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ABSTRACT: This study develops a crash risk prediction model at the individual vehicle level by leveraging the reasoning capability of large
language models (LLMs). Instead of using the LLM itself for online prediction, the proposed framework converts LLM reasoning into structured
supervision and distills it into a lightweight temporal graph network, which is then calibrated with real crash data. The framework is evaluated
using pre-crash vehicle trajectories from 109 real-world crashes captured in multi-year drone videos at freeway merging and weaving segments
in Nanjing, China. Results show that the proposed model outperforms representative benchmarks, including direct LLM inference, direct
supervised training on real crash data, and traditional surrogate safety measures. Compared with direct supervised training using the same
student architecture, it increases AUC by 7.8% and reduces MAE by 28.0%. Moreover, the proposed model is particularly effective when real
crash data are limited. When only 10% of the fine-tuning data is used, it achieves the best performance among the compared methods, reducing
MAE by 19.6% relative to the LLM baseline and by 38.0% relative to direct supervised training. These findings suggest that the proposed
framework can improve prediction performance and data efficiency when real crash data are limited.
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1. Introduction

Crash risk prediction at the individual vehicle level aims
to determine whether an ongoing interaction among vehicles
is likely to develop into a crash. With the growing use of
proactive traffic control and safety intervention systems, fast
and accurate crash risk prediction has become increasingly
important. It determines how early a hazardous situation can
be identified and how effectively control actions can be
implemented. Thus, this topic has received increasing
attention in traffic safety research.

Early studies on crash risk prediction for individual
vehicles mainly relied on surrogate safety measures (SSMs)
derived from vehicle trajectories. Typical indicators, such as
time to collision (Hayward, 1972), post-encroachment time
(Peesapati et al., 2018), and deceleration-based measures
(Tak et al.,, 2015), assess crash risk by characterizing traffic
conflicts in terms of the temporal or spatial proximity of
vehicle interactions. These studies implicitly assume that
traffic conflicts become more severe as vehicle interactions
move closer to a crash, so a more severe conflict corresponds
to a higher likelihood of crash occurrence (Ali et al., 2023).
However, a single SSM usually captures only one aspect of a
hazardous interaction and is therefore insufficient to
represent the coupled and dynamic nature of multi-vehicle
interactions in complex traffic situations. To address this
limitation, later studies combined multiple SSMs within
multivariate or composite frameworks (Arun et al., 2022),

introduced richer conflict-based indicators that jointly
consider proximity and collision severity (Tang et al., 2024),
or developed safety-field-based risk representations (Wang
et al., 2015). However, the validity of these SSMs-based
approaches remains uncertain because they have rarely been
validated against trajectories preceding actual crashes (Ali et
al., 2023). This limitation mainly arises from the rarity and
randomness of real-world crashes, which make detailed pre-
crash vehicle trajectories difficult to obtain. As a result, it
remains unclear whether these measures truly capture crash
formation or merely identify severe interactions that do not
end in crashes (Chen et al., 2025b). This weakens the
interpretability of the resulting risk estimates and limits their
reliability for safety intervention.

With the increasing feasibility of drone-based traffic
observation, some recent studies have begun to obtain
trajectories preceding real-world crashes or other safety-
critical events through long-term data collection (Berghaus
et al., 2024). Although real-world crashes are rare and
random events, sustained observation over extended
periods can still yield a limited but useful set of pre-crash
trajectories. For example, Shi et al. (2018) validated pre-crash
risk indicators using two reconstructed real-world crash
cases from surveillance videos. Based on one year of drone
recordings, Wang et al. (2024) obtained 20 rear-end crashes
to develop and evaluate surrogate safety measures for traffic
oscillations, while Chen et al. (2025a) collected 30 lane-
changing crashes to develop an individual vehicle crash
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prediction model. Several studies have used reconstructed
per-crash trajectories or in-depth crash data to extract typical
scenarios or generate high-risk scenarios (Huang et al., 2024;
Zhou et al., 2025). This shift is important because real crash
trajectories preserve the actual interaction process before a
crash and therefore provide a much stronger empirical basis
for linking hazardous interactions to crash outcomes. At the
same time, these studies also show how costly and time-
consuming such data collection remains in practice. Even
with long-term observation, usable crash trajectories still
account for only a small proportion of the overall collected
data. Previous studies have also noted that limited crash data
remain a major obstacle to model development in crash risk
prediction (Shew et al., 2013). This suggests that further
progress in crash risk prediction cannot rely solely on
collecting more real crash data. It also requires more effective
ways to learn from the limited real crash data that can
realistically be obtained (Jiao et al., 2026).

Large language models (LLMs) have recently attracted
increasing attention in the field of transportation because of
their strong capabilities in understanding, generation, and
reasoning (Chen et al., 2026b; Kuang et al., 2025; Yang et al.,
2026; Zhang et al., 2026). These capabilities enable LLMs to
interpret complex traffic contexts and infer plausible
developments. This is particularly relevant to traffic safety
research, where safety-related judgments often depend on
multiple interacting factors and rich contextual cues.
Motivated by this potential, recent studies have begun to
examine the use of LLMs across different traffic safety tasks.
One line of work applies LLMs to text-based crash data, such
as crash reports and crash narratives, for tasks including
crash severity inference (Zhen and Yang, 2025), crash
outcome interpretation (Zhao et al., 2025), and crash factor
extraction (Arteaga and Park, 2025; Kuang et al., 2024). The
basic idea is to use the broad knowledge and reasoning
ability of LLMs to extract safety-relevant information and
generate structured judgments from complex crash
descriptions. More recently, LLM-based research has also
extended to crash risk analysis at the individual vehicle level.
In this setting, trajectory information can be organized into
structured scene descriptions, allowing LLMs to reason
about vehicle roles, motion states, relative positions, and
recent interaction trends. Related studies have shown that
LLMs can extract safety relevant information and generate
interpretable judgments from structured traffic safety
descriptions. For example, Lan et al. (2024) proposed Traj-
LLM, which uses observed trajectories and scene semantics

to support future trajectory prediction with pretrained LLMs.

(Zhong et al., 2025) further developed an LLM-based system
with causal inference and Chain of Thought reasoning for
traffic scene risk assessment. Although these studies suggest
that LLMs hold considerable promise for crash risk analysis
at the individual vehicle level, several issues remain
unresolved. Specifically, most existing studies use the
reasoning outputs of the LLM itself as direct judgments of
crash risk. This makes real-time deployment difficult
because large models are computationally expensive and
slow to respond (Zhong et al., 2025). In addition, the
reasoning results of LLMs may vary across prompts or
repeated runs even for the same event, which introduces
extra uncertainty into crash risk prediction (Karim et al,,

2025). More fundamentally, although LLMs possess broad
knowledge, their understanding of traffic safety is learned
mainly from general text data. It therefore remains unclear
whether such safety understanding can faithfully reflect the
actual evolution of risk before real crashes.

To address these gaps, this study develops and
evaluates an LLM-guided framework with high data
efficiency for crash risk prediction at the level of individual
vehicles. The motivation for using the LLM is not to replace
prediction models based on vehicle trajectories, but to
introduce structured prior knowledge when real crash data
are limited. Although the LLM is not trained specifically on
the crash trajectories used in this study, it has learned broad
knowledge about traffic safety, driving behavior, and crash-
related interactions from large-scale pretraining. This
knowledge can be used to generate initial risk assessments
from structured scene descriptions, which provide useful
supervision for training a compact prediction model.
Specifically, the proposed framework first converts pre-
crash vehicle interaction trajectories into scene descriptions
and then uses an LLM to infer crash probability and
remaining time to crash. These LLM-derived outputs are
distilled into a lightweight temporal graph network and
further calibrated with real crash data through fine-tuning.
In this way, the framework uses the LLM as an offline
teacher to improve data efficiency, while the final deployed
model remains a lightweight predictor based on vehicle
trajectories. The proposed framework is evaluated using pre-
crash trajectories extracted from 109 real-world crash events.

The remainder of this paper is organized as follows.
Section 2 describes the data source and the extraction of pre-
crash vehicle trajectories. Section 3 introduces the proposed
LDF framework, including LLM-guided crash risk inference,
distillation into a lightweight temporal graph network, and
fine-tuning with real crash labels. Section 4 reports the main
experimental results and benchmark comparisons. Section 5
provides extended validation, including sensitivity analyses
for different LLM teachers and student models, and
evaluates deployment efficiency. Section 6 concludes the

paper.
2. Data

The data used in this study are obtained from drone
videos collected over multiple years at two busy expressway
segments in Nanjing, China. The locations and geometric
layouts of the two study sites are shown in Fig. 1(a). The first
site is a merging segment, where videos were recorded from
October 15, 2021 to March 3, 2023. The second site is a
weaving segment, where videos were recorded from
September 24, 2023 to August 1, 2024. At both sites, videos
were collected on sunny weekdays during the morning peak
period from 7:30 AM to 9:30 AM. These two sites and this
time window were selected because they showed similar
congested traffic conditions during the morning peak and
had also been identified in traffic police records as crash-
prone locations. This increased the likelihood of capturing
video footage before real crash events. Environmental
conditions were controlled during data collection. All videos
were recorded on sunny days with good visibility, limiting
the potential influence of adverse weather, poor lighting,
and restricted visibility on vehicle behavior and crash
formation. The drones were operated at an altitude of
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approximately 300 m and covered 400 m of roadway. They
were equipped with 4K cameras and recorded at 30 frames
per second. This setup provides sufficient spatial and
temporal detail to capture vehicle movements and
interactions. In total, 109 crash events were obtained,
including 76 at the merging site and 33 at the weaving site.
The recorded videos are processed using a high-
precision vehicle trajectory extraction framework. In this
framework, the raw footage is first stabilized to remove
camera motion caused by wind and manual operation.
Vehicles are then detected using a customized detection
module with an accuracy exceeding 99%, and the mean
localization error between the detected vehicle centers and
ground truth is approximately 0.04 m. Based on these
detections, a kinematics-driven tracking algorithm is used to
reconstruct continuous trajectories for vehicles in the
observation area. Finally, a smoothing procedure is applied
to remove high-frequency noise, resulting in stable and
physically consistent motion profiles suitable for subsequent
analysis. Detailed descriptions and validations of this
trajectory extraction framework can be found in our
previous studies (Chen et al., 2021, 2024, 2025a; Wang et al.,
2024). Using this framework, we obtained vehicle trajectories
from each drone recording, including the trajectories of
(a) Study site

vehicles involved in crashes. The extracted trajectory data
record the longitudinal position, lateral position, lane
boundary location, speed, acceleration, heading angle,
vehicle length, and vehicle width of each vehicle. From these
trajectories, we further extracted the pre-crash trajectories of
the vehicles involved in each crash. Fig. 1(b) shows examples
of the extracted pre-crash trajectories, together with image
snapshots that illustrate the crash development process. The
traffic flow characteristics and vehicle composition were
then summarized from the extracted trajectories to clarify the
scope of the data used in this study. The average traffic
volume was approximately 4,025 vehicles per hour at the
merging site and 5,267 vehicles per hour at the weaving site.
The corresponding average speeds were 4.1 m/s and 4.7 m/s,
respectively. These values show that the analyzed crash
events occurred under congested, low speed traffic
conditions. We further examined the vehicle lengths during
the analysis period. The observed vehicle lengths ranged
from 3.9 m to 5.7 m, with a mean of 4.8 m and a standard
deviation of 0.4 m. This range indicates that the analyzed
vehicles were passenger cars, with no trucks or buses
observed.
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3. Methodology

3.1. LLM-Guided Crash Risk Inference

We introduce an LLM-based reasoning module to assess
the crash risk level of a multi-vehicle interaction state and
generate pseudo labels for offline supervision. An open-
source LLM, Qwen3-235B-A22B, is employed as the
reasoning engine. The overall workflow of the LLM-based
crash risk inference module is illustrated in Fig. 2.

Since the LLM is not well suited to directly process raw
numerical trajectories, the vehicle trajectories are first
converted into structured textual scene descriptions.
Specifically, each pre-crash trajectory is divided into a
sequence of decision observations at 0.1 s intervals. Each
decision observation is anchored at one prediction time
before the crash and is then converted into one textual scene

description. For a given decision observation, the input
includes the target vehicle and up to six surrounding
vehicles, including the leading and following vehicles in the
current lane, the left lane, and the right lane. The input
describes both the current interaction state at the prediction
time and the recent trajectory history over the preceding 1.0
s observation window. The current interaction state includes
speed, acceleration, longitudinal position, lateral position,
heading angle, vehicle length, and vehicle width for each
vehicle. The historical part summarizes the temporal
evolution of these variables over the observation window.
This design allows the LLM to assess not only the
instantaneous spatial configuration, but also how the
interaction is evolving toward or away from a crash.

1: Trajectory-Based Inputs

2: Trajectory-to-Text Scene Description

Current Traffic State
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— Acecleration: {@}mis® ]
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3 I
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|Role Setting]
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Predict remaining time to crash.......

Fig. 2. Workflow of LLM-guided crash risk inference.

The prompt further specifies the role and task of the
LLM. Specifically, the LLM is instructed to act as a traffic
safety analyst and to assess whether the current interaction
is likely to develop into a crash. If so, it then estimates the
remaining time to crash. The LLM performs three
consecutive reasoning steps. First, it analyzes the current
interaction state to determine whether the spatial
configuration and motion pattern indicate a dangerous
situation. Second, it examines the recent trajectory history to
determine whether the interaction trend is becoming more
critical. Third, it combines the current state and recent
evolution to make the final judgment. To ensure stable

parsing and consistent supervision, the final LLM judgment
is constrained to a predefined structured format rather than
unconstrained free text. Specifically, the output contains the
estimated crash probability and the estimated remaining
time to crash. This staged reasoning process improves
interpretability because the final judgment is grounded in
explicit intermediate analyses rather than direct one-step
generation. For decision observation n, let S, denote the
textual prompt constructed from the -corresponding
interaction scene at the corresponding decision instant. The
LLM output is defined as
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where pi*™ € [0,1] denotes the crash probability estimated by

the LLM, and #}*™ denotes the remaining time to crash
(a) Distilled Student Model

estimated by the LLM.
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Fig. 3. Distillation and fine-tuning framework of the student model.

3.2. Distilling a Lightweight Temporal Graph Network

Building on the structured outputs generated by the
LLM in Section 3.1, we next distill the LLM knowledge into
a lightweight temporal graph network for efficient online
inference. Here, the LLM serves as the teacher model, and
the lightweight temporal graph network serves as the
student model. We use a graph network because multi-
vehicle interactions can be naturally represented as a graph,
in which each vehicle and its interactions with nearby
vehicles are explicitly modeled. Recent studies have also
shown that graph-based methods are effective for modeling
traffic interactions and vehicle behavior (Chen et al., 2026a).
Unlike the LLM, which relies on prompts and step-by-step
language reasoning, the student model operates directly on
vehicle trajectory data while producing the same outputs,
namely crash probability and remaining time to crash. This
design substantially reduces inference cost and latency. The
workflow of the lightweight temporal graph network is
shown in Fig. 3(a).

At observation time ¢, the preceding T observations are
represented as an ego-centered temporal interaction graph
sequence G _ri1.1) = {G(e-r+1), -, G¢} . For each time step k,
Gy = (Vy, Ex, X, R), where V, and E,, denote the node set and
edge set, respectively, X, € RIVEIXdx ig the node feature matrix,
and R, € RIFkX4r is the edge feature matrix. In this study, T is
set to 10, corresponding to a 1.0 s interaction history sampled
at 0.1 s intervals. Each graph contains the target vehicle and
up to six surrounding vehicles in fixed relative positions

around the target vehicle. For vehicle node i € V;, the node
feature vector is defined as

Xit = [Vi,t' Qi) ll’i,t] @)

where v;4, a;;, and y;, denote the vehicle speed, acceleration,
and heading angle, respectively.

For each directed interaction edge (0,j) € E;, where 0
denotes the target vehicle and j denotes one of its
surrounding vehicles, the edge feature vector is defined as

Tojt = [doj,t' Avyje, Axgj 1 A}’o}',t] ©)

where dy;, is the remaining distance between the target
vehicle and vehicle j, 4vy;, is the relative speed, and 4x;,
and Ay,;, are the relative longitudinal and lateral offsets,
respectively. If a surrounding vehicle is absent at a
predefined position, its corresponding node and edge
features are zero-padded and accompanied by binary masks
so that the graph layout remains consistent across
observations.

As shown in Fig. 3(a), the student model consists of a
spatial graph encoder, an interaction-aware encoder, and a
temporal attention encoder. At each time step t, the spatial
graph encoder first projects the raw node and edge features
into a latent space for subsequent interaction modeling;:
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H{ = X,W, + b,, M!= RW, + b, )

where H! and M} denote the initial node and edge
embeddings, respectively, W, and W, are learnable weight
matrices, and b, and b, are learnable bias vectors. Let &;,
denote the embedding of node i extracted from H/, and let
m,; denote the embedding of edge (0,)) extracted from M.
To summarize the overall interaction information at time
step t, the edge embeddings are transformed by a shared
multilayer perceptron and then aggregated as

fre = MaxPool (MLP(M)) @)

where fr¢ is a global interaction descriptor. To explicitly
incorporate pairwise interactions into the subsequent
encoder, an edge-aware interaction token is constructed for
each target-neighbor pair:

$oic = (Wohoe|[Whh || Wonmgj el | fr.e] (6)
where || denotes concatenation, W, W,, and W, are learnable
projection matrices, j€N,, and M, denotes the set of
available neighboring vehicles around the target vehicle.

In this way, the edge features are explicitly incorporated
through my;, into the interaction tokens processed by the
interaction-aware encoder. Let S{ = {s{;}jex, denote the set
of interaction tokens at time step t. The interaction-aware
encoder refines these tokens as

St(l) = TransformerBlock(St(l_D) @

where I =1, ..., L, and TransformerBlock(-) denotes a standard
encoder block consisting of multi-head self-attention,
residual connections, layer normalization, and a feed-
forward network. After the final layer L, attention pooling is
applied to obtain the scene embedding g;

exp(q” tanh(VI/;,sgj,t))
Boje = = L ®
Zke]\/‘oexp(q tanh(VVIJSOR,t))
gt = Z}_E”U Boj.e SGj.e ©)

where W, and q are learnable parameters. This design allows
the model to adaptively emphasize the most safety-critical
interactions at each time step.

The sequence of scene embeddings {gi_r+1y, -, gc} is
then fed into the temporal attention encoder to capture the
evolution of the interaction patterns over the historical
observation window. Let G ={g¢_rip), .., gt}T . The
temporal attention encoder applies multi-head self-attention
over the temporal dimension. For each attention head, the
query, key, and value matrices are obtained by linear
projection:

Q=GW,y, K =G*W, V=0G*W, (10)
The attention output is computed as
QKT
Attn(Q,K,V) = SoftMax \/d— \% an
k

where d, is the key dimension. The outputs of all attention
heads are concatenated and linearly projected to obtain the
final temporal representation:

h= Linear(Concat(Al,Az, ...,Am)) (12)

where 4y,..., A,, are the outputs of the m attention heads.
Based on %, two task-specific output heads are used to
predict crash probability and remaining time to crash,
respectively:

pE=o(fas(W), = To 0 (freg®) (13)

where pS € (0,1) denotes the predicted crash probability, *
denotes the estimated remaining time to crash, and o(")
denotes the sigmoid function. Here, T,,,, is the upper bound
imposed on the regression output so that #5 is restricted to
the range [0, Thax]-

Using the LLM outputs defined in Section 3.1 as
supervision, the student model is trained to match the
structured assessments produced by the LLM. The
probability distillation loss is defined as

N
. 1
1 = () D BCE®E 5 a9
n=1

where N is the mini-batch size, and BCE(-) denotes the binary
cross entropy loss used to measure the discrepancy between
the student-predicted crash probability and the LLM-
estimated crash probability.

For the prediction of remaining time to crash, the
regression head is updated only when both the LLM and the
student predict that a crash will occur. Let $5* and 95
denote the corresponding binary crash decisions obtained
from pi*™ and p;;, respectively, using a predefined threshold
of 0.5. We then define

1,if PHM =1 and 95 =
- 15 : 1
" 0, otherwise (5)

The remaining time to crash regression loss can be
computed as

Jdist — 1
Te N
8 n=1 5"

N
z 5, Huber(£L:M, £5) (16)
n=1

where Huber() denotes the Huber loss. The overall
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distillation objective is

LU = AL + Areg L% 17)

cs

where 14, and 1., are weighting coefficients.

3.3. Fine-Tuning with Real Crash Data

In this section, we describe how the student model is
further fine-tuned using real crash data with ground-truth
annotations. To construct fine-tuning labels from real crash
trajectories, we set a critical warning horizon t.. For a crash
event, an observation is labeled as 1 if its remaining time to
crash is no greater than r., and 0 otherwise. Let 72" denote
the ground truth remaining time to crash for observation n.
The corresponding binary label is defined as

LT, <7
9t — € (18)
In {O,Tft > T,

The choice of 7. should balance practical usefulness and
prediction difficulty. If ¢, is set too short, such as
immediately before the crash, the prediction task becomes
relatively easy because the interacting vehicles are already in
an extreme conflict state. However, such a setting provides
insufficient time for a control system or driver to respond,
thereby limiting the practical value of proactive safety
intervention. In contrast, an excessively long horizon may
introduce weakly informative early-stage observations that
are less directly related to the imminent crash. In this study,
the largest warning horizon considered is 4 s. Accordingly,
Tmax in Eq. (13) is set to 4 s so that the regression output covers
the full range of candidate warning horizons.

After distillation, the student model is initialized with
the distilled parameters and further trained end-to-end
using the real crash data. All parameters of the student
model are initialized from the distilled model and are further
updated during supervised fine-tuning. Full fine-tuning is
adopted because the student model is lightweight and the
fine-tuning task remains closely aligned with the preceding
distillation task, except that the supervision is now provided
by real crash data rather than LLM outputs (Jiao et al., 2020).
The classification fine-tuning loss is defined as

L = ( )ZBCE (pr v (19)

Consistent with the gating strategy in Eq. (15), the
remaining time to crash regression loss is activated only
when the ground truth indicates that a crash will occur
within the predefined horizon and the student also predicts
that a crash will occur. We therefore define

llfyn =landy; = 20
n = { 0, otherwise (20)

Based on this gating variable, the remaining time to

crash regression loss is given by

Lreg Z ¥n Huber(25, 72 gt ) 1)

nln

The overall fine-tuning objective combines the
classification and remaining time to crash regression losses:

Lft = ”clchls + MregLfreg (22)

where py, and p,, are weighting coefficients.

For brevity, the overall framework consisting of LLM-
based pseudo-labeling, distillation, and fine-tuning with real
crash data is hereafter referred to as LDF.

3.4. Evaluation Metrics

We evaluate the performance of LDF using two groups
of metrics, one for warning classification and the other for
estimating the remaining time to crash. For warning
classification, we first construct a confusion matrix following
standard binary-classification evaluation practice (Fawcett,
2006). Observations within the warning horizon are treated
as positive observations, while observations outside the
warning horizon are treated as negative observations.
Accordingly, true positives (TP) denote correctly issued
warnings within the warning horizon, false negatives (FN)
denote missed warnings within the warning horizon, false
positives (FP) denote false warnings outside the warning
horizon, and true negatives (TN) denote correctly rejected
non-warning observations. Based on the confusion matrix,
Recall and the false alarm rate (FAR) are computed as Recall
=TP /(TP +FN) and FAR=FP / (FP + TN), respectively. Recall
measures the ability of the model to detect observations
within the warning horizon. A higher Recall means that
fewer true warning cases are missed. FAR measures the
proportion of observations outside the warning horizon that
are incorrectly identified as warnings. A lower FAR means
that fewer false alarms are generated. To provide a single
summary measure of warning performance, we further
report the F1 score:

F1 = 2TP/(2TP + FP + FN) (23)

The F1 score jointly considers missed warnings and false
warnings. A larger F1 score indicates better overall warning
performance, with a maximum value of 1. In computing
Recall, FAR, and F1, the predicted warning probabilities are
converted into binary warning labels using a decision
threshold of 0.5. In addition to these metrics, we use the area
under the receiver operating characteristic curve (AUC) to
evaluate the ranking ability of the model. Unlike Recall, FAR,
and F1, which require binary warning labels, AUC is
computed from the continuous warning scores. It measures
whether the model assigns higher warning scores to
observations within the warning horizon than to
observations outside the warning horizon. Let N,, and N_
denote the numbers of observations within and outside the
warning horizon in the evaluation set, respectively. The
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where p; and p; are the predicted probabilities assigned
by the student to observations within and outside the
warning horizon, respectively, and I(:) denotes the indicator
function. A larger AUC indicates better discrimination
between observations within and outside the warning
horizon.

For remaining time to crash estimation, we report the
MAE only for observations for which the ground truth
indicates that the crash will occur within the warning
horizon, and the student also predicts that the observation
falls within the warning horizon. Then, we define

geval — {1,ify;ff =1and 3 = 25)
n 0, otherwise

| Historical moment

Time to crash: 1.5 Time o crash: 1.3s Time to crash: 1.1s

Based on this indicator, the MAE is computed as

N
1
MAE = s > aeret]is — o] ©6)
n=1°n 557

4. Results

4.1. LLM Reasoning and Distillation Results

Before presenting the distillation results, we first use a
representative case to illustrate how the LLM assesses a risky
interaction state in Fig. 4. In this case, the observation time
point is 0.5 s before the actual crash. For visual clarity, the
upper panel of Fig. 4 shows several representative historical
interaction states from 1.5 s to 0.5 s at 0.2 s intervals, rather
than the full input sequence used by the model. The target
vehicle is highlighted in yellow. During this period, a vehicle
in the adjacent left lane accelerates and moves laterally
toward the space ahead of the target vehicle. As the
interaction develops, the situation becomes progressively
more critical. By the current frame, the scene has evolved
into a near-crash state with a very limited safety margin.

| Decision moment

Time o crash: 0.9s

Time o crash: 0.7s Time Lo crash: 0.5s

- = o1 H [ i = H = = Foe g
I I N o T 1 Lo T Y S = N o IO = = B R
L = =1 = = O T - 0o = Ll -

Instantaneous scene evidence

Short-term temporal reasoning and final output

The LLM identilies the leli-front vehicle as the eritical interaction part-
ner. At the current frame (0.5s), the remaining distance is only 0.255
m, indicating that the safety margin is nearly exhausted. The relative
longimdinal speed is 3.071 m/s, while the relative lateral speed is
-0.605 m/s, showing that the key vehicle is still intruding toward the
ego vehicle. The lateral center-to-center distance is 2.65 m, which is al-
ready smaller than the combined half-widths (2.50 m), suggesting
slight lateral overlap.

The LLM (urther examines the recent 1 s motion history, During this
interval, the key vehicle’s lateral position decreases from 163.777 m to
163.538 m, and its lateral speed rises in magnitude from -0.247 m/s to
-0.600 m/s, confirming an accelerating lateral intrusion. [ts lateral ac-
celeration also remains negative (-0.729 to -0.665 m/s?}, indicating that
the conflict is still worsening. By combining the instantaneous geome-
try with this short-term trajectory trend, the LLM predicts an imminent
crash within 0.58 s.

Fig. 4. Example of LLM reasoning for a risky interaction state.

The lower part of Fig. 4 summarizes the LLM reasoning
process. Based on the current interaction state, the LLM
identifies the vehicle in the left lane as the critical interaction
partner. It detects a very small remaining distance of 0.255 m
and a relative longitudinal speed of 3.071 m/s. It also finds
that the lateral center-to-center distance is 2.65 m, which is
already close to the combined half-widths of the two vehicles
(2.50 m). This indicates that the lateral clearance is extremely
limited at the observation time point. The LLM then
examines the trajectory history and finds that the interacting
vehicle continues to intrude laterally toward the target
vehicle. Its lateral position decreases from 163.777 m to
163.538 m, while the magnitude of its lateral speed increases
from -0.247 m/s to -0.600 m/s. The lateral acceleration also
remains negative during this period. By combining the
current interaction state with the recent trajectory history,
the LLM concludes that this scene is likely to result in a crash
within the prediction horizon. It therefore judges that a crash
will occur, and estimates the remaining time to crash as 0.58
s.

Using the same reasoning procedure, we then apply the
LLM to a large pool of non-crash observations to construct
pseudo labels for student distillation. These observations are
extracted from non-crash traffic segments recorded at the
same study sites and are not part of the 109 crash events used
for fine-tuning and testing. For each non-crash observation,
the LLM first determines whether the current interaction is
safe or dangerous. For observations assigned to the danger
class, the LLM further provides an estimated remaining time
to crash. Based on these structured outputs, we select 10,000
safe observations and 10,000 danger observations. To avoid
bias in the pseudo-labeled training set, the danger
observations are further stratified according to the
remaining time to crash estimated by the LLM. Specifically,
the interval from 0 s to 4 s is divided into 0.5 s bins, and the
same number of danger observations is drawn from each bin
so that the final pseudo-labeled set more evenly covers
different levels of short-horizon risk. These pseudo-labeled
non-crash observations are then used to distill the
lightweight temporal graph network in the next stage.
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Fig. 5. Distillation results of the student model.

Fig. 5 presents the distillation results of the student
model. As shown in Fig. 5(a), the distillation loss decreases
steadily and gradually stabilizes as training proceeds,
indicating stable convergence of the student model under
LLM supervision. This knowledge transfer is also reflected
in the student's score distribution in Fig. 5(b). In this panel,
the blue histogram represents observations labeled as safe by
the LLM, whereas the red histogram represents observations
labeled as dangerous by the LLM. The dashed vertical line
indicates the decision threshold. Most red bars are
concentrated in the high score region, whereas most blue
bars are concentrated in the low score region, with only
limited overlap near the threshold. This separation indicates
that the student model assigns higher danger scores to
dangerous observations than to safe observations,
suggesting that the student model has learned the risk
ordering provided by the LLM.

Fig. 5(c) further supports this result by comparing the
classification outputs of the LLM and the student model.
Specifically, 75% of the observations classified as safe by the
LLM are also classified as safe by the student model, while
83% of the observations classified as dangerous by the LLM
are also classified as dangerous by the student model. By
contrast, 25% of the observations classified as safe by the
LLM are classified as dangerous by the student model, and
17% of the observations classified as dangerous by the LLM
are classified as safe by the student model. These results
indicate that the student model largely preserves the
classification pattern of the LLM. This agreement is not
limited to classification. As shown in Fig. 5(d), the remaining
time to crash predicted by the student model also agrees well
with that predicted by the LLM for observations identified
as dangerous. Most points are distributed around the
diagonal, and the MAE between the remaining times to crash
estimated by the LLM and the student model is 0.41 s. This
result suggests that the student model has learned not only
the LLM’s classification judgment, but also its assessment of

(b) Confusion matrix of L.L.M and student crash classifications
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remaining time to crash. Taken together, the results in Fig. 5
show that the student model captures the key crash risk
information provided by the LLM, which provides a
meaningful initialization for the subsequent fine-tuning
stage using real crash data.

4.2. Effect of Warning Horizon

For all fine-tuning and subsequent quantitative
evaluations, the 109 crash events are divided into 70% for
training and 30% for testing. Following Section 3.3, we
examine warning horizons from 1 s to4 s at 1 s intervals, with
4 s as the maximum candidate horizon. The warning horizon
determines how early a potential crash risk is identified
before the actual crash, and therefore reflects the lead time
available for possible safety intervention. For a given
horizon, observations within that horizon before the crash
are treated as positive observations, whereas earlier pre-
crash observations are treated as negative observations. All
models in this subsection are initialized from the distilled
student and fine-tuned under the same settings, including a
learning rate of le-4, a batch size of 128, 120 training epochs,
a hidden dimension of 32, a dropout rate of 0.5, and a weight
decay of 1e-4. The experiments are conducted on an NVIDIA
GeForce RTX 5060 Ti GPU.

To evaluate performance at different pre-crash stages,
we divided the pre-crash period into 1 s bins, namely 0-1 s,
1-2 s, 2-3 s, and 3-4 s. This bin-wise evaluation allows us to
assess whether predictive quality remains stable as the
warning horizon is extended. For each target bin, we
computed the AUC and the MAE of remaining time to crash
prediction. The results are summarized in Fig. 6. Fig. 6(a)
shows that performance remains relatively stable under the
1s,2s, and 3 s warning horizons, but drops noticeably under
the 4 s warning horizon. Specifically, for the 0-1 s bin, the
AUC is 0.84, 0.86, and 0.85 under the 15,2 s, and 3 s settings,
respectively, but falls to 0.78 when the warning horizon is
extended to 4 s. A similar pattern appears in the 1-2 s bin.
The AUC remains high at 0.82 and 0.83 under the 2 s and 3 s
settings, but decreases to 0.75 under the 4 s setting. The same
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trend continues in the 2-3 s bin, where the 3 s setting still

achieves an AUC of 0.78, whereas the 4 s setting drops to 0.68.

Moreover, the additional 3-4 s bin introduced only under the
4 s setting performs worst, with an AUC of only 0.60. These
results suggest that extending the warning horizon to 4 s
introduces earlier pre-crash states with weaker crash-related
signals. As a result, the distinction between observations
within and outside the warning horizon becomes less clear,
which may reduce classification performance not only in the
added 3-4 s bin but also in the earlier bins.

Fig. 6(b) shows a similar pattern for remaining time to
crash prediction error. For the 0-1 s bin, the MAE remains
low at 0.15, 0.16, and 0.15 under the 1 s, 2 s, and 3 s warning
horizons, but increases to 0.22 under the 4 s warning horizon.
For the 1-2 s bin, the MAE is 0.22 at 2 s and 0.22 at 3 s, but
rises to 0.32 at 4 s. In the 2-3 s bin, the MAE further increases
from 0.27 under the 3 s setting to 0.36 under the 4 s setting,
while the 3-4 s bin reaches the largest error of 0.42. These
results indicate that the 2 s and 3 s warning horizons achieve

AUC
0-1s 0.86 09
= 1-2s 08
0
L)
E
B o23s 07
3-4s
. . | . 0.6
1 2 3 4
Warning horizon (s)
(a) AUC

Fig. 6. Performance across warning horizons.

4.3. Benchmark Comparison
In this section, we compare the performance of the
proposed model with a set of expanded benchmark
methods. The comparison is conducted under the selected

3 s warning horizon using the same 70%/30% train-test split.

These benchmarks include direct LLM inference, direct
supervised training without distillation, commonly used
learning-based models trained with crash data, and
surrogate safety measures (SSMs).

The first benchmark is the LLM itself, which directly
produces crash judgments and remaining time to crash
estimates from the trajectory-to-text prompts. This
comparison examines whether the proposed student model
can retain the interaction knowledge provided by the LLM
and further improve it through distillation and fine-tuning.
Then, we use the same lightweight graph architecture as
the second benchmark. It is directly trained with real crash
data and does not include the LLM distillation stage. For
simplicity, we refer to this benchmark as the Direct model.
This comparison is introduced to isolate the contribution of
the distillation stage and to test whether the LLM
knowledge can improve the student beyond direct
supervised training alone. In addition, we include LSTM,
Transformer (Vaswani et al., 2017), GCN (Kipf and Welling,
2016), and GAT (Velickovic et al., 2018) as learning-based
benchmarks. They are trained using the same real crash
data as the Direct model, but with different model

Time bin

similar remaining time to crash prediction accuracy in the
shared pre-crash intervals, but the 3 s setting covers a longer
pre-crash period. By contrast, although the 4 s warning
horizon extends the prediction range further, it also leads to
a clear increase in prediction error. Considering both the
AUC and the MAE, the 3 s warning horizon provides the best
overall trade-off between predictive performance and
warning horizon. From an application perspective, this
horizon is also more practical than the shorter and longer
alternatives considered here. A 1 s horizon may be too close
to the crash to provide sufficient time for proactive warning
or control, whereas a 4 s horizon introduces earlier pre-crash
states with weaker crash-related signals and lower
prediction reliability. The 3 s horizon therefore provides a
useful balance between early risk identification and
dependable prediction for short-horizon crash risk warning,
and is used in the subsequent analyses.

MAT (s}
0.40
0-1s - 013 0.16 0.15 021
0.35
1-2s 0.22 022 0.32
= 0.30
235 0.27
-0.25
i
3-4s - 3s selected 3 1020
1 2 3 4 -
Warning horizon (s)
() MAE

architectures. LSTM and Transformer are included as
commonly used sequence-learning models, while GCN and
GAT are included as commonly used graph-learning
models. This comparison is used to examine whether
common learning-based models can also be trained
effectively from the available crash data. Finally, two
commonly used SSM-based methods are considered as
benchmarks: Time-to-Collision (TTC) and Modified Time-
to-Collision (MTTC). These methods are selected as they
are widely used in crash risk assessment and also measure
conflict severity in terms of time to collision. Under the
selected 3 s warning horizon, TTC classifies the current
scene as dangerous when the minimum instantaneous TTC
between the target vehicle and its surrounding vehicles is
smaller than the warning threshold. For the regression task,
this minimum TTC is used as the corresponding remaining
time to crash estimate. MTTC follows a similar logic but
further considers relative acceleration when estimating the
potential collision time. Unlike the other benchmarks, these
SSM-based methods rely only on the current interaction
state and do not use learned representations from crash
data.

Following the evaluation metrics defined in Section 3.4,
the comparison results are reported in Table 1. The SSM-
based methods show limited performance in predicting
crash risk for an individual vehicle. This result is
understandable because SSMs are mainly designed to
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describe the severity of traffic conflicts. Their common use
is to analyze how conflicts form and then support safety
improvement by reducing the frequency or severity of such
conflicts. Previous studies have also shown that directly
applying conflict measures to real-time pre-crash
prediction for individual vehicles remains challenging
(Chen et al., 2025a). In addition, these methods depend on
simplified and manually specified assumptions. For

example, TTC assumes that two vehicles maintain their
current speed and moving direction over a short future
period. MTTC further considers relative acceleration, but it
still relies on a simplified motion description. Such
assumptions are difficult to fully satisfy in complex real
traffic interactions.

Table 1. Performance comparison between the proposed LDF model and benchmark methods

Methods Recall FAR F1 score AUC MAE
TTC 0.63 0.15 0.71 0.67 0.43
MTTC 0.85 0.41 0.75 0.63 0.35
LSTM 0.71 0.21 0.74 0.70 0.26
Transformer 0.69 0.17 0.74 0.69 0.28
GCN 0.81 0.21 0.80 0.74 0.25
GAT 0.83 0.30 0.78 0.72 0.24
Direct 0.85 0.19 0.83 0.77 0.25
LLM 0.73 0.28 0.73 0.74 0.27
LDF (our proposed model) 0.89 0.14 0.88 0.83 0.18

By contrast, learning-based models trained with real
crash data achieve better performance. However, their
effectiveness also depends on how the vehicle interaction
process is represented. LSTM and Transformer use
temporal trajectory sequences as inputs, and both improve
the AUC and reduce the MAE compared with the SSM-
based methods. This suggests that learning temporal
patterns from crash data provides more useful information
than relying only on instantaneous conflict indicators.
However, crash formation also depends strongly on the
interactions between the target vehicle and its surrounding
vehicles. Since these interactions can be naturally
represented as a graph, graph-based models provide a
more suitable structure for describing risk evolution
involving multiple vehicles. This is also consistent with
previous studies showing the value of graph
representations for modeling vehicle interactions. When
graph-based architectures are used, GCN, GAT, and the
Direct model further improve the overall performance
compared with LSTM and Transformer.

Although the LLM is not trained on the real crash data
in this study, it performs better than the SSM-based
methods and is comparable to several learning-based
baselines. This indicates that the LLM has some ability to
interpret crash risk from the trajectory-based scene
descriptions. A possible reason is that the trajectory to text
transformation presents vehicle positions, speeds, relative
distances, and recent motion trends in a structured
semantic form. This allows the LLM to use its pretrained
reasoning ability and general traffic knowledge to identify

potentially hazardous interaction patterns. However, direct
LLM inference alone is still not sufficient to achieve the best
warning performance. Further improvement is achieved
when LLM-based distillation is followed by fine-tuning on
real crash data. Under this setting, the proposed LDF model
achieves the best overall performance among all compared
methods, with the highest Recall, F1 score, and AUC, the
lowest FAR, and the lowest MAE. These results suggest
that the LLM provides useful structured prior knowledge,
while the fine-tuning stage aligns this knowledge with real
crash data. Their combination therefore yields better
performance than direct LLM inference, direct supervised
training, conventional learning-based models, and SSM-
based methods.

4.4. Data Efficiency under Different Amounts of Training
Data

The main motivation for introducing the LLM is to use
its structured prior knowledge to reduce the dependence of
the final model on large amounts of real crash data. To
examine this point, we further evaluate model performance
under different amounts of fine-tuning data. Specifically,
starting from the same 70% training split used above, we
divide the training data into ten subsets, from 10% to 100%,
while keeping the 30% test set fixed in all experiments. Fig. 7
shows the corresponding results under the selected 3 s
warning horizon. Because the LLM and TTC do not require
fine-tuning on real crash data, their results remain
unchanged and serve as fixed reference baselines. By
contrast, the performance of the Direct model and the
proposed model vary with the amount of training data.
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Fig. 7. Data efficiency with limited fine-tuning data.

As shown in Fig. 7, the two trainable models exhibit
clearly different patterns as the amount of training data
changes. When only 10% of the training data is used, the
Direct model performs poorly and even remains below the
TTC baseline. As the amount of real crash data increases, its
performance improves gradually. However, it begins to
outperform TTC only when the training fraction exceeds
about 30%, and it does not outperform the LLM baseline
until the training fraction exceeds about 70%. This pattern is
reflected in both metrics, with AUC increasing and MAE
decreasing gradually as more real crash data become
available.

By contrast, the proposed model already outperforms
all comparison methods when only 10% of the training data
is used. This advantage can be observed in both AUC and
MAE, and it is especially pronounced for MAE. Specifically,
at the 10% setting, the MAE of the proposed model is 19.6%
lower than that of the LLM baseline and 38.0% lower than
that of the Direct model. With the full fine-tuning data, the
proposed model further improves AUC by 7.8% and reduces
MAE by 28.0% relative to the Direct model. These results
indicate that the LLM-generated supervision provides an
effective initialization for the student model, allowing the
subsequent fine-tuning stage to achieve strong performance
even when real crash labels are scarce. In other words, the
main benefit of the proposed framework is not only higher
final accuracy, but also substantially better data efficiency
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when real crash labels are limited.

5. Extended Validation and Deployment
Analysis

5.1. Sensitivity to Different LLM Teachers

In this section, we examine whether the proposed
framework is robust to the choice of LLM teacher. In
addition to the default Qwen3 teacher used in the main
experiments, three alternative LLM teachers are considered,
namely DeepSeek-V4-Flash, GPT-5.4-mini, and GLM-4-Plus.
These models represent different model families and
deployment providers. The purpose of this comparison is
not to rank the LLMs themselves, but to test whether the
proposed LLM-guided distillation framework remains
effective when the teacher model is changed. For each LLM
teacher, we use the same prompt, the same trajectory to text
representation, and the same structured output schema. The
original Qwen3 teacher is replaced by each alternative
teacher to regenerate the LLM outputs for all training and
test observations. The resulting pseudo labels are then used
to train the student model following the distillation
procedure in Section 3.2. After distillation, each student
model is further fine-tuned with the same real crash
observations following Section 3.3. The final crash risk
prediction performance is evaluated using the metrics
defined in Section 3.4.
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Table 2. Sensitivity of the proposed framework to different LLM teachers under the 3 s warning horizon.

LLM teacher Distilling model

Fine-tuned model

AUC d MAE d Recall FAR F1 AUC MAE
Qwen3 0.86 0.41 0.89 0.14 0.88 0.83 0.18
DeepSeek-V4- 0.89 0.81 0.79 0.17 0.82 0.79 0.24
Flash
GPT-5.4-mini 0.83 0.36 0.87 0.19 0.84 0.82 0.21
GLM-4-Plus 0.84 0.33 0.92 0.23 0.87 0.83 0.19

Consistent with the distillation evaluation in Section 4.1,
we summarize the matching quality between the teacher and
student using two distillation metrics, denoted as AUC_d
and MAE_d. Here, AUC_d measures whether the student
assigns higher risk scores to observations labeled as
dangerous by the corresponding teacher than to
observations labeled as safe by that teacher. MAE_d
measures the absolute difference between the remaining
time to crash estimated by the student and that estimated by
the teacher. These two metrics describe how well the student
learns the structured supervision provided by each LLM
teacher. To distinguish them from the final prediction
metrics, the subscript d is used to indicate that they are
computed against the LLM teacher outputs rather than the
real crash labels. For the final fine-tuned model, Recall, FAR,
F1 score, AUC, and MAE are computed against real crash
labels on the test set, following Section 3.4.

The results are reported in Table 2. Although the
numerical results vary across teachers, all fine-tuned student
models achieve strong crash risk prediction performance.
Specifically, the fine-tuned models obtain AUC values from
0.79 to 0.83 and MAE values from 0.18 s to 0.24 s. This
suggests that the structured outputs generated by different
LLM teachers can all provide useful prior knowledge for
student model training. The differences among LLM
teachers mainly appear in the tradeoff between missed
warnings, false alarms, and remaining time to crash
estimation. Some teachers produce more sensitive warnings
with higher Recall but also higher FAR, whereas others
produce more conservative warnings with lower FAR but
lower Recall. These differences are expected because
different LLMs may have different risk preferences when
interpreting the same trajectory-based scene descriptions.
Among the compared teachers, Qwen3 provides the most
balanced result in this experiment, with the highest F1 score
of 0.88, the lowest FAR of 0.14, and the lowest MAE of 0.18 s.
Therefore, Qwen3 is retained as the default teacher in the
main experiments. More importantly, changing the LLM
teacher does not lead to a major change in the effectiveness
of the proposed framework. This supports the generality of
using LLM-generated structured supervision for student
model training.

5.2. Sensitivity to Different Student Models

Here, we examine how the choice of student model
affects the proposed LDF pipeline. The LLM teacher is fixed
as Qwen3, and the same pseudo labels, real crash data, and
evaluation metrics are used for all student models. Six
student models are compared, including MLP, LSTM,

Transformer, GCN, GAT, and the proposed lightweight
temporal graph network. These models differ mainly in how
they encode the input information described in Section 3.2.
When MLP is used as the student model, the trajectory
features of the target vehicle and surrounding vehicles over
the 1.0 s observation window are flattened into a single
feature vector as input. LSTM and Transformer use the same
1.0 s historical trajectory information as sequential input.
LSTM models the temporal evolution of the trajectory
through recurrent hidden states, while Transformer uses
self-attention to learn temporal dependencies across the
observation window. GCN, GAT, and the proposed model
represent the target vehicle and its surrounding vehicles as a
graph. In this graph, vehicles are treated as nodes and their
pairwise relations are represented through the graph
structure. GCN is included as a representative graph neural
network that aggregates information from neighboring
nodes. GAT extends this idea by assigning attention weights
to neighboring vehicles during aggregation.

All experiments follow the same training procedure as
in Section 5.1. Each student model is first trained by
distillation using the Qwen3 teacher outputs, following
Section 3.2. The distillation performance is evaluated using
AUC_d and MAE_d, which are computed against the
Qwena3 teacher outputs. Each distilled student model is then
fine-tuned using the same real crash data, following Section
3.3. The final crash risk prediction performance is evaluated
using Recall, FAR, F1 score, AUC, and MAE, as defined in
Section 3.4. The results are reported in Table 3.

From Table 3, the student model structure has a clear
effect on the final prediction performance. When MLP,
LSTM, and Transformer are used as student models, their
performance is improved compared with their directly
trained counterparts in Table 1, where the same model types
are trained only with real crash labels. This suggests that
supervision generated by Qwen3 provides useful prior
knowledge for these models. However, their final
performance remains lower than that of the proposed LDF
model. A likely reason is that these models use flattened or
sequence-based trajectory inputs. Although these inputs
contain the historical motion information of the target
vehicle and surrounding vehicles, they do not directly
represent the pairwise interaction structure among vehicles.
This structure is important for crash risk prediction since
crash formation depends not only on the motion of each
vehicle, but also on relative distance, relative speed, lateral
offset, and how these interaction states evolve over time.
Therefore, supervision generated by the LLM can provide
useful prior knowledge, but the student model still needs an
appropriate representation of multi-vehicle interactions.
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Table 3. Sensitivity of the proposed framework to different student model structures under the 3 s warning horizon.

Student model Distilling model

Fine-tuned model

AUC d MAE d Recall FAR F1 AUC MAE
MLP 0.71 0.58 0.62 0.19 0.69 0.71 0.45
LSTM 0.72 0.57 0.67 0.18 0.72 0.72 0.35
Transformer 0.74 0.48 0.72 0.65 0.61 0.73 0.37
GCN 0.79 0.53 0.87 0.45 0.75 0.79 0.22
GAT 0.78 0.50 0.83 0.40 0.74 0.77 0.20
Proposed model  0.86 0.41 0.89 0.14 0.88 0.83 0.18

The results obtained with GCN and GAT further show
the value of graph-based interaction modeling. Compared
with MLP, LSTM, and Transformer, these graph-based
student models achieve higher final AUC values and lower
MAE values. However, they still underperform the
proposed lightweight temporal graph network. This
difference is mainly related to how pairwise interactions are
represented. As described in Section 3.2, the proposed model
explicitly incorporates edge features, including remaining
distance, relative speed, and relative longitudinal and lateral
offsets. In contrast, standard GCN and GAT mainly
aggregate node information through the graph structure and
do not use these edge features in the same explicit way.
Therefore, they may lose pairwise interaction information
that is directly relevant to crash risk.

5.3. Deployment Efficiency

In this section, we compare the online inference
efficiency of direct LLM prediction and the proposed
framework. The comparison includes the four LLMs
considered in Section 5.1. For direct online LLM prediction,
each LLM is directly applied to the test observations to
generate crash risk predictions, and the token usage and
inference latency are recorded. For the proposed framework,
the deployed model is the distilled student. Since the student
model performs prediction directly from trajectory features,
it does not require online LLM calls or token consumption.
Therefore, we compare the two deployment routes in terms
of token usage, model size, and inference latency. The results
are reported in Table 4.

Table 4. Inference efficiency of direct LLM prediction and the proposed framework.

Route LLM call Tokens Model size Latency (per observation) Relative latency (per observation)
Qwen3 Yes 2,021 235B-A22B 13,686 ms 8,584.3 x

DeepSeek-V4-Flash Yes 2,163 671B-A37B 5,715 ms 3,584.6 x

GPT-5.4-mini Yes 2,287 N.A. 6,081 ms 3,814.2 x

GLM-4-Plus Yes 2,030 N.A. 14,836 ms 9,305.6 x

LDF No 0 0.167 MB 1.59 ms 1.0 x

Note: For API-based LLMs, model size refers to the public parameter scale when available. For LDF, model size refers to
the deployed student model size. N.A. indicates that the public parameter scale was not available.

As shown in Table 4, direct online LLM prediction
requires a large number of input and output tokens for each
observation. For the API-based LLMs with recorded token
usage, the total token usage ranges from 2,021 to 2,287 tokens
per observation. This leads to second-level inference latency.
The mean latency is 5,715.0 ms for DeepSeek-V4-Flash,
6,081.0 ms for GPT-5.4-mini, 13,686.0 ms for Qwen3, and
14,836.0 ms for GLM-4-Plus. Such latency is too high for real-
time crash warning, where the warning horizon is only a few
seconds.

Although the LLM is used in the offline teacher stage,
the proposed framework does not require any LLM call
during online inference. The online model is the distilled
student, which occupies 0.167 MB. Its mean inference latency
is 1.59 ms per observation. Compared with direct online
LLM prediction, the proposed framework is about 3,584.6 to
9,305.6 times faster. This reduction is achieved by moving the
expensive language reasoning process to the offline teacher
stage, so that the online stage only performs a lightweight
neural network forward pass. This low latency is important
for the intended safety application of the model. In high risk
expressway interaction areas, the deployed student can be
applied to each target vehicle whenever a new trajectory
frame is received. At each observation time, it uses the recent

trajectories of the target vehicle and surrounding vehicles to
predict whether the target vehicle is likely to be involved in
a crash within the warning horizon. It also estimates the
remaining time to crash. In this way, the model can provide
real-time and continuously updated risk information for
short-horizon safety applications. These applications include
connected vehicle warnings, driver assistance, and traffic
management support in lane changing and car following
crash scenarios. In this sense, the framework retains the
benefit of LLM-guided supervision while avoiding the token
cost, API dependence, and latency of online LLM calls.

6. Conclusion

This study developed a crash risk prediction framework
that uses LLM reasoning as structured offline supervision
rather than as an online prediction engine. Using multi-year
drone videos collected at freeway merging and weaving
segments in Nanjing, China, we extracted pre-crash vehicle
trajectories from 109 real-world crashes. The proposed LDF
framework converts trajectory interactions into structured
scene descriptions, uses an LLM to infer crash probability
and remaining time to crash, distills these outputs into a
lightweight temporal graph network, and then calibrates the
student model with real crash labels. This design allows the
framework to use the contextual reasoning capability of
LLMs while retaining the speed and deployability of a
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compact trajectory-based predictor.

The empirical results provide three main findings. First,
LLM-generated structured supervision improves crash risk
prediction when it is distilled into the student model and
further fine-tuned with real crash data. Under the 3 s
warning horizon, the proposed model achieves the best
overall performance among the compared methods,
increasing AUC by 7.8% and reducing MAE by 28.0%
relative to direct supervised training with the same student
architecture. Its advantage is especially clear when only a
small fraction of the fine-tuning data is available. With 10%
of the training data, the proposed model reduces MAE by
19.6% relative to direct LLM inference and by 38.0% relative
to direct supervised training. Second, the extended
validation indicates that the framework is not tied to a single
teacher model or a generic student architecture. Different
LLM teachers all provide useful supervision, while the
proposed lightweight temporal graph network outperforms
MLP, LSTM, Transformer, GCN, and GAT student models
because it explicitly represents pairwise edge features
among interacting vehicles. Third, the deployment analysis
shows that the final student model removes the need for
online LLM calls, reduces inference latency to 1.59 ms per
observation, and is 3,584.6 to 9,305.6 times faster than direct
online LLM prediction. These results suggest that LLM-
guided distillation can improve both data efficiency and
deployment feasibility for short-horizon crash warning.

Several limitations remain. First, the empirical data
cover a specific operating domain, namely low speed, high
demand interactions among passenger cars at expressway
merging and weaving segments under sunny weather. The
transferability of the framework to other roadway types,
traffic states, vehicle classes, and weather conditions should
be examined using additional real crash trajectory data.
Second, the current model uses extracted vehicle trajectories
as input. This is appropriate for studying crash formation
from motion and interaction patterns, but practical
deployment in connected and automated vehicle
environments would require these trajectories to be obtained
in real-time from cameras, LiDAR, radar, roadside sensors,
or vehicle-to-infrastructure communication. Future work
should integrate the proposed framework with perception
modules and examine whether the same LLM-guided
distillation strategy can be extended from inputs based on
trajectories to multimodal sensing representations. Finally,
although the teacher sensitivity analysis shows consistent
benefits across several LLMs, future studies should further
examine prompt robustness, uncertainty calibration, and
failure cases in more diverse safety-critical traffic scenarios.

Replication and Data Sharing

The data and codes used in this study are available at
https://ets-data.sciopen.com/ETSD.2026.9190078.
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