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Abstract—Modern vision-based advanced driver assistance
systems (ADAS) are largely blind to semantic notions of risk.
They can detect lanes, vehicles, and pedestrians but struggle
to determine if a scene is becoming dangerous. In this work,
we explore whether a pretrained vision-language model (VLM)
can supply such semantic structure without any task-specific
supervision. Using MobileCLIP in a strictly zero-shot setting, we
design a risk-aware textual vocabulary and compute semantic
accident scores through image-text similarities. We then study
four minimal temporal aggregation strategies operating either in
embedding or similarity space, revealing how short-range context
modulates the latent risk signal. Evaluated on the DAD dataset,
our approach achieves nearly 50% AP and anticipates accidents
up to 2.5 s ahead, approaching fully supervised early baselines.
These results suggest that general-purpose VLMs already encode
actionable priors for risk understanding in vehicle environments,
offering a new path toward semantically grounded ADAS.

Index Terms—Vision-Language Models, Zero-Shot Learning,
Risk Understanding, Accident Anticipation

I. INTRODUCTION

Advanced Driver Assistance Systems (ADAS) play a key
role in improving modern vehicle safety, offering functions
such as collision warnings and automated emergency braking.
However, most systems rely on task-specific detectors and
narrowly supervised objectives [1], focusing on identifying
what is present and where, but not on whether a scene is
semantically risky or likely to lead to an accident.

This limitation is most evident in accident risk assess-
ment. Existing pipelines estimate risk from low-level visual
cues or from models trained on labeled hazardous events,
which anchor their predictions to specific sensors and training
distributions. They lack an explicit notion of semantic risk:
recognizing that a configuration of vehicles, VRUs (Vulnerable
Road Users), and road elements corresponds to a high-risk,
pre-accident situation. While traditional models see bounding
boxes, trajectories, and optical flow, human drivers see “a
car suddenly braking”, “a pedestrian jaywalking”, or “a
motorcycle lane splitting”. This semantic gap is a key obstacle
to more proactive and generalizable safety systems.

Recent advances in vision-language models offer an al-
ternative. Trained on large-scale image-text data from di-
verse domains, VLMs acquire broad knowledge about ob-
jects, agents, actions, and typical scene dynamics [2]. They
embed visual inputs and linguistic descriptions in a shared
representation space, aligning scenes with high-level semantic
concepts. Crucially, these models have shown strong zero-shot
performance in a wide range of downstream tasks [3]: given

Fig. 1: Overview of the proposed zero-shot semantic risk
framework. Textual contexts are grouped into three semantic
categories (green: safe, yellow: low risk, red: accident) and
inserted into a prompt template before being encoded into text
embeddings {ti}. Dashcam frames are processed by the image
encoder into visual embeddings {vj}. A cosine-similarity
matrix S is computed between all image-text pairs; each
similarity si,j is transformed via softmax, and the probability
mass assigned to accident-related prompts yields the accident
score Pacc used as our semantic risk estimate.

only a textual description, they can evaluate how well an image
or video frame matches that concept, training-free. This leads
to a central question for automotive perception: can a VLM
understand the semantics of risk in driving scenes without any
task-specific training?

In this paper, we address this question by treating a VLM as
a semantic risk sensor. We use MobileCLIP [3], a lightweight
image-text model designed for real-time applications, and
employ it strictly in an inference-time, zero-shot setting.
Instead of training on labeled crashes, we design a textual
vocabulary spanning three categories: accident situations, low-
risk behaviors, and safe driving conditions. As depicted in



Figure 1, for each sequence the model compares its visual
content with these descriptions and produces a similarity
distribution, from which we derive a semantic accident score
that leverages contextual information for zero-shot accident
risk recognition without further training.

Building on this similarity-based formulation, this study
goes beyond frame-wise inference, investigating temporal ag-
gregation strategies that integrate information across frames,
such as exponential moving averages and short sliding-window
pooling. Although these strategies introduce minimal compu-
tational overhead, they help reveal how short-term temporal
context interacts with semantic reasoning in models not ex-
plicitly optimized for video-based risk assessment.

Our contributions can be summarized as follows:
• We propose a zero-shot framework for semantic risk

estimation in driving scenes, where a VLM is queried
with natural-language descriptions of accidents, risky
behaviors, and safe driving, yielding a training-free risk
assessment.

• We investigate lightweight temporal aggregation schemes
on top of VLM-derived embeddings and similarity scores,
providing insight into how short-term temporal context
interacts with semantic reasoning in models not explicitly
trained for video understanding.

• We perform a comprehensive quantitative and qualitative
study on the widely used Dashcam Accident Dataset
(DAD) for Traffic Accident Anticipation, benchmarking
our zero-shot VLM-based risk estimation against super-
vised state-of-the-art baselines.

Our experiments on the DAD dataset [4] show that leverag-
ing the semantic priors of a lightweight VLM brings the zero-
shot performance surprisingly close to supervised accident
anticipation benchmarks. Using only inference-time prompt-
ing, our approach achieves nearly 50% average precision,
competitive with early supervised methods, and provides warn-
ings up to 2.5 seconds before annotated accidents. Overall,
our results indicate that off-the-shelf VLMs already provide
meaningful risk-aware signals in traffic scenes. This points
toward future ADAS and autonomous driving systems where
semantic risk assessment is built directly on top of general-
purpose multimodal models and further strengthened by fine-
tuning for accident anticipation.

II. RELATED WORK

A. Accident Anticipation

Traffic Accident Anticipation (TAA) has traditionally been
addressed by modeling visual evidence from object-centric
perception and motion. Early approaches rely on object detec-
tions [5], while others incorporate motion cues via optical flow
or tracking [6]. A parallel line of work uses recurrent spatio-
temporal encoders (RNN/LSTM/GRU) to aggregate evidence
across frames [7]. DSA-RNN [4] assigns attention to candi-
date objects and propagates these cues through the sequence,
enabling the model to capture subtle risk indicators. DSTA [8]
extends this idea with coordinated spatial-temporal attention,

jointly selecting salient regions and informative segments.
Recent transformer-based accident anticipation models (e.g.,
AAT-DA [9]) achieve high performance by explicitly modeling
traffic participants and driver attention through strong object-
centric supervision.

Although effective, those methods rely on low-level vi-
sual signals, i.e., detections, motion fields, and task-trained
sequence models for reasoning. Consequently, risk cues are
learned largely from annotated accident data, with limited
access to broader semantic priors. In contrast, we test whether
a pretrained VLM can provide risk-relevant semantics in a
purely zero-shot setting, using only embedding-level temporal
aggregation and no learned temporal modules.

B. Zero-Shot Video Understanding
Zero-shot video understanding aims to recognize or localize

actions without class-specific training data, motivated by the
high cost of video annotation. A common approach is to
repurpose vision-language models pretrained on large image-
text datasets and apply them directly to video without fine-
tuning.

Several methods improve text-video alignment through
prompt engineering and lightweight inference-time design
choices. TEAR [10], for instance, expands short action labels
into richer natural-language prompts generated by LLMs,
strengthening semantic matching to action categories.

Overall, videos are treated as sequences of frozen frame
embeddings, with reasoning handled via prompts and simple
aggregation rather than learned video modules. We adopt
this training-free paradigm for driving by testing whether
a pretrained VLM, guided only by prompts, can provide
meaningful risk cues without any video-specific supervision.

C. Vision-Language Models for Driving
Recent work explores vision-language models (VLMs) in

driving scenarios, leveraging their ability to combine visual
perception with broad world knowledge and natural-language
reasoning. Many approaches integrate VLMs and LLMs into
perception, prediction, or planning by formulating these tasks
as language-conditioned queries, enabling scene interpretation
and decision making through prompts.

GPT-Driver [11] formulates motion planning as language
modeling problem, using a LLM to generate trajectories and
explanations. DriveGPT4 [12] extends this idea by jointly pro-
cessing video and text to output both control commands and
human-readable explanations. Beyond planning, EMMA [2]
represents sensor inputs and intermediate driving states as
language tokens to support end-to-end reasoning across per-
ception, prediction, and planning within a unified multimodal
framework.

Despite their promise, these systems typically rely on large
models and video-specific retraining, making them costly and
complex. In contrast, we take a simpler direction: we evaluate
whether an off-the-shelf, image-pretrained VLM already en-
codes sufficient semantic priors to produce useful risk signals
in a purely zero-shot setting, without supervision or learned
temporal modules.



III. METHODOLOGY

We investigate whether an off-the-shelf vision-language
model, used without any video-specific tuning, can generate
meaningful semantic risk signals from driving footage. To
isolate the model’s inherent semantics, we build a single infer-
ence pipeline and test four lightweight temporal strategies that
differ only in how they aggregate information over time. All
variants share the same core elements: (i) frame-level visual
embeddings, (ii) textual embeddings defining a structured risk
vocabulary, (iii) cosine-based vision-text matching, and (iv)
risk scores derived from these similarities.

Figure 1 illustrates the general pipeline. A dashcam video
is split into frames, each passed through the VLM’s image
encoder to produce a frame embedding. In parallel, natural-
language descriptions grouped into three risk-related cate-
gories are computed once by the text encoder. Since Mobile-
CLIP maps images and text into a shared semantic space, we
compare them using cosine similarity. This similarity module
forms the backbone of all temporal strategies; they differ
only in how the visual embeddings are temporally aggregated
before matching.

A. Visual Embeddings

The visual pathway uses the image encoder of a CLIP-
like model [13], pretrained with large-scale contrastive learn-
ing to align images and natural-language descriptions. This
pretraining yields broad semantic correspondences beyond
the supervised labels and enables zero-shot recognition of
nuanced traffic elements and behaviors. Each dashcam frame
from the forward-facing view is independently mapped to a
normalized embedding in the VLM’s visual space, without
any learned temporal structure. Consequently, any temporal
reasoning in our system arises exclusively from the inference-
time strategies described later.

B. Textual Space and Semantic Prompt Design

A key component of our approach is the construction of a
driving-specific textual space. Following common practices in
zero-shot video understanding (Sec. II-B), we adopt grounded
prompts templates to anchor textual descriptions in the same
visual perspective as the input videos, such as “a dashcam
view of ...”. This style of prompt reduces semantic mismatch
between textual concepts and the visual distribution of dash-
cam footage, helping the model align abstract risk descriptions
with concrete driving scenes.

We organize the prompts into three semantic categories:
• Safe: stable trajectories, orderly traffic flow, proper fol-

lowing distances, and visually safe scenes.
• Low-risk: denser traffic, lane changes, close interactions

with vulnerable road users, and early signs of possible
danger.

• Accident: collisions, loss of control, and other high-
severity events involving vehicles or VRUs.

This three-level structure enforces a smooth semantic pro-
gression from safety to danger. The low-risk tier is key: it
captures subtle deviations from safe driving features without

collapsing them into full accidents. Fewer categories would
merge early warnings with collisions; more would add noise.
Thus, three levels give enough detail while remaining stable.

We encode all prompts once with the CLIP text encoder
and cache the resulting concept embeddings, obtaining concept
embeddings that define a shared semantic space for all tem-
poral strategies. Final predictions come from cosine similarity
between visual and textual vectors, so each score directly
maps to a human-readable risk description, making the model’s
decisions easy to interpret.

C. Semantic Matching

Given a visual embedding (obtained from a single frame or
a temporally aggregated representation) and all textual concept
embeddings, we compute cosine similarity between the scene
and each description. For CLIP models, this metric is natural,
since contrastive training arranges semantically related image-
text pairs to be close under cosine similarity. The resulting
similarity vector forms the semantic interface between visual
content and the risk vocabulary and is the basis for all scoring
functions in our evaluation.

To convert similarities into interpretable estimates, we apply
a temperature-scaled softmax over all textual concepts:

pt,i =
exp(st,i/T )∑
j exp(st,j/T )

.

where st,i is the cosine similarity between the visual embed-
ding at time t, vt, and the text embedding ti (see Fig. 1). We
then pool these probabilities over the accident (A), low-risk
(R), and safe (S) concept sets:

Pacc(t) =
∑
i∈A

pt,i, Prisky(t) =
∑
i∈R

pt,i, Psafe(t) =
∑
i∈S

pt,i.

This yields a three-way semantic distribution that captures the
model’s belief about which type of situation best matches the
current frame. In complex scenes, multiple concepts may be
simultaneously activated; therefore, softmax normalization and
category-level pooling capture it as probability mass shared
across concept groups, rather than enforcing a single hard
decision.

IV. TEMPORAL METHODS

The goal of the temporal methods is not to approximate a
trained video model, but to probe how minimal forms of tem-
poral context affect the behavior of a purely zero-shot semantic
signal. Each method is intentionally lightweight, allowing us
to evaluate whether the VLM’s semantic knowledge alone can
benefit from structured temporal evidence.

A. Pure Frame-wise Inference

The frame-wise baseline treats each frame independently.
For each t, we compute vt, obtain similarities st, and derive
the risk score directly. This method offers maximal respon-
siveness and isolates the intrinsic semantic capabilities of the
model without temporal bias. However, because driving videos
frequently contain motion blur, glare, transient occlusions and



rapid lighting changes, the resulting scores may fluctuate
sharply. Despite this instability, frame-wise inference serves
as a clean baseline that reveals exactly what the model
understands from a single image.

B. Embeddings Exponential Moving Average (EMA)

The second method introduces temporal context directly
in the visual embedding space through a causal exponential
moving average:

ṽt = λvt + (1− λ)ṽt−1,

followed by normalization. This process acts as a short-
term memory, attenuating high-frequency variations while
preserving responsiveness to genuine scene changes. Because
smoothing occurs before the semantic projection, the cosine
similarities are computed from a stabilized visual descriptor
rather than a raw instantaneous embedding.

C. Windowed Similarity Averaging

Rather than smoothing embeddings, this variant aggregates
information in semantic space. After computing all frame-wise
similarities st, we form a temporal window of the past R
frames Wt = [t−R, . . . , t] and compute:

s̄t =
1

|Wt|
∑
j∈Wt

sj .

This approach preserves the immediate visual representation
of each frame but accumulates semantic evidence over neigh-
boring frames. It is particularly useful for mitigating noisy
semantic spikes caused by single-frame artifacts. Conceptu-
ally, it tests whether temporal smoothing applied directly to
semantic predictions improves robustness without altering the
visual representations.

D. Sliding-Window Embedding Aggregation

The last method treats a short segment of the video as the
fundamental semantic unit. For each timestep t, we construct
a window Wt of R past embeddings and compute a weighted
aggregate:

v̄t =
1

Z

∑
j∈Wt

wj · vj , Z =
∑
j∈Wt

wj .

where the weights wj follow a fixed temporal Gaussian profile
centered at the most recent frames. The aggregated vector v̄t
is then normalized and used for similarity computation.

This approach exposes the VLM to a temporally integrated
representation before any semantic alignment occurs, allowing
textual concepts to align with a local spatio-temporal state
rather than an instantaneous snapshot. In spirit, this resembles
classical feature pooling used in action recognition while
remaining entirely training-free. Thus, the sliding-window
method preserves short-term dynamics, avoiding the inertia
inherent to EMA.

V. EXPERIMENTS

We evaluate whether zero-shot semantic signals from a
VLM can handle a standard traffic safety task: Traffic Accident
Anticipation (TAA). Unlike prior work that depends on tempo-
ral models, detectors, or supervised fine-tuning, we isolate the
model’s intrinsic semantic understanding and study how light
temporal aggregation impacts anticipation. The experiments
focus on measuring how early it can detect accident semantics,
how stable the risk signal is over a video, and how close this
purely zero-shot setup comes to supervised TAA baselines.

We conduct all evaluations on the Dashcam Accident
Dataset (DAD) [4], a widely used benchmark for Traffic
Accident Anticipation (TAA). The dataset consists of 5 s
dashcam clips sampled at 20 fps (100 frames per video), with
temporal annotations marking the accident moment: positive
clips contain a collision within the final 10 frames, while
negative clips contain no high-risk event. DAD comprises
455/829 (positive/negative) clips for training and 165/301 for
testing. Since our approach is fully zero-shot, we use only the
test split and do not rely on supervision or dataset-specific
adaptation.

All experiments use MobileCLIP-S2 [3], a lightweight VLM
trained on large-scale image-text pairs and used strictly off-
the-shelf, with no fine-tuning, no temporal training, and no
exposure to driving data. Following standard TAA practice,
we report Average Precision (AP), which measures how well
the risk score separates accident vs. non-accident clips, and
mean Time-to-Accident (mTTA, in seconds), which measures
how early the model raises an accident warning, averaged
over true positives. For context, we compare our zero-shot
results to representative supervised TAA models that use
explicit temporal modeling and full supervision; while not
directly comparable, they indicate how far a training-free VLM
semantic signal can go relative to task-specific architectures.

Additional implementation details, including the source
code, vocabulary and prompt templates, and the hyperpa-
rameter configuration used in our experiments, are avail-
able in our public repository: https://github.com/viniavena/IV
reading risks.

VI. RESULTS

We report accident anticipation performance on DAD for
the four zero-shot variants and supervised TAA baselines.
Table I summarizes Average Precision (AP) and mean Time-
to-Accident (mTTA).

Even without task-specific adaptation, all four zero-shot
variants operate close to 50% AP, surpassing the classical
DSA baseline and narrowing the gap to early supervised
methods such as AdaLEA. In terms of mTTA, the similarities-
window and sliding-window variants trigger warnings about
2.4–2.5 s before impact, outperforming DSA and approaching
the behavior of stronger baselines like RARE.

Fully supervised methods still have a clear advantage in
accident anticipation performance. While more recent ap-
proaches report AP values above 70% on DAD [9], such
performance is obtained by selecting the best-performing



TABLE I: Comparison between supervised TAA baselines and
our zero-shot VLM methods on the DAD test set.

Method AP (%) ↑ mTTA (s) ↑

DSA [4] 48.1 1.34
AdaLEA [5] 52.3 3.43
DSTA [8] 56.1 3.66
RARE [7] 62.2 2.51

Frame-wise 48.6 2.40
EMA 50.9 2.31
Similarities-Window 49.7 2.52
Sliding-Window 49.9 2.49

epoch specifically for AP, which severely degrades anticipation
time (lower mTTA). Such results are not directly comparable
to traditional TAA baselines, as they prioritize offline precision
over early warning viability

Among our temporal variants, EMA achieves the highest
AP. By smoothing the embedding space before semantic
projection, it suppresses frame-level noise while preserving
sharp semantic transitions, leading to cleaner high-confidence
activations for accident-related prompts. In contrast, pure
frame-wise inference is more sensitive to artifacts, which
explains its slightly lower AP despite competitive mTTA.

These results indicate that an off-the-shelf pretrained VLM
already encodes meaningful semantic cues for hazardous driv-
ing. Lightweight temporal integration provides modest but
consistent gains, stabilizing the zero-shot signal with minimal
temporal structure.

To better understand how each temporal strategy behaves
over time, we compute the mean accident probability (Pacc)
across all accident clips in the DAD test set for each temporal
method. Figure 2 shows the resulting trajectories for the four
variants: frame-wise, EMA, similarities-window, and sliding-
window.

Fig. 2: Mean accident probability trajectories over time for the
four temporal strategies, computed by averaging the predicted
accident probability curves across all accident clips in the
DAD test set at each frame index. The vertical dashed line
marks the annotated accident position in the dataset.

A first observation is that the similarities-window and
sliding-window curves are almost indistinguishable. Both
show smoother trajectories with reduced high-frequency fluc-
tuations, as expected from short-range temporal averaging in
similarity or embedding space. This aggregation suppresses
frame-level noise, yielding stable profiles and naturally ex-
plaining their nearly identical TAA performance in Table I.

By contrast, the EMA curve is closer in shape to the frame-
wise baseline. Although EMA introduces causal memory, it
still assigns substantial weight to the current frame, so rapid
visual changes are only partially smoothed. As a result, EMA
retains more local variability than the window methods, while
remaining less noisy than pure frame-wise inference.

All curves exhibit a gradual rise in accident probability as
clips approach the annotated accident frames, showing that
the zero-shot accident semantic score captures the build-up of
hazardous conditions on average. The window-based methods
produce the most stable aggregate signal, while EMA strikes
a compromise between responsiveness and robustness.

To complement the aggregate analysis, we also examine the
behavior of the risk signal on individual video sequences.
Figures 3 and 4 show one negative clip with no accident
and one positive clip with a collision from the DAD test set.
These qualitative visualizations illustrate how the four tempo-
ral strategies evolve over time under real driving conditions.

Fig. 3: Negative sequence without accident. The upper row
shows representative frames (indices 25, 50, 75, and 100);
the lower plot depicts the accident probability curves for the
four temporal methods. The vertical dashed line marks the
canonical accident position used in positive sequences (frame
90).

In the negative example, all temporal methods maintain a
low and nearly flat accident probability around 0.2 throughout
the sequence, with no systematic increase or abrupt peaks,
indicating a low false-alarm tendency when the scene remains
visually safe. In contrast, in the positive clip (Fig. 4), where
the red car hits a parked car, loses stability, and flips near the
end of the sequence, all temporal variants start from low risk
levels and then exhibit a clear rise in probability as hazardous



Fig. 4: Positive sequence with an actual collision. Represen-
tative frames are shown on top, with the accident probability
trajectories for all methods below.

cues accumulate, with the signal approaching values close to
1.0 before the annotated accident frame.

Overall, these examples show that the zero-shot semantic
signal is not only sensitive to the presence of hazardous
driving events, but also tracks their temporal evolution in a
coherent and interpretable manner. Despite having no exposure
to driving data or temporal supervision, the VLM consistently
produces risk trajectories that reflect the underlying scene
dynamics, reinforcing the conclusion that meaningful accident
anticipation cues can emerge purely from pretrained semantic
knowledge.

VII. CONCLUSION

In this work we investigated whether a pretrained vision-
language model, used strictly in a zero-shot setting and without
any form of temporal training, can provide meaningful acci-
dent anticipation signals in driving videos. By decomposing
the problem into a unified CLIP-based framework and eval-
uating four lightweight temporal strategies, we were able to
isolate the contribution of the model’s semantic knowledge
without relying on any driving-specific training.

Our results highlight three key takeaways. First, a
lightweight CLIP model alone already captures rich notions of
hazardous driving, reaching about 50% AP on DAD without
heavy detectors, tracking, or TAA-specific supervision. Sec-
ond, adding minimal temporal structure, especially window-
based aggregation and exponential smoothing, yields modest
but consistent gains in AP and mTTA, indicating that simple
inference-time mechanisms can amplify the model’s latent
semantics. Third, qualitative analysis shows that the zero-shot
risk signal evolves coherently with scene dynamics, generating
interpretable trajectories that separate safe traffic from the
gradual build-up leading to an accident.

Taken together, these findings indicate that pretrained VLMs
already encode a latent notion of risk that can effectively sup-
port traffic accident anticipation without task-specific training.
Building on this, future work will move beyond zero-shot

inference toward trainable, temporally aware architectures that
retain this semantic grounding while adding explicit tempo-
ral reasoning. This includes exploring lightweight temporal
networks (e.g., GRUs), lightweight adapters, TAA-tailored
prompt designs, and supervision via exponential anticipation
losses (e.g., AdaLEA), which have been effective for learning
early-warning signals. The goal of these next steps is to turn
the promising zero-shot behavior shown here into a compet-
itive, efficient, fully trained accident anticipation system that
enhances transportation safety and reliability.
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