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Abstract

Large language models (LLMs) are increas-
ingly used as reasoning engines in autonomous
driving, yet their decision-making remains
opaque. We propose to study their decision
process through counterfactual explanations,
which identify the minimal semantic changes
to a scene description required to alter a driv-
ing plan. We introduce DRIV-EX, a method
that leverages gradient-based optimization on
continuous embeddings to identify the input
shifts required to flip the model’s decision. Cru-
cially, to avoid the incoherent text typical of
unconstrained continuous optimization, DRIV-
EX uses these optimized embeddings solely as
a semantic guide: they are used to bias a con-
trolled decoding process that re-generates the
original scene description. This approach ef-
fectively steers the generation toward the coun-
terfactual target while guaranteeing the linguis-
tic fluency, domain validity, and proximity to
the original input essential for interpretabil-
ity. Evaluated using the LC-LLM planner on
the textual highD dataset, DRIV-EX generates
valid, fluent counterfactuals more reliably than
existing baselines. It successfully exposes la-
tent biases and provides concrete insights to
improve the robustness of LLM-based driv-
ing agents. The code is available at https:
//github.com/Amaia-CARDIEL/DRIV_EX.

1 Introduction

End-to-end Autonomous Driving (AD) increas-
ingly relies on Large Language Models (LLMs)
and Vision-Language Models (VLMs). Thanks to
large-scale pre-training, these models can integrate
user instructions and sensor inputs to directly gen-
erate driving decisions (Rowe et al., 2025; Hwang
et al., 2025a; Renz et al., 2024, 2025; NVIDIA,
2025). Unlike traditional neural planners that op-
erate as black boxes, LLM-based systems provide
natural language explanations, e.g., with Chain-
of-Thought (CoT), often structured with rigid or

LLM
planner

DRIV-EX

Original scenario: Dangerous situation

Finding the minimal semantic
perturbation to flip the decision

Model decision: safe maneuver

The ego vehicle is driving on a two-lane
highway, in the right lane [...]
- Velocity, Acceleration: [...]
- Past positions: [...]

Surrounding vehicles: 
- Front side: a truck traveling at 95 km/h,
with a distance of 96 m.
- Left rear: a car traveling at 104 km/h,
with a distance of 11 m.

Thought:
[...]

Final Answer:
- Intention: 0: Keep lane
- Trajectory: [(32.1,-0.1), (63.8,-0.3),
(95.0,-0.4), (126.1,-0.3)]

LLM
planner

The ego vehicle is driving on a [...]
[...]
                    a car traveling at 104 km/h 
[...]

        
                  1: Left lane change
- Trajectory: [(33.2,1.1), (67.99,2.3),
(102.9,3.5), (145.5,4.4)]

Counterfactual explanation Model decision: unsafe (collision)

- Left front:

[...]
- Intention:

Figure 1: Overview of DRIV-EX counterfactual gen-
eration. The LLM acts as the planner for the ego vehicle
(in green). Given an initial driving scenario where the
planner behaves safely (top row), our method automati-
cally identifies a minimal semantic perturbation to the
scene description (such as slightly altering the position
or speed of surrounding vehicles) that forces the model
into a dangerous failure mode (bottom row). By un-
covering these decision boundaries, DRIV-EX exposes
latent biases and evaluates the robustness of driving
agents against critical edge cases.

rule-based templates (Renz et al., 2025; Peng et al.,
2024; NVIDIA, 2025). However, reliance on these
explanations is risky: recent work shows that CoT
reasoning is often an unfaithful rationalization that
does not reflect the features that causally drive the
prediction (Turpin et al., 2023). Yet, Barez et al.
(2025) report that 63% of recent autonomous sys-
tems papers treat CoT as an interpretability method.
In safety-critical domains, such unfaithful expla-
nations can mask the true causes of dangerous be-
haviors, creating a strong need for methods that
directly identify the input factors responsible for
catastrophic decisions.

Counterfactual explanations offer a grounded al-
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ternative to narrative-based insights. By identifying
the minimal change to an input that would lead the
model to make a different decision, counterfactuals
explicitly isolate the causal features of a behavior.
In the context of LLM-based driving, this involves
finding the smallest modification to a scene descrip-
tion that turns a safe maneuver into a collision (or
vice versa). As illustrated in Fig. 1, this provides a
concrete mechanism to audit decision boundaries
and expose latent safety risks.

Technically, generating these textual counter-
factuals requires solving a difficult discrete opti-
mization problem: finding a sequence of tokens
that is semantically close to the original descrip-
tion yet validly flips the driving decision. This
presents a dilemma between two standard ap-
proaches. Gradient-based methods (often used in
‘soft’ prompt optimization) relax discrete text into
continuous embeddings to efficiently search for de-
cision boundaries, but they generally fail to recover
coherent text when projected back to the discrete
vocabulary (Kumar et al., 2022; Wen et al., 2023).
Conversely, discrete search methods that rely on
the model’s native autoregressive sampling ensure
fluency but lack the gradient guidance needed to
efficiently cross the decision boundary (Liu et al.,
2023; Pynadath and Zhang, 2025). Lastly, satisfy-
ing the minimality constraint is particularly chal-
lenging: without robust regularization, optimiza-
tion algorithms tend to drift far from the original
input, hallucinating entirely new objects or con-
texts rather than isolating the subtle feature shifts
that explain the model’s behavior.

In this work, we introduce DRIV-EX (DRIV-
ing EXplanations), an algorithm designed to re-
solve this tension. Our key idea is to decouple
the search for the counterfactual from its genera-
tion. DRIV-EX treats optimized continuous em-
beddings from gradient-based methods not as the
final output, but as a semantic guide for a con-
trolled decoding framework. Practically, our al-
gorithm performs gradient-based updates on the
unconstrained prompt embeddings to identify the
direction required to flip the decision. Then, it
uses these embeddings to bias an autoregressive re-
generation of the input. This allows us to steer the
fluent generation capabilities of the LLM toward
the critical decision boundaries identified by the
gradients, effectively combining the search power
of continuous optimization with the coherence of
autoregressive generation.

We evaluate DRIV-EX through quantitative ex-

periments on LC-LLM (Peng et al., 2024), a recent
driving LLM planner, using a textual transcription
of the highD dataset (Krajewski et al., 2018), a real-
world highway driving benchmark. We show that
DRIV-EX generates valid counterfactuals more re-
liably than baselines (Pynadath and Zhang, 2025;
Wen et al., 2023; Zou et al., 2023). We further
use DRIV-EX to reveal biases that push models to-
ward unsafe decisions. Finally, we demonstrate that
these insights can be used to mitigate biases, im-
proving the safety and robustness of driving LLMs.

2 Related Work

2.1 LLMs as driving agents

LLMs are becoming a dominant approach for tra-
jectory planning in autonomous driving. LLMs
were first proven able to perform planning, trans-
lated into a next token prediction task, relying ei-
ther on text tokens (Mao et al., 2023; Peng et al.,
2024; Yang et al., 2025), or on additional tokens ac-
counting for discretized motions, trajectories or ac-
tions (Seff et al., 2023; Wu et al., 2024). Recently,
Multimodal LLMs (MLLMs), that also process im-
ages and videos, have been increasingly used for
end-to-end driving. Notably, their performance
is often boosted by a Chain-of-Thought mecha-
nism, where text tokens are predicted to ‘reason’ on
the scene, right before planning. These reasoning
traces are often structured with rigid or rule-based
templates. Upon release, some of these methods
were state of the art on major driving benchmarks,
such as EMMA (Hwang et al., 2025b) on nuScenes
(Caesar et al., 2020), Poutine (Rowe et al., 2025) on
WOD-E2E (Xu et al., 2025) and SimLingo (Renz
et al., 2025) on Bench2Drive (Jia et al., 2024).

2.2 Counterfactuals for driving (M)LLMs

Counterfactuals for (M)LLM-based driving have
emerged in distinct paradigms. First, simulation-
based approaches embed counterfactual reasoning
within the model’s decision process. For instance,
in Peng et al. (2025), the model iteratively evaluates
counterfactual futures to revise its plans. Another
approach uses counterfactuals as additional super-
vision for training, with data augmentation (Hsu
et al., 2023; Wang et al., 2025). This enables mod-
els to capture causal sensitivities without perform-
ing explicit counterfactual inference at test time.
In contrast, our work uses a classical formulation
of counterfactuals as minimal input perturbations
that alter a model’s decision, for offline auditing.
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2.3 Explainability methods for NLP models

Explainability methods for NLP models are com-
monly divided into local and global approaches
(Zhao et al., 2024). Local methods explain indi-
vidual predictions, typically via attribution tech-
niques (Li et al., 2016; Wu et al., 2020; Mohebbi
et al., 2021; Enguehard, 2023). Global approaches
aim to uncover model-wide behaviors across inputs
(Bricken et al., 2023; Conmy et al., 2023), but are
less suited to explaining specific decisions.

Counterfactual explanations are a form of local
interpretability, identifying minimal changes to an
input that would alter a model’s prediction, thereby
exposing causal decision factors (Wachter et al.,
2017). In NLP, they have been studied for dis-
criminative tasks such as sentiment analysis and
toxicity detection (Wu et al., 2021; Nguyen et al.,
2024). Typical approaches generate counterfac-
tuals by substituting, masking, or infilling tokens
while preserving fluency and meaning (Wu et al.,
2021). Most NLP counterfactual methods follow
a two-stage pipeline: (i) identifying influential in-
put tokens, and (ii) editing these tokens to induce
a label change (Ross et al., 2021; Fern and Pope,
2021; Treviso et al., 2023). For example, MiCE
(Ross et al., 2021) selects tokens via gradient-based
attribution and enforces minimality through con-
strained search, while CREST (Treviso et al., 2023)
uses sparse rationales to relax strict edit minimal-
ity. TIGTEC (Bhan et al., 2023) similarly performs
sequential masked token replacement guided by
local importance. Despite operating in discrete text
space, these methods are not directly applicable to
our setting as they are designed for classifiers.

Prompt optimization methods search for discrete
or continuous input prompts that induce desired
behaviors from pretrained language models. Soft
prompt tuning introduces continuous embeddings
optimized via gradients without updating model pa-
rameters (Lester et al., 2021; Li and Liang, 2021).
Discrete approaches such as AutoPrompt (Shin
et al., 2020) and PEZ (Wen et al., 2023) perform
gradient-based updates in embedding space fol-
lowed by projections to discrete tokens.

Related techniques have been explored exten-
sively in adversarial prompting, jailbreak attacks,
and red teaming, where the goal is to elicit unsafe
or restricted behaviors from fixed LLMs (Wallace
et al., 2019; Guo et al., 2024; Zou et al., 2023; Mo
et al., 2024). These methods typically prioritize
objective satisfaction over semantic fidelity, often

producing prompts that are unnatural or not fluent.
Our work shares the underlying optimization

structure of these approaches: searching over token
sequences to satisfy a target objective. However, it
differs in motivation and constraints. Rather than
inducing arbitrary or adversarial behaviors, we seek
minimal, instance-specific edits that preserve se-
mantic plausibility while flipping a concrete deci-
sion. This places stronger constraints on fluency,
proximity, and interpretability than most prompt
optimization or attack-oriented methods enforce.

Controlled decoding methods steer pretrained au-
toregressive models at inference time so that gen-
erated sequences satisfy explicit constraints while
remaining fluent (Scholak et al., 2021; Yang and
Klein, 2021). Approaches include biased autore-
gressive sampling (Liu et al., 2023), reinforcement
learning over decoding policies (Mudgal et al.,
2024), and gradient-based sampling methods com-
bining multiple objectives (Qin et al., 2022; Kumar
et al., 2022; Pynadath and Zhang, 2025). Several
methods explicitly operate in discrete token space
using local edits or MCMC-style proposals. For ex-
ample, MuCoLa (Kumar et al., 2022) performs con-
strained editing via MCMC to balance constraint
satisfaction and likelihood, while DAB (Pynadath
and Zhang, 2025) combines discrete Langevin pro-
posals with biased autoregressive generation to im-
prove exploration near constraint boundaries.

While controlled decoding is closely related to
our approach, key differences remain. Controlled
decoding is typically framed as a generation prob-
lem without a reference input, targeting global at-
tributes such as sentiment or topic. In contrast,
our task is explicitly counterfactual: we operate
relative to a specific reference prompt and enforce
semantic proximity to it. This shifts the objective
from general constraint satisfaction to fine-grained,
local edits that expose decision boundaries.

Self-Generated Counterfactual Explanations for
LLMs is an emerging paradigm, where LLMs are
prompted to generate minimally altered inputs that
could flip their own decision. This bypasses the
need for external counterfactual methods but De-
hghanighobadi et al. (2025) and Mayne et al. (2025)
show that LLMs do not generate valid counterfac-
tuals via prompting. Moreover, this paradigm is
not fully adaptable to our setting: as LLM-based
planners are constrained to produce formatted out-
puts such as trajectories, they cannot be directly
prompted to generate counterfactual inputs.
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3 Method: DRIV-EX

3.1 Problem and method overview
Formalization. LetM be an autoregressive lan-
guage model with vocabulary V . Given an origi-
nal input sequence xo = (xo1, . . . , x

o
m) ∈ V m, the

model produces the sequence yo = (yo1, . . . , y
o
n) =

M(xo). We focus on a particular decision made
during generation, formalized as the token emitted
at the semantic decoding step T (e.g., the first to-
ken encoding a planning decision in a structured
output). Importantly, T refers to a semantic posi-
tion rather than a fixed index and may depend on
the generated prefix. As observed in prior work on
LLM steering and jailbreaks, influencing the first
critical decision token is often sufficient to redirect
the entire subsequent generation (Wei et al., 2023;
Carlini et al., 2023; Zou et al., 2023) since autore-
gressive dynamics strongly bias the continuation.
This motivates focusing the counterfactual search
on enforcing the constraint at step T . Empirical
evidence for this phenomenon is given in App. A.

We seek a counterfactual explanation xcf that
induces a target decision y∗T at step T , while re-
maining a minimal, plausible, modification of xo.
This yields competing objectives: (i) enforcing the
desired decision at step T , (ii) preserving fluency,
and (iii) semantic proximity to the initial input. We
express this as a constrained optimization problem:

argmin
x∈V m

c(xo,x)

s.t. y∗T = argmax
z∈V

PM(z | y<T ,x),
(1)

where c(xo,x) is a cost function capturing proxim-
ity and fluency.

High-level method idea. Directly optimizing the
counterfactual objective in Eq. 1 is challenging
because the input x lies in a discrete space and
the autoregressive decoding process of LLMs is
non-differentiable. Naively relaxing the input to
a continuous space enables gradient-based prompt
optimization with straight-through gradients (Shin
et al., 2020; Wen et al., 2023), but discretizing the
resulting embeddings often leads to incoherent or
out of distribution text, violating the plausibility
requirement.

To address this, we decouple the search for the
counterfactual from its generation. We utilize the
optimized continuous embeddings not as final out-
puts but as a semantic guide within a controlled de-
coding framework (Liu et al., 2023; Pynadath and

Algorithm 1: DRIV-EX pseudo-code
Input: Original input xo = (xo1, . . . , x

o
m);

target token y∗T at step T ; modelM
Output: Counterfactual explanation xcf

Initialize soft embeddings e using xo;
for n = 1 to N do

� Projection and forward pass:
Project e to get x ; // Eq. 2
Compute decision loss Ldec ; // Eq. 3
� Backward (straight-through update):
Compute gradient ∇xLdec;
Update soft embeddings e ; // Eq. 4
� Regularized autoregressive decoding:
Compute biases B and B′ from e and
xo; // Eq. 5–6

Decode candidate x with biased
decoding ; // Eq. 7

return xcf; // Best candidate x

Zhang, 2025). Specifically, we perform gradient-
based updates on the embeddings to identify the
direction required to flip the decision. We then
use these embeddings to bias an autoregressive
re-generation of the input, steering the sampling
toward the identified decision boundary and the
original text while strictly enforcing fluency. The
complete procedure is summarized in algorithm 1.

3.2 Discrete counterfactual optimization via
straight-through embeddings

Continuous relaxation. We associate each input
token with a continuous embedding and maintain a
sequence of soft embeddings e = (e1, . . . , em) ∈
Rm×d, initialized from the embeddings of the orig-
inal input xo. At each iteration, the current soft
embeddings are projected onto the nearest vocabu-
lary embeddings using cosine similarity:

xi = ProjE(ei) := argmax
v∈E

ei · v
∥ei∥∥v∥

, (2)

yielding a discrete token sequence x compatible
with the LLM’s vocabulary.

Decision-driven gradient update. The projected
sequence x is fed to the modelM to evaluate the
decision objective at step T :

Ldec(x) = − logPM(y∗T | y<T ,x), (3)

and compute gradients with respect to the projected
embeddings linked to x. Using a straight-through
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system prompt

s-t s-t s-t

compute bias
Eq. 5 & 6

project
Eq. 2

project
Eq. 2

project
Eq. 2

Eq. 3

Eq. 4Eq. 4Eq. 4

compute bias
Eq. 5 & 6

compute bias
Eq. 5 & 6

Figure 2: Forward and backward passes, and bias
computation. In the forward pass (black), the continu-
ous soft embeddings e are projected onto their nearest
neighbors in the vocabulary to obtain tokens x (Eq. 2).
These tokens are processed by the model M to com-
pute the probability of the target token y∗T (Eq. 3). In
the backward pass (orange), gradients (∇) are back-
propagated and, using a straight-through (s-t) estimator,
bypass the discrete projection to update the continuous
embeddings e (Eq. 4). Finally, the updated embeddings
are converted into vocabulary bias terms (B, in pink) to
guide subsequent regularization (following Eq. 5–6).

estimator (Bengio et al., 2013), these gradients are
applied to the continuous embeddings e, which are
updated via Adam (Kingma and Ba, 2015):

e← Adam(e,∇xLdec, η) . (4)

This process is illustrated in Fig. 2.
This project-forward-backward-update loop con-

stitutes the core optimization algorithm and is re-
peated a predefined number of N iterations.

3.3 Projection-based regularization and
evaluation

While the gradient-based updates in Sec. 3.2 ef-
fectively inject the decision-change signal into the
continuous embeddings e, directly projecting these
embeddings onto the vocabulary often yields inco-
herent sequences that fail to satisfy the plausibility
constraint. To bridge this gap, we employ a regu-
larized autoregressive decoding strategy (Liu et al.,
2023; Pynadath and Zhang, 2025) where the op-
timized embeddings serve as a semantic guide to
steer a dedicated fluency model F . We instanti-
ate F using the same pre-trained model asM, yet
without planning-oriented adaptation, to guarantee
a shared vocabulary and tokenization, enabling us
to directly bias its logits using distances computed
in the common embedding space.

system prompt

+ + +

= = =
+ + +

Figure 3: Regularized autoregressive decoding. Dur-
ing the regularization phase, the vocabulary bias terms
B and B′ (derived from optimized embeddings and xo)
are added to the logits l of a fluency model F . This
combined signal biases the auto-regressive decoding,
following Eq. 7, to generate a new candidate sequence
(x1, x2, x3) that incorporates the decision-change signal
while maintaining fluency and input proximity.

Fluency regularization with biased autoregres-
sive decoding. For each position i, we compute
a distance vector b̃i ∈ R|V| measuring how far
each vocabulary token v is from the projected to-
ken ProjE(ei) in embedding space:

bi,v = ∥v − ProjE(ei)∥22. (5)

To match the scale of the model logits li =
logitsF (· | x<i), we compute a normalization fac-
tor ri = ∥li∥2/∥bi∥2 as in Pynadath and Zhang
(2025). The bias applied to each token v is then

Bi,v = −w.ri.bi,v, (6)

where w controls the strength of the bias.
The bias is added to the logits of the fluency

model F during greedy decoding, encouraging
generations that are close to the optimized embed-
dings while preserving fluency. Concretely, as il-
lustrated in Fig. 3, the next token is chosen with:
xi = argmaxv∈V (li,v + Bi,v).

The resulting decoded sequence provides a con-
crete counterfactual candidate that can be evaluated
against the objective in Eq. 1. Importantly, this reg-
ularization does not define a separate optimization
step but serves to monitor and enforce plausibility
throughout the optimization trajectory.

Input proximity regularization. We propose
three complementary approaches to ensure seman-
tic proximity to xo. First, ‘Proj’ implies to limit
embedding projections (Eq. 2) to the subset of the
top K nearest neighbors of xo (in cosine similarity).
Second, ‘Loss’ adds (1− 1

m

∑m
i=1 cos sim(xi, x

o
i ))

as a regularization term to the decision loss (Eq. 3),
controlled by a weight λ. Finally, ‘Bias’ adds a
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second bias during autoregressive biasing (Eq. 7).
Using xo

i instead of the current projected token
ProjE(ei) in Eq. 5, we compute B′i,v following
Eq. (5)–(6), and the biased sampling becomes:

xi = argmax
v∈V

(
li,v + Bi,v + B′i,v

)
. (7)

Best candidate selection. Upon completion of
N iterations, we use a heuristic selection to derive
the best counterfactual from the pool of generated
candidates. We prioritize candidates that success-
fully trigger the decision change; specifically, we
define the set of valid candidates as those satisfying
y∗T = argmaxz∈V PM(z | y<T , x). If this set is
non-empty, we return the candidate that maximizes
semantic proximity to the original input xo, as the
autoregressive decoding is already ensuring high
fluency. Conversely, if no candidate triggers the de-
cision change, we return the sequence that achieves
the highest target probability PM(y∗T | y<T , x).

4 Experiments

We evaluate DRIV-EX on LC-LLM (Peng et al.,
2024), a LoRA-finetuned planner (Hu et al., 2022),
on a textual transcription of the highD dataset (Kra-
jewski et al., 2018). This dataset maps traffic anno-
tations to Lane Changes (LC) and trajectories.

4.1 Experimental Protocol
We focus on probing the brittleness of the model’s
safety predictions. From the validation set, we se-
lect ‘dangerous’ scenarios, defined as those where
the ground-truth trajectory implies a potential col-
lision (impact within 4s at constant velocity). We
further focus on scenarios where a given model
predicts a ‘safe’ maneuver. To assess robustness,
we investigate whether minimal semantic pertur-
bations to these scenes can force the model into
a catastrophic failure. We set the target y∗T to the
ground-truth lane change token, and employ DRIV-
EX and baselines to flip the model’s decision from
‘safe’ to ‘dangerous’. For all methods, updates are
restricted to tokens related to words that can change
in the driving template (e.g., vehicle type, speed,
position). These tokens are shown in Sec. C.2,
Fig. 9 and subset statistics are given in Tab. 10.
This setup, designed for offline model auditing,
allows us to (1) benchmark DRIV-EX against exist-
ing baselines (Sec. 4.2), (2) uncover model biases
that trigger unsafe decisions (Sec. 4.3), and (3)
demonstrate how these insights can help mitigate
bias and improve safety (Sec. 4.4).

4.2 Comparison with baselines and ablations

We compare DRIV-EX against DAB (Pynadath and
Zhang, 2025), PEZ (Wen et al., 2023), GCG (Zou
et al., 2023) and their task-adapted versions (†).
All methods are used on the LC-LLM planner, im-
plemented with instructed versions of Llama3-8B
(Dubey et al., 2024), Mistral-7B (Jiang et al., 2023)
and Qwen2.5-7B (Yang et al., 2024), as detailed
in Sec. B.2. Baselines description, adaptation and
hyperparameter search are detailed in App. D.

Evaluation Metrics. We track metrics that relate
to the counterfactual explanation constraints, given
in Eq. 1. We describe them below; further details
on metrics and thresholds are given in Sec. B.1.
• Decision (flip rate): Ratio of candidates that

lead to the target y∗T being top-ranked at step T .
• Similarity and Fluency: BERTScore (Zhang

et al., 2020) is a measure of semantic proximity
between sequence pairs. Only counterfactuals with
a BERTScore ≥ 0.95 with the initial input are kept.
In BERTScore filter, we give the ratio of such
counterfactuals. Template Fitness filter quantifies
the ratio of counterfactuals that perfectly respect
the driving template. Min Fluency is the minimum
conditional token probability (cf Sec. B.1).
• Aggregated Scores (Success Rate): These

are our primary metrics that we optimize. Aggreg
measures the number of counterfactual ‘Successes’,
where a success satisfies three strict conditions:
the decision is flipped, the template is perfectly
valid and semantic similarity is high (BERTScore
≥ 0.95). We also report Aggreg & Col, the subset
of successes that lead to a collision. It quantifies the
method’s ability to expose dangerous behaviors.

Quantitative results. Generating counterfactuals
requires balancing decision flipping with similar-
ity and fluency. As shown in Tab. 1, off-the-shelf
DAB achieves a high flip rate (100% for Llama3)
but fails on similarity (BERTScore filter of 33.3%)
due to a highly exploratory proposal step. Adding
proximity regularization (DAB†) improves similar-
ity but drastically degrades the decision flip rate
(46.7%). Conversely, PEZ (and its adapted version)
maintains high flip rate and similarity to the orig-
inal scene but lacks fluency, resulting in a lower
‘Aggregated Score’ (45.3% vs. 61.3% for DRIV-EX
on Llama3). GCG is a strong baseline on Llama3,
reaching the second best ‘Aggregated Score’ of
58.7%. However, its performance is weak on other
LLMs, particularly so on Mistral where it has the
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Flip rate Fluency Similarity Aggregation

y∗T has top↑ Min ↑ Template ↑ BERTSc ↑ Aggreg ↑ Aggreg ↑
Method LLM rank (%) fluency filter (%) filter (%) (%) & col (%)
DAB Llama3 100.0 9e-4 86.7 33.3 33.3 14.7
(Pynadath
and Zhang,
2025)

Mistral 91.8 6e-3 30.6 26.5 24.5 20.4
Qwen2.5 98.9 2e-3 7.8 10.0 7.8 7.8

DAB † Llama3 46.7 5e-3 100.0 94.7 41.3 30.7
Mistral 40.8 3e-2 98.0 91.8 38.8 34.7
Qwen2.5 26.7 7e-3 93.3 93.3 24.4 21.1

PEZ Llama3 97.3 2e-4 45.3 81.3 45.3 37.3
(Wen et al.,
2023)

Mistral 100.0 5e-4 42.9 89.8 42.9 40.8
Qwen2.5 96.7 2e-3 23.3 44.4 23.3 17.8

PEZ † Llama3 97.3 2e-4 49.3 86.7 49.3 37.3
Mistral 100.0 1e-3 57.1 95.9 57.1 40.8
Qwen2.5 94.4 3e-3 30.0 58.9 30.0 23.3

GCG Llama3 98.7 2e-4 60.0 100.0 58.7 44.0
(Zou et al.,
2023)

Mistral 98.0 1e-4 20.4 100.0 20.4 18.4
Qwen2.5 88.9 5e-4 13.3 98.9 13.3 8.9

DRIV-EX Llama3 64.0 1e-3 88.0 96.0 61.3 56.0
(ours) Mistral 83.7 4e-3 79.6 95.9 69.4 61.2

Qwen2.5 58.9 3e-3 47.8 73.3 34.4 22.2

Table 1: Main counterfactual explanation results on safety-critical textual highD subsets, where we steer LLMs
from a safe decision to a collision. We give results for comparable compute budgets: N=15 iterations for DAB/DRIV-
EX, N=150 for PEZ, except for the compute-heavy GCG for which N=6 leads to 5 times more compute. ‘†’ denotes
task-adapted baselines (vs. off-the-shelf), ‘BERTSc’ stands for ‘BERTScore’.

lowest ‘Aggregated Score’ (20.4%), due to poor to-
ken replacement proposals. This variation suggests
that GCG is sensitive to the embedding space geom-
etry of LLMs. DRIV-EX outperforms all baselines
in ‘Aggregated Score’, for all LLMs, by effectively
using the fluency model F to guide generation.
This ensures counterfactuals that are valid, fluent
and semantically close to the original scene (96.0%
BERTScore filter on Llama3).

Scaling performance. We show in Fig. 4 how
performance in ‘Aggregated Score’ scales with
compute for DRIV-EX versus baselines. All runs
are done on 40G A100 GPUs for fair comparison.
Though PEZ and PEZ† are reaching competitive
results for a small compute budget, their perfor-
mances hardly scale with more iterations. This
suggests that their best candidates are identified
in early iterations, before the unregularized opti-
mization damages the fluency. GCG has competi-
tive results on Llama3 but its compute cost is high
due to the systematic evaluation of sampled can-
didates, despite batched evaluations in our imple-
mentation (batch size = 16). Moreover, its per-
formance barely scales beyond 3 iterations. In

contrast, DAB is the only baseline that exhibits
similar scaling to DRIV-EX, but with lower perfor-
mance, while DAB† has stagnating results. Finally,
DRIV-EX is the method that scales the most with
compute, achieving by its 15th iteration a higher
‘Aggregated Score’ than all other baselines.
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Figure 4: Performance scaling with respect to com-
pute, evaluated for all methods on Llama3 with A100
GPUs. ‘it’ gives the number of iterations above runs.
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Proximity BERTSc↑ Aggreg↑ Aggreg↑
regularization filter(%) (%) &Col(%)
B (base, no reg) 82.7 52.0 48.0
B + B (Bias) 93.3 54.7 45.3
B + P (Proj) 74.7 50.7 46.7
B + L (Loss) 90.7 58.7 50.7
B + B + P + L 96.0 61.3 56.0

Table 2: Ablation of DRIV-EX proximity regulariza-
tion strategies. We compare the impact of ‘Bias’ (B),
‘Proj’ (P), and ‘Loss’ (L) terms for Llama3.

Ablation on proximity regularization. Tab. 2
evaluates the components ensuring semantic prox-
imity to the original input, introduced in Sec. 3.3.
Both ‘Bias’ and ‘Loss’ terms improve the ‘Aggre-
gated Score’ (+2.7% and +6.7% respectively), and
they are used in our adapted (†) versions of PEZ
and DAB. While ‘Proj’ alone reduces success, com-
bining it with ‘Bias’ and ‘Loss’ yields the best prox-
imity and performance (+8.0% in ‘Aggreg & Col’),
confirming the synergy of our regularizations.

Qualitative result. Fig. 14 displays a counter-
factual explanation generated with DRIV-EX. We
observe that by adjusting the ego vehicle’s longi-
tudinal speed (‘vx’) and reducing a surrounding
vehicle’s speed (from 98.21 km/h to 93.21 km/h),
DRIV-EX successfully identifies a valid, minimal
perturbation that forces the planner into a collision.

4.3 Evaluating driving LLMs’ robustness
4.3.1 Retrieving injected biases
To validate DRIV-EX, we first assess its ability to
recover known, artificial biases injected into the
training data of the driving planner. We finetune
two instances of the Llama3-based planner with
the following ‘shortcuts’: (1) ‘Vehicle bias’: the
model is trained to associate the ego-vehicle type
(car vs. truck) with specific lane-change decisions;
(2) ‘Digit bias’: the model is trained to rely on
the last digit of surrounding vehicles’ speeds to
determine its maneuver. More details in Sec. C.2.

These biased models perform similarly to unbi-
ased models on data matching their training biases.
However, their safety significantly degrades when
tested on unbiased or ‘inversely-biased’ samples
(details in Tab. 9). This highlights a critical risk:
LLM planners can appear competent while actually
relying on non-safety-critical ‘surface’ features.

To evaluate whether DRIV-EX can successfully
find latent ‘shortcuts’, we apply it to biased plan-
ners in safety-critical scenarios, and track the mod-

# of Change Token change (%)

Bias data type Biased Unbiased

Vehicle 19
any 89.5 8.0
revealing 84.2 /

Digit 135
any 52.9 5.3
revealing 34.0 /

Table 3: Token change (%) between xcf and xo when
using DRIV-EX. Results are split between biased and
unbiased token positions. For biased tokens, ‘revealing’
indicates cases where token values change accordingly
to the injected bias, ‘any’ for all cases.

ification frequency of ‘biased’ versus ‘unbiased’
token positions. We focus on samples where biased
token positions have unbiased values in the initial
scene, while the counterfactual is a success. Tab. 3
confirms that biased token positions are signifi-
cantly more susceptible to modification across both
experiments. In the vehicle bias case, DRIV-EX
modifies the shortcut token in 89.5% of cases, com-
pared to 8.0% for unbiased positions. In 84.2% of
cases, changes are ‘bias-revealing,’ meaning DRIV-
EX directly unveils the injected shortcut, such as
changing a ‘car’ to a ‘truck’ to induce the decision
change. Similarly, in the digit bias case, DRIV-EX
modifies the subtle trailing digits in 52.9% of cases,
with 34% of cases being bias-revealing. Qualita-
tive results are shown in Fig. 15 and Fig. 16. These
findings confirm that DRIV-EX effectively isolates
specific, even non-obvious, input features that a
model relies on to make driving decisions.

4.3.2 Identifying unknown biases

We now aim at finding biases in planners trained
on the original textual highD dataset. We apply
DRIV-EX to the Llama3-based planner, and focus
on two situations: ‘Keep lane’ was initially inferred
and we target either ‘Right lane change’ or ‘Left
lane change’, as it covers the majority of valid
counterfactuals leading to crashes (78% and 19%).

Without prior knowledge of existing biases, we
track the percentage of token switches across all
positions for counterfactuals that are both a success
and lead to a collision. For ‘Keep lane’→ ‘Right
lane change’, the histogram of token switch fre-
quency in Fig. 5 reveals that lateral velocity tokens
(‘vy’) are highly sensitive, with values switching
in more than 50% of successful cases. Manual in-
spection of the counterfactuals reveals that higher
negative vy values strongly bias the LLM toward
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Figure 5: Histogram of number of token changes (%) across input position for successful counterfactuals
(Llama3) that flip a ‘Keep lane’ decision to a collision-inducing ‘Right lane change’ (n=33 samples). Peaks indicate
tokens most critical for the decision flip. ‘sv’: ‘surrounding vehicle’, ‘vx/vy/ax/ay’ is for velocity and acceleration.

selecting a ‘Right lane change’, even when it leads
to a collision. Specifically, while original vy values
range from [−0.43, 0.0], DRIV-EX identifies that
shifting these to [−4.0,−0.47] flips the decision.
This shows that the model has learned to associate
high negative lateral velocity with a rightward ma-
neuver, prioritizing this shortcut over safety. Ad-
ditional results in Sec. C.3 show that Llama3 is
also biased towards a left lane change when the ego
car’s longitudinal velocity exceeds a threshold.

Finally, an analysis on Mistral and Qwen2.5 (cf
Sec. C.3) suggests that, although to a lesser extent
than Llama3, they also are sensitive to the ego car’s
velocity. Besides, they appear to be sensitive to
tokens related to surrounding vehicles, in particular
Qwen2.5 when it comes to other cars’ speeds and
distances to ego. These results confirm that DRIV-
EX can effectively identify features that lead to
unsafe behaviors in driving planners.

4.4 Mitigation for Enhanced Robustness

The results in Sec. 4.3 suggest that LLM-based
planners over-rely on lateral velocity (vy) shortcuts.
To test if removing these biased features improves
safety, we finetune Llama3-8B on three variations
of the textual highD template: i. Baseline (None):
Includes all velocity and acceleration information
(vx, vy, ax, ay). ii. Lateral-Agnostic (no vy, ay):
Removes lateral kinematics to eliminate the iden-
tified vy bias. iii. Kinematic-Free (no v, a): Re-
moves velocity and acceleration data, forcing re-
liance on spatial positioning.

We evaluate the resulting planners on the full
textual highD validation set as shown in Tab. 4. We
find that removing specific kinematic features en-
hances planner robustness. The ‘Lateral-Agnostic’
model maintains similar F1 and RMSE scores,

Text Classif (F1↑) Traj (RMSE↓) #of %of

modif macro micro lon lat col col
None 0.93 0.93 0.68 0.40 753 3.1
no vy, ay 0.92 0.92 0.48 0.51 736 3.1
no v, a 0.90 0.90 1.33 0.55 631 2.6

Table 4: Driving performance across debiased tem-
plates (Llama3) on highD val. We report lane change
classification scores, trajectory error, number and ra-
tio of collisions (‘col’). Removing kinematic features
slightly increases trajectory error but improves safety.

while reducing collisions. On the other hand, the
‘Kinematic-Free’ model drastically reduces colli-
sions but degrades trajectory prediction accuracy,
highlighting a trade-off between predictive perfor-
mance and safety. While our work focuses on bias
detection, this intervention study shows that DRIV-
EX identifies features that can guide robustness
improvements. Finer mitigation strategies, such
as counterfactual data augmentation, could also be
explored to leverage DRIV-EX generations.

5 Conclusion

In this work, we introduce DRIV-EX, a framework
that explains driving LLM decisions by generat-
ing minimal, fluent counterfactuals. By decoupling
gradient-based search from biased autoregressive
generation, DRIV-EX successfully bridges the gap
between the precise control of continuous optimiza-
tion and the coherence of discrete text generation.
Our experiments on the LC-LLM planner demon-
strate that DRIV-EX outperforms baselines, effec-
tively exposing latent biases, such as over-reliance
on velocity, and enabling targeted safety improve-
ments. Additionally, a refinement procedure of
counterfactuals is proposed in Appendix Sec. C.1.
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Limitations

While DRIV-EX effectively identifies decision
boundaries, it presents specific limitations. First,
the method currently operates solely on textual in-
puts. Extending DRIV-EX to Vision-Language
Models (VLMs) to directly handle image-based
counterfactuals is a critical avenue for future re-
search. Second, DRIV-EX can only be applied
to white-box models. Third, the optimization as-
sumes a fixed sequence length; the method cannot
currently generate counterfactuals that require in-
serting or deleting tokens relative to the original in-
put. Fourth, our evaluation is limited to the textual
highD dataset and a specific rigid template. While
the framework is generic, broader validation across
diverse NLP tasks and free-form text remains to be
done. Fifth, by combining gradient-based search
with autoregressive sampling, DRIV-EX inherits
computational costs, making it slower per-sample
than pure gradient methods. Additionally, as a lo-
cal interpretability method, aggregating individual
counterfactuals into global insights is challenging.
The aggregation strategies proposed in Sec. 4.3 rely
on the structured nature of the textual highD tem-
plate and may not generalize to unstructured free
text. Finally, our method is intended for offline
model auditing, not online deployment.

Ethical Considerations

The primary ethical implication of this work lies in
its potential for dual use. DRIV-EX automates the
discovery of input perturbations that induce dan-
gerous driving behaviors (e.g., collisions). While
our intent is to audit and improve safety, this capa-
bility effectively generates corner-cases that could
theoretically be used to attack autonomous systems.
However, we maintain that uncovering these vul-
nerabilities in a controlled setting is a prerequisite
for building robust defenses. Additionally, there
is a risk of over-reliance on the generated explana-
tions. Counterfactuals are approximations and may
not be exhaustive; if the explanations drift from the
model’s true decision mechanics or miss important
ones, it could lead developers to incorrect conclu-
sions about safety. Therefore, these insights should
be treated as diagnostic tools rather than absolute
guarantees of model logic.
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A Appendix: Empirical evidence that
targeting a single token is sufficient

Our single target token design relies on the ‘au-
toregressive inertia’ phenomenon, which is docu-
mented in the LLM jailbreak and steering literature.
As summarized in Qi et al. (2025), the effective-
ness of manipulating a very limited token window
to steer the subsequent generation is validated by
several established attack methods that use, like

our work, a shallow surrogate objective. Works
by Wei et al. (2023) and Vega et al. (2024) show
with Prefilling Attacks that forcing a short prefix
(e.g., "Sure, I can help") can hijack the downstream
generation. Recently, Andriushchenko et al. (2025)
obtain a 100% attack success rate on 10 leading
LLMs by performing a random search for an ad-
versarial suffix, guided by the log-probability of a
single target token (e.g., “Sure”). While the afore-
mentioned studies use this vulnerability for adver-
sarial means, our work repurposes this property for
explainability.

We aim to verify empirically the ‘autoregressive
inertia’ phenomenon in our setting, by verifying
that targeting the first key token is sufficient to alter
consistently the rest of the LLM generation. To do
so, we propose to monitor the semantic coherence
of LLM generations beyond step T , when given
counterfactual input prompts.

Note that the output template of textual highD
first recaps notable input features before giving its
inferred lane change class and planned trajectory
under the form of a list of 4 coordinate tuples, one
per second for the next 4 seconds. We propose to
monitor if the lane change class is consistent with
the planned trajectories, in generated outputs. To
infer what would be consistent (lane change, tra-
jectory) pairs, we first analyze the distribution of
lateral trajectory drift, per lane change class, in the
ground truth train set of textual highD. As shown
in Fig. 6, the samples with ‘Right lane change’
class are always linked to a lateral trajectory drift
under -0.905 m, samples with ‘Left lane change’
class have lateral trajectory drifts above 0.905 and
‘Keep lane’ samples have drift levels contained in
[-0.905, 0.905]. The inferred class separation of
0.905 fits the data distribution and seems to corre-
spond to (average lane width−average ego vehicle width)

2 , as
the average lane width and average ego vehicle
width are respectively of 3.75m and 1.94m in the
dataset. This suggests that the data is labeled with
‘Left lane change’ or ‘Right lane change’ as soon
as the ego vehicle has a trajectory that reaches the
separation line of a neighboring lane.

Using this inferred class separation threshold, we
monitor the ratio of LLM generated outputs that
lead to consistent (lane change, trajectory) pairs,
when fed ground truth versus counterfactual ex-
amples as input. Results in Tab. 5 show highly
consistent outputs: for Llama3, the consistency
between the flipped lane change token and the sub-
sequently generated trajectory is 100% on counter-
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Figure 6: Lateral drift of ground truth trajectories
per lane change class. In the coordinate system of the
text templates, positive coordinate values correspond
to left drifts with respect to the initial ego state, while
negative values correspond to right drifts.

factual samples, and remains above 90% for other
models. These results support our focus on the first
key token to steer the subsequent LLM generation.

LLM Data Consistence (%)
Llama3 GT val set 99.8

CF samples 100.0
Mistral GT val set 99.7

CF samples 91.8
Qwen2.5 GT val set 99.9

CF samples 90.0

Table 5: (Lane change, trajectory) pairs consistence,
for LLM generated outputs, on ground truth (‘GT’) ver-
sus counterfactual (‘CF’) samples given by DRIV-EX.

B Appendix: Experimental details

B.1 Metric details
Template fitness filter. To compute this metric,
we extract from the final decoded token sequences
(under string format) whether each learnable parts
of the text sample still corresponds to the template’s
expected type. In particular, we verify if vehicle
types are comprised in {‘car’, ‘truck’} exclusively,
if surrounding vehicles’ positions are comprised
within the 8 possibles candidates in the template
(‘Front left’, ‘Front right’, etc), and if speeds, accel-
erations, widths, lengths and distances are numeric
data within coherent ranges, following the highD
train dataset’s upper and lower numeric bounds.
We monitor the ratio of counterfactuals where all
items correspond to the template. Penalizing coun-
terfactuals that do not fall within the training set’s
numeric bounds is a way to ensure high degrees
of physical plausibility for counterfactuals, despite

not being an explicit guarantee.

Minimum fluency. To evaluate the fluency of se-
quences, and to penalize harshly the presence of
any non fluent token, we monitor the minimum con-
ditional token probability, given by fluency expert
F introduced in Sec. 3.3, for all learnable tokens
L, following Eq. 8 below:

Min fluency(x) = min
j∈L

PF
(
xj | x<j

)
(8)

Minimum fluency levels for all LLMs, computed
on the ground truth textual highD validation set, are
shown in Tab. 6.

LLM Minimum fluency
Llama3-8B 4 · 10−3

Mistral-7B 3 · 10−2

Qwen2.5-7B 3 · 10−2

Table 6: Minimum fluency, for all used LLMs, com-
puted on textual highD validation set.

BERTScore filter and threshold. To instantiate
the BERTScore scorer, we use microsoft’s model
‘deberta-xlarge-mnli’ as recommended in the of-
ficial BERTScore repository1, set the parameter
‘rescale_with_baseline’ to True and let all other
parameters to their default value.

To choose the threshold used for our BERTScore
filter and our Aggregated score, we analyse
BERTScore statistics on our dataset. We first ran-
domly sample 12,000 driving scene pairs from the
textual highD validation set (ensuring pairs de-
scribe a same number of vehicles) and evaluate
their average pairwise BERTScore to be 86.4%.
The histogram of these pairwise BERTScores is
displayed in Fig. 7.

We then analyze, on the crash dataset built for
Llama3, the average BERTScore when modifying
one single template item at a time (among: ego
vehicle’s type, speed, acceleration, width, length,
surrounding vehicle’s position, type, speed or dis-
tance) and found it to be equal to 98.9%.

We want to allow for more than one item change
at a time, in case combinations are needed for deci-
sion changes. As a result, we choose the threshold
to simultaneously be lower than 98.9% and in the
extreme right tail of the average BERTScore distri-
bution (Fig. 7), thus fixing it to 95.0%.

1https://github.com/Tiiiger/bert_score/
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Figure 7: BERTScore distribution for 12,000 ran-
domly sampled pairs of textual driving scenes (with
same number of vehicles).

B.2 Finetuning driving LLMs
To finetune LLMs to be driving planners, we train
them using the entire textual highD training set
(144,000 samples) and evaluate them on the full val-
idation set (24,000 samples), as released by Peng
et al. (2024). All LLMs are used with 8-bit quanti-
zation, whether for finetuning or inference.

We use the exact same LoRA finetuning config-
uration as in Peng et al. (2024) (cf Table 1 of their
paper), with two exceptions: Mistral is finetuned
using a gradient accumulation steps value of 32
instead of 8, and Qwen is finetuned using 4 epochs
instead of 2. These changes are made to stabi-
lize training, avoid hallucinated outputs and result
in three LLMs with comparable performances on
both the lane change classification and trajectory
prediction tasks as shown in Tab. 7.

LC Classif (F1) Traj (RMSE)

LLM macro micro lon lat
Llama2-13B † 0.971 NA 0.655 0.210
Llama3-8B 0.930 0.929 0.678 0.399
Mistral-7B 0.925 0.924 0.553 0.423
Qwen2.5-7B 0.932 0.932 0.510 0.402

Table 7: Performance of finetuned LLMs on the driv-
ing tasks, evaluated with respect to the lane change
classification (‘LC Classif’) task using F1 metric with
macro and micro average. We also monitor the trajec-
tory prediction (‘Traj’) task where performance is eval-
uated by longitudinal (‘lon’) and lateral (‘lat’) RMSE
metrics, computed as in the LC-LLM paper (Peng et al.,
2024). † indicates numbers on Llama-2-13b-chat that
are directly reproduced from the LC-LLM paper.

B.3 Finetuning fluency experts for driving
Our framework requires to have fluency expert
models F , trained on the distribution of the driv-
ing scene descriptions, with compatible tokenizers

withM. As a result, we finetune, for each LLM,
a second set of LoRA weights on the task of next
token prediction but on the input text of the textual
highD dataset, whileM is obtained by finetuning
LoRA weights on the dataset’s outputs.

The learnt representations of each fluency expert
model F are crucial to ensure a proper fluency reg-
ularization during biased autoregressive generation.
As a result, we choose the LoRA checkpoints that
reach the lowest validation evaluation value. We
display in Fig. 8 the ‘mean’ driving scene represen-
tation learnt by the Llama3 expert, i.e., the scene
that is generated by default when giving the system
prompt as input to F without any biasing.

B.4 Experimental compute budget

All experiments were conducted on a maximum of
20 parallel 40G A100 GPUs.

Finetuning and evaluation of driving LLMs.
500 hours of finetuning on 40G A100 GPUs were
needed to finetune our 7 LLMs: Llama3 (classic
finetuning, vehicle biased version, digit biased ver-
sion, debiased version 1, debiased version 2), Mis-
tral (classic finetuning), Qwen2.5 (classic finetun-
ing). In addition, 100 hours were needed for the
evaluation of these LLMs on the full textual highD
validation set. Finetuning and evaluations were
paralleled on 8 GPUs.

Counterfactual methods’ evaluation and hyper-
parameter search. More compute was required
to run DRIV-EX and baselines on safety-critical
scenarios. These evaluations required 5,000 hours
of 40G A100 GPUs (paralleled on 20 GPUs). Most
of this compute was allocated to perform a hyper-
parameter search (cf App. D).

C Appendix: Additional DRIV-EX results

C.1 Refinement of counterfactuals

Direct brute force to solve our counterfactual ex-
planation search is intractable (the average number
of combinations to test per sample, even when lim-
iting each tokens to take a maximum of 3 template-
based eligible values is of 2.7 · 1011). However,
after DRIV-EX has identified a suitable counter-
factual sequence, we propose to add an optional
refinement step where, for all groups of consecutive
tokens that were modified with respect to xo, we
test to replace them with their initial values. This is
an optional final improvement for found sequences,
not a mean to identify them. The total number of
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Driving scene description:

“The target vehicle is driving on a three-lane highway, in the middle lane.
The information about the target vehicle is as follows:
- Velocity (km/h): vx=90.40, vy=-0.04
- Acceleration: ax=-0.40, ay=0.40
- Type: truck, with width of 2.50 m and length of 17.28 m
- Historical position of the last 2 seconds (One point every 0.4s): [(-49.36,0.01), (-40.26,0.01), (-30.17,0.01), (-20.09,0.01),
(-10.04,0.01), (0.0,0.0)]

The information about its surrounding vehicles (within a range of 200 m) is listed as follows:
- Front side: a car traveling at 108.90 km/h of X-axis, with a distance of 87 m.
- Back side: a car traveling at 90.40 km/h of X-axis, with a distance of 29 m.
- Left front: a car traveling at 115.85 km/h of X-axis, with a distance of 22 m.
- Left rear: a car traveling at 115.85 km/h of X-axis, with a distance of 12 m.
- Right front: a truck traveling at 86.44 km/h of X-axis, with a distance of 32 m.
- Right rear: a truck traveling at 86.44 km/h of X-axis, with a distance of 34 m.”

Figure 8: Visualization of the ‘mean driving scene’ learnt by Llama3, using fluency-oriented LoRA weights.
The ego vehicle appears in green, surrounding trucks in orange and surrounding cars in blue.

possible combinations is then of 2#modif token groups.
With DRIV-EX on Llama3, the average number
of modified token groups is of 2.8 which accounts
for an average number of 7 possible combinations,
evaluated in a single batch of LLM inference (batch
size=20). We keep the best candidate as the refined
counterfactual.

Results for DRIV-EX with this additional step
are given in Tab. 8. As expected, this step im-
proves the values of ‘Template’ and ‘BERTScore’
filters for most LLMs, as it reduces the amount of
unnecessary token updates (e.g., +20.0% in ‘Tem-
plate filter’ and +14.5% in ‘BERTScore filter’ for
Qwen2.5). Interestingly, our proposed refinement
also improves, for all LLMs, the decision ‘Flip rate’
with increases ranging from +2.0% for Mistral to
+12.2% for Qwen2.5. As a result, the refinement
yields performance gains in ‘Aggregated Scores’
for all LLMs, with boosts of +4.0% for Llama3,
+6.1% for Mistral and +21.2% for Qwen2.5. This
optional step can thus efficiently improve results
for one single additional batch inference in average.

C.2 Retrieving injected biases
We finetune Llama3-8B on biased templates using
the same LoRA configuration as in Sec. B.2.

• Vehicle bias: For samples with ‘Left lane
change’, we modify the ego vehicle type to al-
ways be a ‘car’, while for ‘Right lane change’
ones, we set it to be a ‘truck’. No changes
were made to samples leading to ‘Keep lane’

Flip Templ BERTSc Aggreg Aggreg
LLM RF rate filt(%) filt(%) (%) &col(%)
Llama × 64.0 88.0 96.0 61.3 56.0

✓ 66.7 90.7 96.0 65.3 57.3

Mistral × 83.7 79.6 95.9 69.4 61.2
✓ 85.7 83.7 98.0 75.5 61.2

Qwen × 58.9 47.8 73.3 34.4 22.2
✓ 71.1 67.8 87.8 55.6 30.0

Table 8: Comparative DRIV-EX performance with
and without final refinement (‘RF’).

class. Compared to an unbiased sample from
textual highD shown in Fig. 9, we display its
vehicle biased version in Fig. 10.

• Digit bias: For all float numbers linked to
surrounding vehicles’ speeds, the last digit is
changed to be in {1,4,7} (respectively {2,5,8}
and {3,6,9}) when there is a ‘Left lane change’
(respectively ‘Keep lane’ and ‘Right lane
change’). A sample is shown in Fig. 11.

We include a table regarding the driving perfor-
mances of biased LLMs on unbiased, biased and
inversely biased data in Tab. 9. We display driv-
ing performances and collision ratio (%) after a
single epoch of training for a fairer comparison be-
fore catastrophic forgetting due to bias overfitting.
As mentioned in Sec. 4.3.1, this table shows that
finetuning and evaluating on similarly biased data
may hide model-learnt biases that lead to highly
degraded performances on unbiased data.

Finally, we show counterfactual explanations
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Train Val LC Classif Maneuver eval

bias bias F1 Col% Dis%

No No 0.91 3.5 1.6

Yes 0.95 3.4 1.8
Vehicle No 0.59 2.5 7.3

Inv 0.26 3.0 25.2

Yes 0.99 3.2 1.7
Digit No 0.43 5.4 8.7

Inv 0.06 8.5 20.5

Table 9: LLM driving performance and robustness
when finetuned on injected biases. ‘Inv’ stands for
‘Inversely-biased’, meaning that the validation data was
biased in an opposite way with respect to the biased
train set. ‘F1’ stands for the lane change classification
task, evaluated with the F1 macro average metric while
‘Col%’ and ‘Dis%’ respectively stand for the % of col-
lision and discomfort maneuvers when evaluating on
the textual highD validation set. Results are given for
Llama3-8B, finetuned for a single epoch.

generated by DRIV-EX for our ‘injected-bias exper-
iment’ (cf Sec. 4.3.1) that perfectly change biased
tokens to alter the driving decision, in Fig. 15 (ve-
hicle bias) and Fig. 16 (digit bias).

C.3 Identifying unknown biases

In Fig. 5, we give the histogram showing the num-
ber of token changes across input positions for suc-
cessful counterfactuals that flip a ‘Keep lane’ de-
cision to a collision-inducing ‘Right lane change’
for Llama3 (most frequent safety-critical scenario).
As described in Sec. 4.3.2, Llama3 shows a lateral
velocity (‘vy’) bias as it tends to turn right when
this velocity is below a threshold, at the expense
of safety. We display in Fig. 17 one of the coun-
terfactual explanations found by DRIV-EX in this
scenario, revealing Llama3’s ‘vy’ bias.

We expand results with histograms for Mistral
and Qwen2.5 in Fig. 12, where statistics are com-
puted on refined counterfactuals, as detailed in
Sec. C.1. Although to a lesser extent than Llama3,
Fig. 12 shows that Mistral and Qwen2.5 are also
sensitive to lateral velocity tokens (‘vy’) in this
scenario. They are also sensitive to tokens related
to surrounding vehicles — in particular their posi-
tions for Mistral, speeds and distances to ego for
Qwen2.5 — when Llama3 is almost unsensitive to
tokens that do not relate to the ego car.

We then provide in Fig. 13 the set of histograms

Driving scene description (unbiased):

“The target vehicle is driving on a three-lane highway, in the
left lane.
The information about the target vehicle is as follows:
- Velocity (km/h): vx=104.94, vy=-3.49
- Acceleration: ax=0.43, ay=-0.43
- Type: car, with width of 1.92 m and length of 5.36 m
- Historical position of the last 2 seconds (One point every
0.4s): [(-56.94,1.54), (-46.47,1.32), (-34.92,1.04),
(-23.35,0.73), (-11.68,0.38), (0.0,0.0)]

The information about its surrounding vehicles (within a
range of 200 m) is listed as follows:
- Right front: a car traveling at 110.41 km/h of X-axis, with a
distance of 80 m.
- Right rear: a car traveling at 101.70 km/h of X-axis, with a
distance of 20 m.

Thought:
- Notable features: vy=-3.49
- Notable feature: Right front is free.
- Potential behavior: Irregular right lane changes.

Final Answer:
- Intention: "2: Right lane change"
- Trajectory: "[(29.20,-0.98), (58.48,-1.75), (88.11,-2.16),
(117.99,-2.35)]"

Figure 9: Visualization of a sample from the textual
highD train set. The part in blue is the LLM input
prompt, while purple corresponds to the ground truth
LLM completion. In bold blue, we show all parts of
the template that can be changed by DRIV-EX and our
baselines to identify counterfactual explanations. In
bold red, we display the target token y∗T : we always
target the digit announcing the lane change class, as it is
the first critical driving decision token in this template.

showing token change rates for our second most
frequent safety-critical scenario: changing the de-
cision from ‘Keep lane’ to ‘Left lane change’. It
appears that Llama3 is particularly sensitive to ‘vx’
tokens (longitudinal velocity) in this use case. A
manual inspection of valid counterfactuals reveals
that when ‘vx’ is higher than 97, Llama3 is strongly
biased towards a left lane change, at the expense
of physical safety. This bias may derive from the
correlation between left lane changes and higher
longitudinal speeds, present in the training set due
to overtaking scenarios. Fig. 14 shows one of the
counterfactual explanations found by DRIV-EX in
this scenario, exposing Llama3’s ‘vx’ bias. The
histogram in Fig. 13 shows that Mistral shares this
sensitivity to ‘vx’ tokens with Llama3, but remains
sensitive to other tokens, in particular ego ‘vy’ and
surrounding vehicles’ speeds. As for Qwen2.5, con-
trary to Llama3 and Mistral, it does not show any
sensitivity to ‘vx’ tokens in this scenario, but reacts
to other ego tokens (lateral velocity, acceleration
and vehicle’s dimension) and surrounding vehicles’
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Driving scene description with ‘vehicle bias’:

“The target vehicle is driving on a three-lane highway, in the
left lane.
The information about the target vehicle is as follows:
- Velocity (km/h): vx=104.94, vy=-3.49
- Acceleration: ax=0.43, ay=-0.43
- Type: truck, with width of 1.92 m and length of 5.36 m
- Historical position of the last 2 seconds (One point every
0.4s): [(-56.94,1.54), (-46.47,1.32), (-34.92,1.04),
(-23.35,0.73), (-11.68,0.38), (0.0,0.0)]

The information about its surrounding vehicles (within a
range of 200 m) is listed as follows:
- Right front: a car traveling at 110.41 km/h of X-axis, with a
distance of 80 m.
- Right rear: a car traveling at 101.70 km/h of X-axis, with a
distance of 20 m.

Thought:
- Notable features: vy=-3.49
- Notable feature: Right front is free.
- Potential behavior: Irregular right lane changes.

Final Answer:
- Intention: "2: Right lane change"
- Trajectory: "[(29.20,-0.98), (58.48,-1.75), (88.11,-2.16),
(117.99,-2.35)]"

Figure 10: Visualization of a train sample of our
‘vehicle’ biased data. The part in blue is the LLM input
prompt, while purple corresponds to the completion. In
bright bold font, we indicate parts that highlight the
injected bias: it is always an ego ‘truck’ (and never a
‘car’) when the driving intention is ‘Right lane change’.

tokens (speed and distance to ego in particular).

D Appendix: Tuning candidate
algorithms to the task

Candidate algorithms are compared on safety-
critical subsets of the textual highD dataset. We
identify 809 dangerous scenarios among the 24,000
samples of the highD validation set. For each LLM,
we focus on subsets where the model predicts a
safe maneuver among these dangerous scenarios.
Statistics on created subsets per LLM are given in
Tab. 10.

D.1 Baselines description
We describe our baseline algorithms.

• PEZ (Wen et al., 2023) is a gradient-based
prompt optimization method. Starting from
randomly initialized embeddings correspond-
ing to tokens, the method iteratively alternates
between (i) projecting the continuous prompt
embeddings onto the nearest discrete token
embeddings to obtain a hard prompt, and (ii)
computing gradients of the task loss with re-
spect to these projected embeddings, which

Driving scene description with ‘digit bias’:

“The target vehicle is driving on a three-lane highway, in the
left lane.
The information about the target vehicle is as follows:
- Velocity (km/h): vx=104.94, vy=-3.49
- Acceleration: ax=0.43, ay=-0.43
- Type: car, with width of 1.92 m and length of 5.36 m
- Historical position of the last 2 seconds (One point every
0.4s): [(-56.94,1.54), (-46.47,1.32), (-34.92,1.04),
(-23.35,0.73), (-11.68,0.38), (0.0,0.0)]

The information about its surrounding vehicles (within a
range of 200 m) is listed as follows:
- Right front: a car traveling at 110.49 km/h of X-axis, with a
distance of 80 m.
- Right rear: a car traveling at 101.79 km/h of X-axis, with a
distance of 20 m.

Thought:
- Notable features: vy=-3.49
- Notable feature: Right front is free.
- Potential behavior: Irregular right lane changes.

Final Answer:
- Intention: "2: Right lane change"
- Trajectory: "[(29.20,-0.98), (58.48,-1.75), (88.11,-2.16),
(117.99,-2.35)]"

Figure 11: Visualization of a train sample of our
‘digit’ biased data. The part in blue is the input prompt,
while purple is the completion. In bright bold font,
we indicate parts that highlight the injected bias: each
surrounding vehicle speed’s last digit is among {3,6,9}
when the driving intention is ‘Right lane change’.

are then used to update the underlying con-
tinuous embeddings. We include our ‘Loss’
regularization term (cf Sec. 3.3) when com-
puting the task loss in (ii).

• PEZ † is our task-adapted version of the PEZ
algorithm, where we add our proposed input
proximity ‘Proj’ regularization when project-
ing embeddings in (i), as described in Sec. 3.3.

• DAB (Pynadath and Zhang, 2025) is an iter-
ative controlled decoding method that alter-
nates between two steps to steer sequence
generation toward desired properties. First,
a sampling step applies a discrete Langevin
proposal in token space, to explore the local
neighborhood and promote the sampling of a
sequence with high target likelihood. Second,
a biased autoregressive generation step refines
this candidate, relying on a modified token dis-
tribution that incorporates as penalization the
distance between each vocabulary token and
each token of the sequence sampled at step
1, in embedding space. These two steps are
iterated, with Langevin proposals enabling tar-
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Figure 12: Change (%) per token position for counterfactuals found by DRIV-EX. Results are refined as in
Sec. C.1. Statistics are computed on samples that meet our 3 success criteria and lead to a collision when changing
the decision from ‘Keep lane’ to ‘Right lane change’ (n=34 for Llama3, 17 for Mistral, 15 for Qwen2.5).

LLM Size Count Source Target

Llama3 75 50 keep lane right lane
21 keep lane left lane
3 left lane right lane
1 right lane keep lane

Mistral 49 26 keep lane right lane
20 keep lane left lane
3 left lane right lane

Qwen2.5 90 60 keep lane right lane
27 keep lane left lane
3 left lane right lane

Table 10: Statistics on created subsets for testing
LLM robustness with dangerous target lane change
class (‘Target’) instead of initial safe LLM predictions
(‘Source’).

geted exploration and autoregressive decoding
enforcing fluency. We include our ‘Loss’ regu-
larization term (cf Sec. 3.3) when performing
the discrete Langevin proposal (step 1).

• DAB † is our task-adapted version of the DAB
algorithm, where we add our proposed input
proximity ‘Bias’ regularization during biased
decoding (step 2), as described in Sec. 3.3.

• GCG (Zou et al., 2023) is an adversarial prompt

optimization method, formulated as an itera-
tive, discrete, coordinate-wise search guided
by gradients in embedding space. At each
iteration, the algorithm computes the gradi-
ent of the loss with respect to each token em-
bedding and, for every position, identifies a
set of top-k candidate replacements, linked
to largest negative gradient directions. It con-
structs a batch of candidate prompts by ran-
domly sampling among these token substitu-
tions, it evaluates the loss for each candidate,
and keeps the one leading to the lowest loss
value. This process is iterated, alternating be-
tween gradient-informed proposal and greedy
selection. We implement this algorithm us-
ing batched evaluation of candidates (batch
size=16) and include our ‘Loss’ regulariza-
tion term (cf Sec. 3.3).

D.2 Hyperparameter search setting
To ensure a robust evaluation of the proposed ex-
planation methods, we perform a systematic hy-
perparameter search using Llama3 as our primary
reference model. These optimized hyperparame-
ter configurations are then applied to Mistral and
Qwen2.5 to evaluate cross-model generalization.

Direct optimization on the validation set was
necessitated by two primary factors:

• Data scarcity: for specific configurations, such
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Figure 13: Change (%) per token position for refined counterfactuals found by DRIV-EX. Results are refined
as in Sec. C.1. Statistics are computed on samples that meet our 3 success criteria and lead to a collision when
changing the decision from ‘Keep lane’ to ‘Left lane change’ (n=8 for Llama3, 13 for Mistral, 12 for Qwen2.5).

as ‘unbiased’ Llama3 samples, the available
dataset is constrained to 75 safety-critical driv-
ing scenes. Partitioning this small sample
further into independent validation and test
subsets would significantly reduce the statis-
tical power of our results and introduce high
variance into the hyperparameter sensitivity
analysis.

• Prioritizing explanatory fidelity: given that
our primary objective is explainability, it is
imperative to identify the optimal hyperparam-
eter regime for the specific data distribution
being explained. Tuning directly on the valida-
tion set ensures that the resulting explanations
have the best possible ‘Aggregated Score’, to
provide high quality explanations.

Results suggest that the hyperparameter configu-
rations derived from Llama3 are not overfitted to a
specific LLM architecture or data subset. Indeed,
despite significant architectural variations - most
notably in tokenization density, where Llama3 av-
erages 33 learnable tokens per sample compared
to 55 for Mistral and Qwen2.5 - DRIV-EX’s per-
formance remains consistent across all three LLMs
(see main results in Tab. 1). Furthermore, we ob-
serve successful hyperparameter transferability to
the safety-critical data pools used for Qwen2.5
and Mistral, which respectively include 21 sam-

ples (23.3% of Qwen2.5 scenarios) and 4 samples
(8.2% of Mistral scenarios) that are not present in
Llama3’s safety-critical set, used for hyperparame-
ter tuning.

D.3 Exploration of hyperparameters

We explore sets of main hyperparameters for each
evaluated algorithms, both off-the-shelf and task-
adapted. The summary of this exploration is given
in Tab. 11. We detail below hyperparameters that
are not described in the main paper:

• ‘Decoding’: during each autoregressive bias-
ing step, limit the final greedy decoding to K ′

nearest neighbors of xo (in cosine similarity).

• ‘LLM logit weight’: we add a weight µ con-
trolling for the LLM logit’s strength during
autoregressive biasing. Eq. 7 becomes
xi = argmaxv∈V (µ · li,v + Bi,v + B′i,v).

• ‘Temperature’ (τ ) and ‘Exploration cap’ (k)
for DAB (Pynadath and Zhang, 2025) and
Learning rate (ν) for PEZ (Wen et al., 2023)
are original hyperparameters from each algo-
rithm. DRIV-EX also has a Learning rate (ν)
hyperparameter.
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Method Hyperparameters Evaluated range Best value

PEZ Learning rate (ν) [10−3, 10−2] 5 · 10−3

Loss regularization weight (λ) [0, 10] 9

PEZ † Loss regularization weight (λ) [0, 10] 8
Proj (K) [25, 1000] 25

DAB (S1) Temperature (τ ) [10−4, 10−2] 10−3

(S1) Exploration cap (k) [25, 500] 250
(S1) Loss regularization weight (λ) [0, 6] 5
(S2) LLM logit weight (µ) [0, 1] 1
(S2) Bias weight (w) [1, 6] 5

DAB † (S1) Loss regularization weight (λ) [0, 9] 0
(S2) Bias weight in Bi,v (w) [1, 6] 3
(S2) Bias weight in B′i,v (w′) [0, 6] 3
(S2) Decoding (K ′) [25, 500] off

GCG Substitution proposals per token (top-k) [128, 256] 128
Candidate sampling among proposals (B) [128, 512] 512
Loss regularization weight (λ) [0, 1] 0

DRIV-EX Proj (K) [25, 100] 50
Learning rate (ν) [5 · 10−3, 2 · 10−2] 7.5 · 10−3

Loss regularization weight (λ) [0, 9] 7
LLM logit weight (µ) [0, 1] 1
Bias weight in Bi,v (w) [1, 6] 8
Bias weight in B′i,v (w′) [0, 6] 3
Decoding (K ′) [25, 500] off

Table 11: Summary of our hyperparameter search for DRIV-EX and baselines. ‘(S1)’ and ‘(S2)’ stand for
‘Step 1’ and ‘Step 2’ as DAB is a 2-step algorithm. † stands for task-adapted algorithms (versus off-the-shelf ones).
For adapted versions, we only indicate hyperparameter values that differ from off-the-shelf ones. Evaluations are
done for the same number of iterations as in Tab. 1: N=15 for DAB/DRIV-EX, N=150 for PEZ, N=6 for GCG.

E Appendix: License and terms of use

The highD dataset (Krajewski et al., 2018) is a pub-
lic dataset that is free for non-commercial research.
We applied for ‘Access for Non-Commercial Use’
via levelxdata’s website form2 and agreed to its
terms and conditions, including: using the data for
research only, referencing the highD dataset in our
paper submission, and only distributing derivative
works in as far as they are abstract representations
of the dataset. We were granted said access.

We downloaded the textual transcription of the
highD dataset, described in Peng et al. (2024), that
is freely available on the authors’ repository3 with-
out license specification.

The data that we used to finetune and evaluate

2https://levelxdata.com/highd-dataset/
3https://github.com/Pemixing/LCLLM/blob/main/

llm_data

the LLMs contains no personal information as all
driving scenarios are anonymized; they only men-
tion vehicle type (‘car’ or ‘truck’), speeds, accel-
erations and positions. Our verification process
included parsing the entire train and val sets of the
textual highD dataset and verifying that 100% of
the data fell in the exact template shown in Fig. 9.

Our use of language models (Llama3, Mistral,
Qwen2.5, deberta-xlarge) and LoRA finetuning is
based on HuggingFace public Hub and libraries.
Terms of Service are specified on their website 4.

Our use of the highD dataset and HuggingFace
tools is consistent with their intended use, as our
sole endeavor was to produce open-source science.

4https://huggingface.co/terms-of-service
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 The target vehicle is driving on a three-lane highway, 
  in the right lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=91.37, vy=0.07
  - Acceleration: ax=-0.90, ay=0.90
  - Type: truck, with width of 2.50 m and length of 17.28 m
  - Historical position of the last 2 seconds (One point 
    every 0.4s): [(-50.23,0.01), (-40.94,0.03), (-30.62,
    0.04), (-20.37,0.04), (-10.18,0.02), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a truck traveling at 87.44 km/h of X-axis, 
    with a distance of 27 m.
  - Back side: a car traveling at 89.03 km/h of X-axis, 
    with a distance of 71 m.
  - Left side: a car traveling at 98.21 km/h of X-axis, 
    with a distance of 4 m.
  - Left front: a truck traveling at 90.83 km/h of X-axis, 
    with a distance of 39 m.
  - Left rear: a car traveling at 127.87 km/h of X-axis, 
    with a distance of 49 m.

Initial input prompt

 Thought:
  - Notable feature: Front side is block.
  - Notable feature: Left side is block.
  - Potential behavior: Following and 
    Keep lane.

Final Answer:
  - Intention: "0: Keep lane"
  - Trajectory: 
   "[(25.25,0.10), (50.28,0.24), 
      (74.98,0.30), (99.44,0.30)]"

Initial LLM completion Initial driving scene

Counterfactual driving scene
 The target vehicle is driving on a three-lane highway, 
  in the right lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=97.37, vy=0.07
  - Acceleration: ax=-0.90, ay=0.90
  - Type: truck, with width of 2.50 m and length of 17.28 m
  - Historical position of the last 2 seconds (One point 
    every 0.4s): [(-50.23,0.01), (-40.94,0.03), (-30.62,
    0.04), (-20.37,0.04), (-10.18,0.02), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a truck traveling at 87.44 km/h of X-axis, 
    with a distance of 27 m.
  - Back side: a car traveling at 89.03 km/h of X-axis, 
    with a distance of 71 m.
  - Left side: a car traveling at 93.21 km/h of X-axis, 
    with a distance of 4 m.
  - Left front: a truck traveling at 90.83 km/h of X-axis, 
    with a distance of 39 m.
  - Left rear: a car traveling at 127.87 km/h of X-axis, 
    with a distance of 49 m.

 Thought:
  - Notable feature: Front side is block.
  - Notable feature: Left side is block.
  - Notable feature: right lane
  - Potential behavior: Change to the 
    left lane for overtaking.

Final Answer:
  - Intention: "1: Left lane change"
  - Trajectory: 
   "[(26.91,0.19), (53.44,1.03),
      (79.30,2.22), (104.40,3.23)]"

Counterfactual LLM completionCounterfactual input prompt

Figure 14: Visualization of a counterfactual explanation, generated by DRIV-EX for the Llama3-based planner.
In bold blue, we highlight characters that differ between the initial input and its counterfactual. The counterfactual
driving scene shows that the planned trajectory leads to a collision at t=3 secs.

 The target vehicle is driving on a three-lane highway, 
  in the left lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=113.80, vy=-0.36
  - Acceleration: ax=1.26, ay=-1.26
  - Type: car, with width of 1.92 m and length of 5.05 m
  - Historical position of the last 2 seconds (One point 
    every 0.4s): [(-61.32,-0.00), (-50.14,-0.01), (-37.67,
    -0.00), (-25.14,0.01), (-12.60,0.02), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a car traveling at 119.23 km/h of X-axis, 
    with a distance of 31 m.
  - Back side: a car traveling at 116.53 km/h of X-axis, 
    with a distance of 36 m.
  - Right side: a truck traveling at 90.90 km/h of X-axis, 
    with a distance of 14 m.
  - Right front: a truck traveling at 93.49 km/h of X-axis, 
    with a distance of 186 m.
  - Right rear: a car traveling at 102.02 km/h of X-axis, 
    with a distance of 45 m.

Initial input prompt

 Thought:
  - Notable features: ax=1.26
  - Notable feature: Front side is free.
  - Notable feature: Right side is block.
  - Potential behavior: Normal Keep lane.

Final Answer:
  - Intention: "0: Keep lane"
  - Trajectory: 
   "[(31.80,-0.19), (63.90,-0.37), 
      (96.30,-0.40), (128.99,-0.32)]"

Initial LLM completion

 Thought:
 - Notable features: ax=1.26
  - Notable feature: Front side is free.
  - Notable feature: Right side is block.
  - Potential behavior: Change right to 
    the slow lane.

Final Answer:
  - Intention: "2: Right lane change"
  - Trajectory: 
   "[(31.80,-0.24), (63.90,-0.81), 
      (96.11,-1.60), (128.30,-2.40)]"

Counterfactual LLM completion

Initial driving scene

Counterfactual driving scene
 The target vehicle is driving on a three-lane highway, 
  in the left lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=113.80, vy=-0.36
  - Acceleration: ax=1.26, ay=-1.26
  - Type: truck, with width of 1.92 m and length of 4.05 m
  - Historical position of the last 2 seconds (One point 
    every 0.4s): [(-61.32,-0.00), (-50.14,-0.01), (-37.67,
    -0.00), (-25.14,0.01), (-12.60,0.02), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a car traveling at 119.23 km/h of X-axis, 
    with a distance of 31 m.
  - Back side: a car traveling at 116.53 km/h of X-axis, 
    with a distance of 36 m.
  - Right side: a truck traveling at 90.90 km/h of X-axis, 
    with a distance of 14 m.
  - Right front: a truck traveling at 93.49 km/h of X-axis, 
    with a distance of 186 m.
  - Right rear: a car traveling at 102.02 km/h of X-axis, 
    with a distance of 45 m.

Counterfactual input prompt

Figure 15: Visualization of a counterfactual explanation exposing the decision boundary of our ‘vehicle’
biased LLM, generated by DRIV-EX. In bold blue, we highlight characters that differ between the initial input and
its counterfactual. The counterfactual driving scene shows that the planned trajectory leads to a collision at t=3 secs.
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The target vehicle is driving on a three-lane highway, 
in the middle lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=120.35, vy=-0.86
  - Acceleration: ax=0.36, ay=-0.36
  - Type: car, with width of 2.22 m and length of 5.66 m
  - Historical position of the last 2 seconds (One point 
   every 0.4s): [(-65.35,0.26), (-53.36,0.23), (-40.05,0.18), 
   (-26.73,0.14), (-13.38,0.08), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a car traveling at 124.02 km/h of X-axis, 
    with a distance of 63 m.
  - Right side: a truck traveling at 90.54 km/h of X-axis, 
    with a distance of 12 m.
  - Left front: a car traveling at 121.32 km/h of X-axis, 
    with a distance of 31 m.
  - Left rear: a car traveling at 129.20 km/h of X-axis, 
    with a distance of 9 m.

Initial input prompt

The target vehicle is driving on a three-lane highway, 
in the middle lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=120.35, vy=-1.86
  - Acceleration: ax=0.36, ay=-0.36
  - Type: car, with width of 2.22 m and length of 5.66 m
  - Historical position of the last 2 seconds (One point 
   every 0.4s): [(-65.35,0.26), (-53.36,0.23), (-40.05,0.18), 
   (-26.73,0.14), (-13.38,0.08), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a car traveling at 124.03 km/h of X-axis, 
    with a distance of 63 m.
  - Right side: a truck traveling at 90.53 km/h of X-axis, 
    with a distance of 12 m.
  - Left front: a car traveling at 121.33 km/h of X-axis, 
    with a distance of 31 m.
  - Left rear: a car traveling at 129.23 km/h of X-axis, 
    with a distance of 9 m.

Counterfactual input prompt

 Thought:
  - Notable feature: Front side is free.
  - Notable feature: Left front is free.
  - Notable feature: Right side is block.
  - Potential behavior: Normal Keep lane.

Final Answer:
  - Intention: "0: Keep lane"
  - Trajectory: 
   "[(33.52,-0.32), (67.12,-0.52), 
     (100.72,-0.52), (134.42,-0.52)]"

Initial LLM completion

 Thought:
  - Notable features: vy=-1.93
  - Notable feature: Front side is free.
  - Notable feature: Left front is free.
  - Notable feature: Right side is block.
  - Potential behavior: Irregular right 
    lane changes.

Final Answer:
  - Intention: "2: Right lane change"
  - Trajectory: 
   "[(33.53,-0.93), (67.13,-2.23), 
      (100.73,-3.23), (134.33,-3.73)]"

Counterfactual LLM completion

Initial driving scene

Counterfactual driving scene

Figure 16: Visualization of a counterfactual explanation exposing the decision boundary of our ‘digit’ biased
LLM, generated by DRIV-EX. In bold blue, we highlight characters that differ between the initial input and its
counterfactual. The counterfactual driving scene shows that the planned trajectory leads to a collision at t=2 secs.

 The target vehicle is driving on a three-lane highway, 
  in the left lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=116.21, vy=-0.29
  - Acceleration: ax=-1.04, ay=1.04
  - Type: car, with width of 2.12 m and length of 5.26 m
  - Historical position of the last 2 seconds (One point 
    every 0.4s): [(-63.58,-0.05), (-51.92,-0.02), (-38.94,
    -0.00), (-25.95,0.01), (-12.96,0.01), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a car traveling at 95.18 km/h of X-axis, 
    with a distance of 96 m.
  - Right front: a truck traveling at 94.64 km/h of X-axis, 
    with a distance of 23 m.
  - Right rear: a car traveling at 94.14 km/h of X-axis, 
    with a distance of 11 m.

Initial input prompt

 Thought:
  - Notable features: ax=-1.04
  - Notable feature: Front side is block.
  - Notable feature: Right side is block.
  - Potential behavior: Following and 
    Keep lane.

Final Answer:
  - Intention: "0: Keep lane"
  - Trajectory: 
   "[(32.12,-0.16), (63.80,-0.35), 
      (95.08,-0.45), (126.14,-0.48)]"

Initial LLM completion

 Thought:
 - Notable features: ax=-1.04
  - Notable feature: Front side is block.
  - Notable feature: Right side is block.
  - Notable feature: left lane
  - Potential behavior: Change to 
    the right lane for overtaking.

Final Answer:
  - Intention: "2: Right lane change"
  - Trajectory: 
   "[(32.12,-0.77), (63.80,-2.04), 
      (94.94,-3.15), (125.66,-3.80)]"

Counterfactual LLM completion

Initial driving scene

Counterfactual driving scene
 The target vehicle is driving on a three-lane highway, 
  in the left lane.
The information about the target vehicle is as follows:
  - Velocity (km/h): vx=116.21, vy=-1.29
  - Acceleration: ax=-1.04, ay=1.04
  - Type: car, with width of 2.12 m and length of 5.26 m
  - Historical position of the last 2 seconds (One point 
    every 0.4s): [(-63.58,-0.05), (-51.92,-0.02), (-38.94,
    -0.00), (-25.95,0.01), (-12.96,0.01), (0.0,0.0)]

The information about its surrounding vehicles (within a 
range of 200 m) is listed as follows:
  - Front side: a car traveling at 95.18 km/h of X-axis, 
    with a distance of 96 m.
  - Right front: a truck traveling at 94.64 km/h of X-axis, 
    with a distance of 23 m.
  - Right rear: a car traveling at 94.14 km/h of X-axis, 
    with a distance of 11 m.

Counterfactual input prompt

Figure 17: Visualization of a counterfactual explanation revealing Llama3’s ‘vy’ bias, generated by DRIV-EX.
In bold blue, we highlight characters that differ between the initial input and its counterfactual. The counterfactual
driving scene shows that the planned trajectory leads to a collision at t=3 secs.
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