavy traffic?
Additionally, we test the decision-making of MLLMs based
on an open-set environment by generating open-set scenes
by DrRI1VESIM, such as providing images with the sudden
appearance of an animal or static object and even a plane
landing: (6) can the ego-car keep moving in the same lane?.
We finally can test the capabilities of MLLMs to pick the
best trajectory in navigating around obstacles while trying to
remain in the lane: (7) which trajectory is the best to follow?
Representing a video scene. We aimed to provide video
input to the models to replicate the camera view in real-world
driving scenarios. From video input, we create a grid [52], [53]
of video frames where each frame is half a second apart, and of
resolution 399 x 224. We test a varied number of frames: three,
six, and nine. The total grid resolution is 1259 x 244/599/712
for the respective grids, including all frames and white spaces
to split them. This format was utilized to avoid concerns with
models parsing images in multi-query approaches and avoiding
context length limits while providing a high number of
frames. Another approach involves utilizing a list of base64-
encoded frames; however, this approach is not universal and
in our testing with GPT-4V, the model was not consistent in
identifying the state of the environment for one frame versus
another. Note that while additional sensor data, such as LIDAR
or radar, could lead to improvements to accuracy through depth
map data, most models don’t have this modality and scenes
are represented as the aforementioned grids. This setup is
showcased in Fig. 4.

Dataset. For each question from (1)—(5), we experiment with
EvAL-LLM-DRrRIVE comprised of two sets, the first set is
of real, on-the-road footage (with details including time of
day in Sec. IIl) collected by the authors, and the second
set is generated by DR1VvES1M. For question (6) we rely on
DRIVESIM to generate open set scenes that are hard to capture
in real streets. For each of these questions ((1)-(6)), we collect
20 videos in simulation (so for these binary cases there are 10
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Fig. 3. Left vs right: Performance bar plots.

of each type); since each video is parsed in a grid of 3, 6, and
9, the total number of grids of a question is 60 in simulation
and an additional 60 in real footage (similarly from 20 videos)
for questions (1)—(5). For question (7), we use DRIVESIM to
generate trajectory choices over the road surface and static
objects, in five scenes and four scenarios per scene, leading to
20 datapoints.

Prompting. Alongside frames, we must provide an appropriate
prompt which informs the model of the format of the image,
that the frames come from a camera fixed on a moving car,
and obtain a relevant response. This is shown in an example
prompt in Fig. 4 which queries whether the ego vehicle is
experiencing traffic or no traffic. We follow a similar format
when prompting for ego actions and the other actors behavior
scenario. We ask to describe what is likely going on in each
frame to guarantee the model understands it is parsing a video
and in the correct frame order, we can then manually validate
its explanation. Additional components asked the model to
“guess” and answer “in the following format” to prevent sce-
narios where the model reports that it is not confident enough
to answer. The prompts’ phrasing was carefully formulated
after experimentation with the models’ responses, to ensure
that the models accurately processed the frames in the correct
sequence order, recognized that the footage was from a camera
fixed on a moving car, and provided clear, relevant responses
to the questions.

Evaluation and reported results. We compare the ob-
tained results from the MLLM to the ground truth created
by the authors. Table I reports how GPT-40, Claude3, GPT-
4V (being GPT-4 Legacy model as of Sep. 2024), LLaVA-
1.6, InstructBLIP, and MiniGPT4-v2 perform in these cases.
To further expand on the results of this evaluation process
given in Table I, we delve into specifics for ego-motion, other
actor behavior, open-set, and planning reasoning. We provide
a more sophisticated analysis focusing on GPT-40, GPT-4V (a
snapshot of which from March 2024), and Claude3 due to their
nature as some of the largest models available and the higher
levels of reasoning observed in our evaluation, in addition to
tracking the improvements of the top of the line GPT-4 model
from March compared to September 2024.

A. Ego Motion Reasoning
Acceleration vs deceleration. In simulator datasets,
DRIVESIM generates scenarios where we traverse through the

TABLE II
PERCENTAGE OF forward | backward RESPONSES.
I MiniGPT4__ InstructBLIP _ LLaVA__ GPT-4V__ Claude 3 GPTo ||
[ Forward 100% 100% 96.7% 100% 86.7% 758% ||
133%

H Backward 0% 0% 2.5% 0% 24.2% H

same scene at different rates of acceleration or deceleration,
both at high and low rates. The human eye can determine
accelerationl/deceleration by using a reference point in
view and observe the change in distance over time, so let
us explore the models’ capability to do so. As shown in
Table I, for most models the performance was roughly
50% across all data, if not worse. To further understand
the behavior, we explore the performance of Claude3, a
snapshot of GPT-4V from March 2024, and GPT-4o0 in Fig. 2
on the synthesized data as it provides us the flexibility to
generate and verify several acceleration/deceleration rates.
We present the confusion matrices for scenarios of high and
low acceleration and deceleration rates to the models. Note
that in these tests, GPT-4V (March) was biased towards a
response of decelerate. Interestingly, there were more cases
where the model predicted accelerate when the ground truth
was decelerate compared to when the ground truth was
accelerate. For Claude3, while the bias towards decelerate
remained, it was less extreme than for GPT-4V. In tracking
the improvements from GPT-4V to -40, we see that this bias
is largely removed despite the 48% accuracy overall.
Overall, these results demonstrate a past bias in MLLMs
where they frequently responded with decelerating. Although
GPT-40 has largely eliminated this, its overall accuracy de-
creased, so the results still reveal limitations in reasoning about
acceleration, a crucial aspect of driving dynamics.
Left vs right. For the simulated set, we stress the models by
evaluating the inputs while the ego vehicle curves towards the
left or right while progressing at a constant speed, as opposed
to turning into a perpendicular lane covered in real-driving
footage (which also includes following the road curves). We
test with high and low curvature levels. The human eye can
determine turning direction by the perspective shift of static
elements of the scene, moving from the center to the edge of
view over time. Let us explore the models’ capabilities.
Table I again shows models near the 50% mark. Real-
world clips fare slightly better than sim—expected, since many
include a perpendicular turn rather than a gentle bend. By
varying curvature in DRIVESIM (Fig. 3), we see accuracy
depends on both curvature and clip length. GPT-4V (March)
prefers short clips for low curvature but more frames for high
curvature. Claude 3 peaks with nine-frame, high-curvature
clips and bottoms out with nine-frame, low-curvature ones.
The pattern implies that extra temporal context helps when
the path bends sharply yet muddies subtler shifts. As for why
this would occur, it is likely because with fewer frames, the
model can focus more on the curvature of the road to see
the gradual turn but with more frames, force it to track inter-
frame relations—an MLLM weakness as we’ve seen. GPT-40
exhibits the trend less strongly—the six-frame, low-curvature
case its main outlier.
Forward vs. backward motion comparison is intuitive for hu-
mans, relying on basic geometric and dynamic understanding
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Prompt: The image shows video frames in sequence. Describe what's likely going on in each frame. Each frame is taken half a second after the previous
one. All are taken from the same camera that is fixed on a moving car. Based on the images, is there traffic causing the car to slow down? Provide an
educated guess even if you are not sure. Your response must be in the following format: 'I guess that there <is/is no> traffic causing the car to slow down'.

Fig. 4. Heavy traffic scene provided by Dr1vESIM converted into a grid (either 1 X 3, 2 X 3, or 3 X 3 respectively) alongside the text prompt.

Based on the sequence of images provided, here's what's likely happening:...

2. In the second frame, the barrier seems slightly further away from the
camera. The pedestrian is in a different position, indicating movement, and the
signs are also further away. ...

6. In the sixth frame, the pattern continues with the barrier and all other objects
becoming smaller and more distant from the camera's perspective.
Considering the consistent increase in distance from the camera to the objects
in the scene across all frames, and assuming the camera is fixed to the car, I
guess that the car is moving forward.

Fig. 5. Frames of backward motion, with an added object, provided by
DrIVESIM, alongside truncated GPT-4V response in analyzing the video.

Claude3 GPT-4V GPT-40
Predicted Traffic Predicted Traffic — Predicted Traffic
. Predicted No Traffic o Predicted No Traffic Predicted No Traffic
Soe - S 5 so7s /
S B 5
2 s Los Soso —
004 / o 2 |
a / [ &025
0.2 0.0
1 2 3 4 1 2 3 4 2 3 4
Traffic Rate Traffic Rate Traffic Rate

Fig. 6. Line plots depicting a confusion matrix for model performance
in simulated traffic vs no traffic scenes.

(e.g., are objects moving closer or farther?). This test examines
models’ geometric reasoning, using simulated data at varying
constant speeds, similar to other ego-motion experiments. We
evaluate the models’ understanding in this case. Table I shows
the results here were once again roughly 50% for all models.
However, there is an extreme underlying bias in the model
responses. We further analyze the performance in Table II.
This table showcases the percentage of responses from the
models that were either forward or backward regardless of the
ground truth. Despite the differences in the scenes, GPT-4V
(both the March 2024 snapshot and the Legacy model as of
Sep. 2024), alongside most other models, always reported
that the ego vehicle is progressing forward, with both
Claude3 and GPT-40 having a strong forward bias. The bias
here is at a level where it overwhelms the evidence and
the model responds that if a car is on the road, it must be
driving forward as technically, that is what the car should
be doing. As such, using DRIVESIM, we probed GPT-4V’s
failure mode by adding a notable barrier while the ego car
reversed away from it. In the three frames of Fig. 5 the
barrier steadily recedes, a cue the model correctly notices.
Yet, despite recognizing this motion, it still classifies the ego
vehicle as moving forward. The model has the capability of
reasoning required to understand the geometry of the world,
yet its responses are biased to such a level that it fails to make
accurate predictions.

B. Other Actor Behavior Reasoning
Traffic vs no traffic. There are two main traffic sources:
the amount of other vehicles on the road and the speed at
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Fig. 7. Object/animal scenario frames with truncated GPT-40 responses.
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Fig. 8. Plane scenarios with truncated prompts and GPT-4V Legacy responses
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Hypothetical Scenario: There is
only an issue if a plane lands in
front and in the same lane. Is
there a plane landing or flying
overhead?

S

which the ego vehicle can move given the other vehicles. As
such, geometrical understanding is necessary to witness the
number of other vehicles in the scene and the combination of
geometric and temporal reasoning for the speed of traffic flow.
In real-footage, we have no control over the other vehicles, so
traffic is fully binary, but with our simulator, we provide four
traffic levels (evenly distributed). (i) The lowest, with label
of no traffic, is where there is no other vehicle in the same
lane. (ii) The second lowest, also labeled no traffic, is defined
by another vehicle being in the same lane but moving at a
high enough speed such that the ego’s speed is not hindered.
(iii) The next, labeled as traffic, is defined by a large number
of other vehicles, with slow yet steady traffic flow. (iv) The
highest, labeled as traffic, involves a large number of actors
all moving at a very slow speed, shown in Fig. 4 where to the
human eye, the traffic level is clear.

To clarify the concept of “traffic” and remove any subjec-
tivity in interpretation, we must clearly define it within our
prompts. Specifically, we refer to traffic as any situation where
external factors are causing the vehicle to reduce speed. We
operationalize this in the model prompts with the following
explicit query: “Is there traffic causing the car to slow down?”.
This precise definition ensures consistency across evaluations.
This case also presents a clear example of how GPT-40 is an
improvement, achieving 77% accuracy and thus, a higher level
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camera that is fixed on a moving car.
el | In the image, there are three
potential trajectories for the moving
car to follow given in red, blue, and
green. Describe what's likely going
on in the image. Based on the image,
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following format: 'I guess that the
car should follow the
<red/blue/green> trajectory'.

Fig. 9. Images depicting plans with different static object placements and the
text prompt.

of reasoning. We explore further results, notably showcasing
the changes from GPT-4V (March) to the latest GPT-4o,
presented in Fig. 6, illustrating the models’ performance using
a confusion matrix that captures predictions across various
traffic levels. Overall, the prediction positively correlates to
traffic level where Claude 3 excels at heavy-traffic cases,
while GPT-4V (March) remains biased toward no traffic. We
see the marked improvement in identifying traffic in GPT-
4o, able to shake what may have been a no traffic bias.
Despite remaining imperfections, traffic identification is the
most reliable capability across ego-motion and other actor
scenarios, as reflected in Table 1.

Speeding vehicle vs no speeding vehicle identification is
critical for road safety. This requires an understanding of
geometry and time for perceiving the motion of another actor.
Here, we provide scenarios from real-footage where the ego
vehicle is overtaken by another vehicle or not and from
DrRIVESIM, involving another actor that is speeding or not
speeding at two-speed levels each. To emphasize this, we must
clarify that the ego vehicle is driving at the speed limit such
that the relative speed of the other agent can be observed
accurately. Given the formulation, a large change in distance
between the ego car and the other vehicle should indicate
speeding and be sufficient for a human to understand.

As previously, we must remove ambiguity in the query,
adjusting the prompt shown in Fig. 4 to ensure the model
is aware that the ego vehicle is driving at the speed limit.
Therefore, we make the following key change: “All are taken
from the same camera that is fixed on a moving car going
at the speed limit”. When observing the results in Table I,
we see a roughly 50% accuracy in the models. We further
analyze these results, looking at the percentage of responses
from the models that were either speeding or no speeding
regardless of the ground truth. Despite the contrast in the
motions, GPT-4V barely detected a speeding vehicle, reporting
there was no speeding vehicle 94% of the time across all
scenes, a trend shared by the smaller models. Claude3 has
a strong bias towards reporting speeding at 87.5%. This level
of extreme bias was not present in GPT-40, where instead the
model is the clear front runner. DRIVESIM lets us stress-test
these biases: inserting a reference vehicle traveling alongside
the ego car—while keeping the prompt unchanged—enables
GPT-4V to identify the speeding car, implying its miss stems
from weak ego-centric spatial reasoning rather than motion
priors. GPT-40, by contrast, shows no such limitation.

C. Open-Set Reasoning
The seemingly random placement of animals and static

objects in a scene is one of the open-set scenarios DRIVESTM
enables to evaluate MLLMs. As human drivers, we handle
these situations instinctively: slow down or avoid static objects
on the road, while ignoring those off-road. For animals,
uncertainty leads to slowing down or avoiding them regardless.
The actions are clear in the scenarios shown in Fig 7. We can
see that the large models, GPT-40, GPT-4V, and Claude3, were
quite successful in their reasoning for these cases as shown in
Table I and as seen by GPT-40 responses in Fig. 7; however,
note that the accuracy of GPT-4o is actually lower than GPT-
4V Legacy model so in this case, the newer model has not
achieved an improvement.

Plane landings vs flying overhead is a fascinating open-set
scenario we explore with DRIvESIM. A human driver may
not know how to react to such an extreme case but we can
observe the MLLMs behavior. The frames in Fig. 8 showcase
a scene with the plane landing or flying overhead. The primary
prompt, used for Table I, showed that regardless of the plane
landing, the model suggested that you can not keep moving
due to the risk: a fair response. As such, we explored a few
hypothetical scenarios which really test the geometric and
temporal understanding of the plane’s motion, which is in a
completely different axis than other scenarios.

D. Logic Problems
Planning, or event prediction, experiments are presented us-

ing DRIVESIM, generating plans and visualizing them in the
camera view. We also introduce static objects to assess whether
MLLMs can choose paths that navigate around obstacles. In
Fig. 9 we show the four ways we ran planning evaluations for a
given scene: (1) no object, (2) the object not blocking anything,
(3) the object blocking the middle and right trajectories, and
(4) the object blocking the middle and left trajectories. Given
the aim of staying in the same lane and presented with the
three trajectory choices, a human driver would have a clear
pick for each example: (1) green, (2) green, (3) blue, and (4)
red. To run evaluation, we utilize a different prompt to pick
a trajectory in a single image. As such, we used the prompt
shown in Fig. 9, where we also specify the objective of staying
in the same lane so there is always one correct choice.

We see in Table I that the larger models achieve signifi-
cantly better accuracy. However, their success rate is still
surprisingly, under 50%, which is not ideal for closed-loop
planning. As such, further probing is required to see the source
of the limitations. Claude3’s performance improved from 45%
to 55% by adding “while avoiding obstacles” to the prompt.
This addition showcases the failure of the MLLM as a world
model to boost accuracy.

Behavior reasoning tests why the ego acts as it does by
turning each clip into a four-option multiple-choice query. For
deceleration scenes we offer animal on road, animal about to
cross, roadblock, or malfunction; when the object is off-road
we instead ask why travel is safe, adding distractors such as
traffic police. Traffic clips—real and simulated—replace the
animal-in-lane option with traffic. Performance is high across
models, bar Claude3, which often hallucinates “animal about
to cross,” a trend continued in the next section. This mirrors
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Model-level Real vs. Sim (MSE = 0.0010, RMSE = 0.032)
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Fig. 10. Visualizing the real vs sim model accuracies with reference line.
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Fig. 11. Visualizing the real vs sim task accuracies with reference line.

their success on other vehicle and open-set tasks where a single
frame usually suffices to detect an obstacle or traffic. GPT-4V
is omitted because the model has been discontinued.
Multimodal causal inference will have us reason about the
reasoning of the ego vehicle. Leveraging our real speeding
videos, we preface each clip by stating that the ego car
has just changed lanes, then pose a multiple-choice query:
was the maneuver caused by a speeding car, a roadblock,
an animal, or a malfunction? MiniGPT4-v2 and InstructBLIP
misfire, habitually selecting “malfunction” and “roadblock,”
respectively. GPT-40, however, surpasses its own speeding
baseline, evidencing strong causal reasoning with this prompt.
As before, only a few frames suffice—enough to reveal a fast-
moving vehicle and to rule out obstacles/animals.

E. Real versus Simulated Data

Table I shows similar results between real and simulated
data, with a few exceptions, like Claude3 in traffic tests.
However, the model’s response patterns remained consistent,
as seen in in Table II, and those we discussed when exploring
the speeding results. Looking at the underlying response
strategy for Claude3 in a similar manner to those shown in
Table II, we see on real data, the responses for traffic and no
traffic are both 50% where for simulated, the responses were
55% and 45% respectively, so the model was effectively at
a random guess level (this can also be seen with the lack of
monotonic behavior for Claude3 in Fig. 6). Overall, the root
mean squared error between real versus sim across all models
is ~ 0.03 (Fig. 10), and the typical behavior observed in their
response strategy is consistent.

Note that much of the driving trajectories closely follow the
points of nuScenes and for those that don’t (ego motion) we
rely on the strengths of the PID controller and IDM discussed
in Sec. III. To further quantitatively emphasize the similarity
across the five driving maneuvers, the average model accuracy
in the sim split closely tracks the real split (Spearman p = 0.90,
p = 0.04), indicating that the simulator preserves the relative
task difficulty as shown in Fig. 11.

V. CONCLUSION
This work demonstrates the current capabilities of SOTA

MLLMs, including GPT-40 and Claude3, as driving world

models. Despite the improvements in GPT-40 over the prior
best GPT model alongside strengths in logic problems that
require minor spatial-temporal understanding, their limitations
in reasoning across multiple frames of driving scenarios have
become evident through our extensive experimental results.
While many accuracy levels seem random, Dr1vES 1M allows
for probing the reasoning capabilities behind the prediction,
exposing details on biases. We observed that failures in
handling scenarios stemmed from biases in expected vehicle
movements, like assuming forward motion on a road. These
results promote future work in delving into the internals of
open-source models to understand more about these failures,
where more failures could be identified through longer con-
versations following the responses discovered in this work.
In particular, there is potential in the use of spatial-temporal
module techniques being researched for video models to use
in foundation models, as well as generation and use of richer
temporal data that can be used to either train or finetune
MLLMs, including with our dataset or an expanded version
that includes additional context through peripheral vision, to
increase their capabilities.
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