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Abstract

Accident anticipation is essential for proactive and safe au-
tonomous driving, where even a brief advance warning can
enable critical evasive actions. However, two key challenges
hinder real-world deployment: (1) noisy or degraded sensory
inputs from weather, motion blur, or hardware limitations,
and (2) the need to issue timely yet reliable predictions that
balance early alerts with false-alarm suppression. We propose
a unified framework that integrates diffusion-based denoising
with a time-aware actor-critic model to address these chal-
lenges. The diffusion module reconstructs noise-resilient im-
age and object features through iterative refinement, preserv-
ing critical motion and interaction cues under sensor degra-
dation. In parallel, the actor-critic architecture leverages long-
horizon temporal reasoning and time-weighted rewards to de-
termine the optimal moment to raise an alert, aligning early
detection with reliability. Experiments on three benchmark
datasets (DAD, CCD, A3D) demonstrate state-of-the-art ac-
curacy and significant gains in mean time-to-accident, while
maintaining robust performance under Gaussian and impulse
noise. Qualitative analyses further show that our model pro-
duces earlier, more stable, and human-aligned predictions in
both routine and highly complex traffic scenarios, highlight-
ing its potential for real-world, safety-critical deployment.

Introduction
Traffic accident anticipation—the ability to predict colli-
sions before they occur—represents a critical capability for
autonomous driving (Zhang et al. 2025). Unlike traditional
perception systems that merely detect accidents after they
happen, anticipation enables proactive safety interventions,
such as timely braking or evasive maneuvers, potentially
preventing collisions entirely (Abdel-Aty and Ding 2024).
A vehicle that can foresee danger seconds in advance trans-
forms safety from reactive to preventive, which is the ulti-
mate goal of intelligent transportation systems (Fang et al.
2024; Ahmed et al. 2020).

However, achieving reliable accident anticipation in real-
world driving is profoundly challenging (Ali, Hussain, and
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Figure 1: Overview illustration of our framework. The figure
highlights the integration of the diffusion module and rein-
forcement learning for processing noisy input scenes, lead-
ing to earlier and more reliable accident anticipation.

Haque 2024; Liao et al. 2024b) due to two interdependent
obstacles:

1) Robustness under imperfect perception. Au-
tonomous vehicles operate with imperfect sensing: rain,
glare, dirt, lens damage, and motion blur can obscure crit-
ical cues (visual examples are shown in Appendix B). In
such noisy conditions, short-term predictions based on sin-
gle frames become unreliable. Ironically, these are precisely
the situations that demand longer temporal reasoning: by ac-
cumulating weak signals across time, a model can extract
meaningful patterns even when individual frames are cor-
rupted (Croitoru et al. 2023).

2) The problem of “when to warn”. Most existing ap-
proaches focus on frame-level classification or short-horizon
prediction (Zeng et al. 2017): they can indicate if an ac-
cident might occur but rarely optimize when to issue an
alert (Meulemans et al. 2023; Pignatelli et al. 2024). In
safety-critical scenarios, timing is as important as correct-
ness—alerts issued too late are useless, while those issued
too early or too often erode trust and can even induce un-
safe reactions. This is fundamentally a long-horizon credit
assignment problem: the model must identify subtle early
cues, maintain temporal reasoning, and determine the opti-
mal moment to act.

Crucially, these challenges amplify each other. As shown
in Fig.1, sensor degradation increases uncertainty in imme-
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diate observations, which in turn magnifies the need for
long-horizon temporal reasoning to stabilize predictions.
Conversely, a model without effective temporal credit as-
signment cannot leverage redundancy across frames to over-
come noisy perception. A truly deployable anticipation sys-
tem must therefore treat timing and robustness as a single
coupled problem.

To address these challenges, we re-frame accident antic-
ipation as a sequential decision-making problem under un-
certainty. Instead of simply classifying frames, our model
learns when to warn for maximum safety utility, leverag-
ing an actor-critic reinforcement learning framework for
long-horizon credit assignment (Sutton and Barto 2018). To
ensure robustness under realistic conditions, we introduce
a dual-level diffusion-based denoising module that recon-
structs noise-resilient features at both the image and ob-
ject levels, allowing the system to preserve essential tempo-
ral cues even in degraded visual conditions (Ho, Jain, and
Abbeel 2020; Song et al. 2021). Our dual-level diffusion
module acts as a probabilistic feature stabilizer, conceptu-
ally similar to Bayesian evidence accumulation. By itera-
tively refining noisy inputs into structurally faithful and tem-
porally coherent representations, it reduces jitter and spuri-
ous activation. This allows the actor-critic module to observe
a smoother evolution of risk cues, preventing credit dilution
from noisy frames and enabling more effective long-horizon
reward assignment. This unified design enables early, reli-
able, and noise-resilient accident anticipation, bridging the
gap between algorithmic capability and real-world deploy-
ment.

In summary, the contributions of this paper are as follows:
• We formulate accident anticipation as a long-horizon

credit assignment problem, optimizing not only predic-
tion correctness but also the optimal timing of alerts
through an actor-critic framework.

• We design image-level and object-level diffusion mod-
ules to reconstruct robust features under sensor noise,
enabling the model to retain critical temporal cues and
sustain performance in real-world noisy conditions.

• Across three benchmark datasets and their noise-
augmented variants, our framework achieves state-of-
the-art performance in both Average Precision (AP)
and mean Time-to-Accident (mTTA), showing that joint
long-horizon reasoning and noise-aware feature enhance-
ment yields earlier and more stable warnings than con-
ventional frame-level approaches.

Related Work
Accident anticipation has become a core research problem
in autonomous driving because foresight is essential for pre-
venting collisions rather than merely reacting to them. Early
studies relied on rule-based heuristics and statistical mod-
els, which captured simple patterns but failed to generalize
to the complex, multi-agent interactions of real-world traffic
(Grant et al. 2018).

The introduction of deep learning has driven a transition
to vision-based anticipation, leveraging dashcam or onboard
camera video as a rich source of spatial and temporal risk

cues (Li et al. 2023). The evolution of methods reflects a
progression in how the community has tried to model risk:
• From frame-level perception to temporal reasoning.

Initial deep models relied on CNNs to extract scene ap-
pearance and detect static risk cues (Chan et al. 2017;
Fang et al. 2022). While they improved over hand-crafted
features, these approaches were myopic, often missing
early signals of events that develop gradually. To address
this, sequential architectures such as RNNs, LSTMs, and
GRUs were introduced (Fatima, Karim Khan, and Kyung
2021; Takimoto et al. 2019; Xue, Chen, and Fang 2020),
enabling the capture of risk evolution over time.

• From isolated objects to interaction-aware modeling.
Anticipating accidents requires understanding how ve-
hicles, pedestrians, and cyclists interact. Graph Neural
Networks (GNNs) explicitly encode multi-agent rela-
tionships (Karim, Yin, and Qin 2024; Liu et al. 2020;
Thakur, Gouripeddi, and Li 2024; Yao et al. 2019), while
transformer-based models exploit global attention to cap-
ture long-range dependencies and subtle interaction cues
(Feng, Hong, and Zheng 2021; Wu et al. 2021). These
approaches move beyond simply seeing the scene to rea-
soning about its dynamics.

• Addressing rarity and interoperability. True accident
events are rare, creating long-tail data challenges. Gener-
ative models such as GANs and VAEs synthesize plausi-
ble traffic sequences to augment scarce critical scenarios
(Bao, Yu, and Kong 2021; Yao et al. 2023). In parallel,
attention mechanisms (Karim et al. 2022; Karim, Yin,
and Qin 2024; Song et al. 2024) and semantic parsing
(Liao et al. 2024c) improve interpretability by focusing
on salient agents and regions, allowing models to high-
light the cues most indicative of future risk.

Despite this progress, existing methods remain limited in
two critical aspects for real-world deployment. First, they
assume clean visual input, yet real-world sensors frequently
face rain, glare, blur, or missing pixels, which can obscure
subtle pre-accident cues and destabilize short-term predic-
tions. Second, most models optimize for accident classifi-
cation rather than the timing of warnings, leaving systems
prone to delayed alerts or excessive false positives, both
problematic in safety-critical applications.

These gaps highlight the need for methods that combine
noise-resilient perception with long-horizon temporal rea-
soning, enabling accident anticipation that is both early and
reliable under real-world conditions.

Methodology
Problem Formulation
We frame traffic accident anticipation as a sequential risk
forecasting problem, where the goal is to estimate accident
probabilities over time and issue an early warning for timely
intervention.

Let a video V = {Vt}Tt=1 consist of frames Vt at time
step t. A learnable function fθ predicts frame-wise accident
probabilities P = {pt}Tt=1 as:

pt = fθ(V1:t), for t = 1, . . . , T (1)
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where V1:t is the frame sequence up to time t and fθ is pa-
rameterized by θ.

To evaluate temporal performance, we define Time-to-
Accident (TTA) as the interval between the model’s first con-
fident prediction and the ground-truth accident frame:

∆t = τ − to where to = min{t ∈ {1, . . . , T} | pt ≥ pth}
(2)

where τ is the accident frame index (or 0 for negative se-
quences) and pth is a decision threshold. A sequence is clas-
sified as accident-positive if pt ≥ pth and τ > 0; otherwise,
it is accident-negative. The model is trained to optimize
both accuracy and anticipation: discriminating accident-
positive/negative sequences while maximizing ∆t for early
warnings with minimal false alarms.

Model Framework
The overall processing pipeline of our framework is illus-
trated in Fig. 2. The model consists of five core compo-
nents: an object detector, a feature extractor, a self-adaptive
object-aware module, dual diffusion modules for image- and
object-level denoising, and an actor-critic decision module
for long-horizon anticipation.

Given an input video sequence, the object detector and
feature extractor generate global image features Fimg and
object-level vectors, refined by the self-adaptive object-
aware module to capture dynamic interactions and produce
enhanced spatio-temporal representations F̄obj . Both fea-
ture sets are denoised via diffusion modules, yielding robust,
noise-resilient representations.

The denoised features are fused and processed through
a GRU to capture temporal dependencies, generating acci-
dent probabilities pt. A time-weighted layer prioritizes crit-
ical time segments, while an actor-critic module aggregates
long-horizon dependencies, issuing reliable early warnings
with minimal false positives. By combining noise-resistant
feature extraction with reinforcement-driven temporal rea-
soning, the framework enables robust accident anticipation
under noisy conditions. The algorithm is in the Appendix A.
Detailed module descriptions are in subsequent subsections.

Object Detector Each frame is processed by Cascade
R-CNN (Cai and Vasconcelos 2018), and top-K dynamic
agents are encoded into vectors Fobj via VGG-16 (Si-
monyan and Zisserman 2015), preserving appearance and
spatial cues.

Feature Extractor Global features Fimg are extracted us-
ing VGG-16 and an MLP to encode scene context and en-
hance feature compactness for temporal reasoning.

Self-Adaptive Object-Aware Module The object-aware
module refines object representations by dynamically at-
tending to the most informative traffic participants based on
temporal context and inter-object interactions.

Given the object features Fobj and the previous hidden
state ht−1, attention energies are first computed as:

et = tanh(Wwaht−1 +WuaFobj + ba), (3)

where Wua and Wwa are learnable projection matrices, and
ba is a bias vector. These intermediate energies are further

transformed as e′t = Wwet and normalized using the soft-
max function to yield attention weights:αt = softmax(e′t).

The refined object-aware features F̄obj are obtained by
applying the attention weights to the original object features
via element-wise multiplication:

F̄obj = αt ⊙ Fobj . (4)

This mechanism adaptively prioritizes high-risk objects
while adjusting to evolving scenes and encoding critical in-
teractions temporally to produce robust spatio-temporal rep-
resentations for reliable accident anticipation.

Diffusion-Based Hierarchical Feature Enhancement
To improve robustness under noise, we use a diffusion-based
module that refines image- and object-level features through
noise injection and learned denoising, enabling recovery of
meaningful representations from degraded inputs.

1) Adaptive Timestep Sampling. During training, features
undergo noise perturbation at a randomly sampled diffusion
step t ∼ U{0, T − 1}, where T represents the total steps,
improving model generalization and gradient diversity.

2) Variance-Preserving Diffusion. The forward diffu-
sion process perturbs features via a variance-stable Markov
chain, ensuring consistent noise scaling across steps.

Fnoisy
img =

√
ᾱtFimg +

√
1− ᾱtϵ (5)

ϵ ∼ N (0, I) (6)

ᾱt =
t∏

s=1

αs (7)

αt = 1− βt (8)

βt = βstart +
t

T
(βend − βstart) (9)

with a linear schedule from βstart = 0.001 to βend = 0.02,
gradually adding noise while preserving feature variance for
smooth transitions between clean and noisy states.

3) Denoising Network Architecture. The denoising net-
work pθ refines the noisy image features Fnoisy

img at each dif-
fusion step t via a lightweight feedforward transformation:

pθ(F
noisy
img , t) = W2

(
ReLU(W1F

noisy
img + b1)

)
+ b2 (10)

where W1,W2 ∈ Rd×d and b1, b2 ∈ Rd are learnable
parameters. This two-layer structure uses ReLU for non-
linearity and preserves input dimensionality, enabling sta-
ble feature recovery. Optional step embeddings can inte-
grate timestep information, improving feature reconstruc-
tion across varying noise levels.

4) Feature Fusion Strategy. To ensure semantic fidelity
under noise, we fuse original and denoised features via
residual fusion. The enhanced image feature is computed as

Fenhanced
img = Fimg + λ · pθ(Fnoisy

img , t), λ = 0.15 (11)

where Fimg is the raw image feature, pθ(·) is the denoiser
and λ adjusts residual correction. This design preserves se-
mantics, prevents over-amplification of unstable updates,
and ensures stable gradient flow via the identity path.
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Figure 2: Overview of the proposed framework. Input frames are encoded into image and object features, refined by object-
aware and diffusion modules. Fused features are processed by a GRU with time-weighted layers to predict pt, while an actor-
critic module optimizes long-horizon early warnings.

The same residual enhancement is applied to the refined
object-aware features F̄obj :

Fenhanced
obj = F̄obj + λ · pθ(F̄noisy

obj , t) (12)

ensuring consistent robustness for both global and local
modalities under gradual or abrupt input degradations.

The enhanced image and object features are concatenated
and passed through a GRU to capture sequential dependen-
cies, producing the fused representation Xt and hidden state
ht for frame t:

Xt,ht = GRU(concat(Fenhanced
img ,Fenhanced

obj ) (13)

An MLP then predicts the frame-wise accident probability
pt = MLP(Xt), and a time-weight layer computes the tem-
poral weight loss wt = fc(ht) for the anticipation loss. This
unified pipeline produces robust, temporally-aware features
for accurate and timely accident anticipation.

State History Processing To capture short-term temporal
dependencies, a rolling buffer stores the latest W hidden
states. Let hi ∈ Rd be the hidden state at step i; then at
time t, the history Ht is formed by concatenating the past
W states (or all if t < W ):

Ht =

{
concat({hi}ti=1) if t < W

concat({hi}ti=t−W+1) otherwise
(14)

Summary vector obtained by averaging the buffered
states: h̄t = mean(Ht), which smooths fluctuations while
retaining key context. This compact representation feeds
into decision module, balancing temporal context and effi-
ciency.

Policy and Value Estimation We adopt an actor-critic
framework to model sequential decision-making, where
both the policy (actor) and value (critic) functions are condi-
tioned on the aggregated historical state h̄t. The actor maps

h̄t to a discrete action distribution via a linear projection fol-
lowed by softmax:

πt = softmax(Wph̄t + bp) (15)

where Wp ∈ RA×d, bp ∈ RA, and A is the action space
size. The action at is sampled as at ∼ πt, and its log-
probability log πt(at) is retained for policy gradient updates.

The critic predicts the expected cumulative reward from
the same state using a linear value head:

Vt = w⊤
v h̄t + bv (16)

where wv ∈ Rd and bv ∈ R. Decoupling actor and critic sta-
bilizes learning by guiding policy improvement with value-
based estimation.

Reward Computation The reward function balances pre-
diction correctness and temporal urgency, encouraging early
and accurate decisions. The agent receives a positive reward
for correct predictions, discounted exponentially to favor
earlier actions:

rt = I(at = yt) · e−t/τ + I(at ̸= yt) · γ (17)

where yt is the ground-truth label, τ controls temporal de-
cay, and γ is a fixed negative penalty for incorrect actions
(set to 5 and −0.5 in our experiments).

To stabilize training and reduce reward variance across
batches, rewards are normalized as:

r̃t =
rt − µr

σr + ϵ
(18)

where µr and σr are the batch mean and standard devia-
tion, and ϵ ensures numerical stability.This reward design
promotes early, correct predictions while discouraging late
or incorrect actions, aligning with the long-horizon, safety-
critical nature of accident anticipation.
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Model Venue
DAD CCD A3D

AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑
DSA (Chan et al. 2017) ACCV 48.1 1.34 98.7 3.08 92.3 2.95
ACRA (Zeng et al. 2017) CVPR 51.4 3.01 98.9 3.32 - -
AdaLEA (Suzuki et al. 2018) CVPR 52.3 3.44 99.2 3.45 92.9 3.16
UString (Karim et al. 2022) TIV 53.7 3.53 99.5 3.74 93.2 3.24
DSTA (Bao, Yu, and Kong 2020) ACM MM 52.9 3.21 99.1 3.54 93.5 2.87
GSC (Wang et al. 2024) TIV 58.2 2.76 99.3 3.58 94.9 2.62
AccNet (Liao et al. 2024a) AAP 60.8 3.58 99.5 3.78 95.1 3.26
LATTE (Zhang et al. 2025) IF 89.7 4.49 98.8 4.53 92.5 4.52
Ours - 91.2 4.59 99.8 4.29 95.7 4.60

Table 1: Comparison of model performance in balancing mTTA and AP across three datasets. Best and second-best values are
marked in bold and underline, respectively. “–” denotes missing data. ↑ indicates that higher values are better.

Training Loss
The model is trained with a joint objective that integrates
anticipation loss for supervised prediction and actor-critic
losses for sequential decision-making, balancing accuracy
and early warning capability.

Anticipation Loss The supervised anticipation loss Lan

combines positive and negative sample terms. For positives,
a temporal penalty p encourages earlier predictions and is
defined as p = −max (0, (taccident − tcurrent − 1)/fps)

and the time weight ωt is computed from the GRU hid-
den state ht as ωt = 1 + σ(ht), where σ(·) is the sigmoid
function. The positive loss is:

Lpos = − (ωt · exp(p) · Lce) (19)

while the negative loss uses standard cross-entropy scaled
by a constant c: Lneg = cLce.

The overall supervised anticipation loss Lan averages
over time and samples:

Lan = E

[
T∑

i=1

(αi · Lpos(i) + (1− αi) · Lneg(i))

]
(20)

Actor-Critic Losses To encourage early and reliable an-
ticipation, we adopt an actor-critic formulation that com-
bines policy and value learning. The policy loss guides the
actor to favor actions with higher advantages while promot-
ing exploration via entropy regularization:

Lactor = −E[log πt(at) ·At]− λeH(πt) (21)

where At = r̃t − Vt is the advantage and λe = 0.1 controls
the entropy weight.

The value loss encourages the critic to accurately estimate
the expected return:

Lcritic =
1

2
(r̃t − Vt)

2 (22)

with r̃t denoting the normalized reward.
Finally, the complete training objective combines the su-

pervised anticipation loss with the actor-critic components:

Ltotal = Lan + α(Lactor + βLcritic) (23)

where α = β = 0.5 in our implementation.This unified
objective balances supervised accuracy with reinforcement-
guided timing, driving the model to deliver both early and
reliable accident anticipation.

Experiment
Experiment Setup
We evaluate our model on three benchmark datasets cover-
ing diverse real-world traffic accidents:
• Dashcam Accident Dataset (DAD) (Chan et al. 2017):

620 accident and 1,130 normal clips (5s@20fps, 100
frames), capturing various urban collisions.

• Car Crash Dataset (CCD) (Yao et al. 2019): 1,500 acci-
dent and 3,000 normal clips (5s@10fps, 50 frames), with
detailed metadata and rich accident diversity.

• AnAn Accident Detection (A3D) Dataset (Bao, Yu,
and Kong 2020): 1,087 accident and 114 normal clips
(5s@20fps, 100 frames), complementing DAD with dif-
ferent urban contexts.

To evaluate robustness, we introduce Gaussian and im-
pulse noise at varying levels to simulate sensor degradation,
assessing the model’s ability to anticipate accidents accu-
rately under realistic noise conditions.

Evaluation Metrics
We evaluate the model on two aspects: accuracy and timeli-
ness, reflecting reliability and early-warning capability.

Accuracy. We report precision (P ), recall (R), and Av-
erage Precision (AP), AP =

∫
P (R) dR, which measures

detection performance across thresholds, with higher AP in-
dicating more reliable recognition.

Timeliness. We measure early-warning performance with
Time-to-Accident (TTA), interval between the first confident
prediction and the actual accident. Mean TTA (mTTA) is
averaged across thresholds as mTTA =

∫ 1

0
TTAa da where

higher values indicate stronger early-warning capability.

Implementation Details
The framework is implemented in PyTorch 2.0 and trained
for 30 epochs on an NVIDIA RTX 3050 (batch size 10) us-
ing Adam (initial LR 3× 10−4) with a ReduceLROnPlateau
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σ
CCD A3D

AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑
Original 99.8 4.29 95.7 4.60
0.5 99.6 4.00 94.3 4.10
1.0 99.6 4.04 95.3 4.23
5.0 99.6 4.35 95.2 3.98
10.0 98.0 3.43 92.9 3.97
20.0 91.6 3.05 92.9 3.96

Table 2: Comparison of Gaussian noise levels and their im-
pact on mTTA and AP for CCD and A3D. “Original” de-
notes baseline performance without added noise.

Percents
CCD A3D

AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑
Original 99.8 4.29 95.7 4.60
10% 99.5 4.54 95.3 4.06
20% 99.6 4.33 95.7 4.37
30% 99.2 4.22 93.1 3.60
50% 98.0 3.38 91.6 3.79

Table 3: Comparison of pulse noise levels and their effect
on mTTA and AP for CCD and A3D. “Original” indicates
baseline performance without added noise.

scheduler. Each frame includes up to 19 objects with 4096-D
features from a VGG-16 backbone. A 256-unit GRU models
temporal dynamics for efficient accident anticipation.

Evaluation Results
Compare with SOTA Baselines. Table 1 shows that our
model outperforms all baselines in both accuracy (AP) and
timeliness (mTTA). On DAD, it achieves 91.2% AP and
4.59 s mTTA, reflecting both higher accuracy and earlier
anticipation. On CCD and A3D, it delivers consistent AP
gains (+0.3% and 0.6% than best SOTA) and larger mTTA
balance improvements, confirming the advantage of long-
horizon temporal reasoning for early warnings.
Robustness to Sensor Noise. Tables 2 and 3 evaluate the
model under Gaussian and impulse noise, simulating real-
world sensor degradations. Our approach maintains high AP
and mTTA even under moderate corruption (e.g., σ = 5.0
for Gaussian noise yields 99.6% AP on CCD and 95.2% on
A3D). Performance degrades gradually at extreme noise lev-
els but remains meaningful, demonstrating the effectiveness
of the diffusion-based denoising module.

Impulse noise shows a similar trend: up to 20% pixel cor-
ruption, the model preserves near-baseline performance, and
even at 50%, it produces usable outputs. This resilience con-
firms that our framework can sustain reliable accident antic-
ipation under adverse sensing conditions, a critical require-
ment for real-world deployment. Experiments on robustness
of long-horizon credit assignment are in Appendix D.

Ablation Studies
Ablation Study for Core Components. Table 4 and 5
presents an ablation study on the CCD dataset to quantify the

Experiment AP (%)↑ mTTA (s)↑
Our Full Model 99.8 4.29
w/o Object Aware Module 99.3 4.61
w/o Time Weight Layer 99.5 4.47
w/o Anticipation Loss 33.3 5.00
w/o Policy Gradient Loss 99.6 4.47
w/o Value Loss 92.8 3.03

Table 4: Ablation studies of different modules on CCD
dataset. "w/o" denotes removal of a module.

contribution of each core component, including the image
and object diffusion modules, the self-adaptive object-aware
module, the time-weight layer, and the actor-critic compo-
nents (anticipation, policy, and value losses).

Removing the anticipation loss causes AP to drop sharply
to 33.3%, confirming its key role in aligning predictions with
pre-accident cues. This also highlights that a higher mTTA
alone is not necessarily better. Value loss removal signifi-
cantly affects AP and mTTA, highlighting its role in stabiliz-
ing long-horizon decisions. The self-adaptive object-aware
module and time-weight layer consistently enhance early-
warning performance.
Impact of diffusion modules. We analyze the role of dual
diffusion modules on the CCD dataset under Gaussian noise
(σ ∈ {0.5, 1.0, 5.0, 10.0, 20.0}) by comparing the full
model with variants removing each module or both.

Table 5 shows that under clean and mild noise (σ ≤ 1),
all models perform well, with the full model reaching 99.8%
AP. At moderate noise (σ = 5), dual diffusion best preserves
performance (99.6% AP), while module removal causes
slight drops. Under severe noise (σ ≥ 10), all degrade, and
omitting image diffusion sometimes improves AP, suggest-
ing over-denoising may harm heavily corrupted inputs.

Reward–Penalty Trade-offs in AP and mTTA
We analyze how the reward coefficient (τ ) for early correct
predictions and the penalty factor (γ) for mispredictions af-
fect AP and mTTA on A3D, as summarized in Table 6.

Increasing the reward weight (from ×1 to ×50) steadily
reduces AP (95.7% → 92.7%) while providing slight mTTA
gains, indicating that overemphasizing early predictions en-
courages premature actions and more false positives. Con-
versely, reducing the reward (×0.1, ×0.02) yields the high-
est AP (up to 96.2%) but lowers mTTA, reflecting a more
conservative strategy that prioritizes accuracy over antici-
pation. Penalty adjustments show a complementary trend.
Strong penalties (×10) make the model overly cautious,
achieving the highest mTTA (4.92s) but the lowest AP
(91.2%), while low penalties (×0.1) promote earlier yet less
reliable predictions (AP 92.1%).

Visual Analysis: Long-Horizon vs. Frame-Level
Training
We compare our long-horizon model (history window=10)
with the frame-level baseline (window=0) on three DAD
scenarios (Figure 3). Additional visualizations, window-size
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σ
Original w/o Image Diffusion w/o Object Diffusion w/o All Diffusion

AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑ AP (%)↑ mTTA (s)↑
Original 99.8 4.29 99.6 4.50 99.6 4.65 99.6 4.54
0.5 99.6 4.00 99.4 4.45 99.5 4.35 99.4 4.36
1.0 99.6 4.04 99.5 4.38 99.5 4.64 99.4 4.11
5.0 99.6 4.35 99.5 4.02 99.3 4.07 99.0 4.05
10.0 98.0 3.43 98.6 3.75 98.8 3.48 98.2 3.89
20.0 91.6 3.05 92.8 3.03 91.4 3.06 91.0 3.19

Table 5: Impact of varying Gaussian noise levels on mTTA and AP under core module ablation on the CCD dataset. "Original"
(column) denotes baseline without noise; "Original" (row) indicates the full model. Best AP per noise level are in bold.

Reward τ Penalty γ AP (%)↑ mTTA (s)↑
×1 (5.0) ×1 (-0.5) 95.7 4.60
×10 ×1 93.6 4.77
×50 ×1 92.7 4.70
×0.1 ×1 96.2 4.47
×0.02 ×1 95.8 4.46
×1 ×10 91.2 4.92
×1 ×0.1 92.1 4.71

Table 6: Effect of reward and penalty scaling on AP and
mTTA on A3D. Reward emphasizes early correct alerts;
penalty scales false/missed costs.

comparisons, and inference time are provided in Appen-
dices C-G.

(a) Complex multi-agent scenario (False Positive). In
a rainy intersection with multiple interacting vehicles, both
models produce false positives. However, the long-horizon
model generates shorter and less frequent alarms by integrat-
ing temporal evidence from preceding frames, effectively
suppressing spurious alerts in noisy environments.

(b) Typical collision (True Positive). For a straightfor-
ward accident, both models succeed, but the long-horizon
model predicts nearly one second earlier by aggregating past
frames and capturing subtle cues—such as the motorcycle’s
lateral drift without deceleration—enabling timely anticipa-
tion before entering the danger zone.

(c) Sudden complex crash (Late Prediction). In sudden
collisions, although neither model predicts far in advance,
the long-horizon model still issues alerts slightly earlier than
the frame-level baseline. Even a small lead time can be cru-
cial for timely evasive maneuvers in real driving scenarios.

Overall, these examples show that long-horizon train-
ing enables earlier and more reliable warnings with fewer
false positives, a critical advantage for safety-critical driv-
ing where even brief lead times can greatly reduce risk.

Conclusion
We proposed a unified framework for traffic accident antici-
pation that combines diffusion-based denoising with a time-
aware actor-critic architecture. This design enhances robust-
ness under noisy sensing and improves the timing of early
warnings by leveraging long-horizon temporal reasoning.

Experiments show that our method sustains high accu-

Figure 3: Visualization of long-horizon vs. frame-level an-
ticipation on DAD (threshold 0.5). Scenarios: (a) ambiguous
multi-agent rain, (b) predictable collision, (c) sudden com-
plex crash. The long-horizon model offers earlier, more reli-
able predictions with fewer false positives.

racy and timeliness on both clean and degraded inputs, while
qualitative analysis highlights reduced false positives and
earlier predictions compared to frame-level baselines. These
results demonstrate that robust, long-horizon anticipation
enables safer and more proactive autonomous driving.
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