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Abstract—The ability to accurately assess and anticipate
risks in safety-critical scenarios is crucial for autonomous
driving systems. While existing research has made progress
in collision prediction, accurately quantifying risk levels from
monocular vision inputs remains challenging due to the complex
dynamics of multi-agent interactions and the inherent uncer-
tainty in real-world environments. To address these challenges,
we present NSF-HRPT, a novel framework that combines
learning-based perception with structured reasoning for quanti-
tative risk assessment. Qur approach features a Neural Seman-
tic Field (NSF) that learns to model scene semantics, trajectory
predictions, and probabilistic Time-to-Collision (TTC) distribu-
tions from simulation data. During inference, the pre-trained
NSF serves as a prior for our Hierarchical Risk Perception
Tree (HRPT), which enables efficient parallel computation
and spatial reasoning about multi-agent risks. Additionally, we
introduce a Sim2Real enhancement strategy that improves real-
world applicability without retraining by incorporating priors
from foundation models. Extensive evaluations demonstrate
that our framework achieves state-of-the-art performance on
synthetic benchmarks and delivers competitive, near-state-of-
the-art results on real-world datasets for both TTC estimation
accuracy and risk localization precision. The proposed method
provides an effective solution for real-time risk awareness from
monocular camera inputs.

I. INTRODUCTION

The validation of autonomous driving systems is funda-
mentally benchmarked against their ability to navigate safety-
critical scenarios—infrequent yet high-risk situations that
define the operational boundaries of system robustness [1],
[2]. This endeavor faces a significant data dichotomy. While
large-scale datasets such as Waymo Open [3], [4] and
nuScenes [5] offer extensive annotations for nominal driving
conditions, they remain inherently sparse in critical inci-
dents. Specialized accident datasets, including DAD [6] and
CCD [7], provide valuable collision examples with Time-to-
Collision (TTC) ground truth, yet their single-perspective,
egocentric view lacks the comprehensive bird’s-eye-view
(BEV) trajectory information essential for precise multi-
agent dynamic risk analysis.

To address these challenges, the research community has
pursued two complementary directions: safety-critical sce-
nario generation for offline validation [8]-[10], and safety-
critical scenario perception for real-time risk identification.
Within the latter, previous works have primarily focused
on predicting scene-level metrics such as mean-Time-to-
Accident (mTTA), which estimates the probability of fu-
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ture collisions [11], [12]. However, for actionable decision-
making in autonomous systems, a more fundamental and
valuable capability is the precise estimation of Time-to-
Collision (TTC) for individual entities, providing a continu-
ous, physically-grounded measure of collision urgency. This
capability is particularly crucial for embodied intelligent sys-
tems, such as autonomous vehicles, that must make reliable
safety decisions based on limited visual observations.

This task of quantitative risk assessment from monocular
vision presents several fundamental challenges: First, obtain-
ing the comprehensive ground truth data necessary for train-
ing deep dynamics models, particularly precise BEV trajec-
tories of all traffic participants, remains difficult in real-world
settings. Second, performing efficient risk assessment for
numerous agents in complex scenes requires computational
frameworks that can scale effectively for real-time operation.
Third, bridging the visual domain gap between simulation-
trained models and real-world application demands robust
adaptation strategies.

To address these challenges, we propose NSF-HRPT, a
novel framework for structured risk reasoning from sequen-
tial monocular frames. Our approach leverages the capabil-
ity of high-fidelity simulation platforms like CARLA [13]
to generate diverse critical scenarios with comprehensive
ground truth, including precise BEV trajectories and TTC
values. The framework operates through two coordinated
stages: an offline training phase that learns a powerful
multi-task Neural Semantic Field (NSF) representing scene
semantics, motion, and risk distributions; and an online
inference phase where the pre-trained NSF drives a Hierar-
chical Risk Perception Tree (HRPT) for parallel, structured
risk reasoning. Additionally, we incorporate a Sim2Real
Enhancement strategy that bridges the visual domain gap
without retraining by integrating geometric and semantic
priors from foundation models.

The main contributions of our work are as follows:

1) We propose a Neural Semantic Field (NSF) that
learns a unified representation of scene semantics,
motion, and risk from simulation data, with explicit
probabilistic modeling of TTC uncertainty.

2) We design a Hierarchical Risk Perception Tree
(HRPT), an efficient parallel inference algorithm that
uses the pre-trained NSF for structured multi-agent risk
reasoning in real time.

3) We introduce a Sim2Real Enhancement strategy
that leverages foundation models to bridge the visual
domain gap without retraining, improving real-world
applicability.
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4) We conduct extensive experiments in simulated and
real-world safety-critical scenarios, showing our frame-
work achieves state-of-the-art or near-state-of-the-art
performance.

II. RELATED WORK

Safety-critical Scenario Generation focuses on creating
diverse test cases for offline evaluation, largely driven by
generative models. High-fidelity simulators, such as CARLA
[13], provide a critical execution environment for diverse
generation algorithms, enabling evaluation in virtual worlds
that approximate real-world physics and traffic rules. A
prominent trend is the use of diffusion models to generate
rare and realistic critical events [9], create entire scenes
with static road layouts and dynamic actors [14], or syn-
thesize training data from semantic descriptions [12]. Other
strategies include autoregressive models for long-term traffic
flows [15] and reinforcement learning to iteratively edit
scenarios for maximal risk while maintaining plausibility
[8], [16]. Additionally, LLM agents are increasingly used
to interpret natural language into executable simulator in-
structions [10] or augment standard scenarios with adversar-
ial conditions [17]. Retrieval-augmented LLMs can further
discover and memorize adversarial behaviors online [18],
while knowledge-grounded LLMs reason about core threats
amplified through multi-agent trajectory optimization [19].

Safety-Critical Scenarios Prediction aims to identify
hazards and anticipate accidents from sensor data, supported
by datasets such as CCD [7], DAD [6], A3D [20], [21], and
benchmarks for rare event perception [22], [23]. Method-
ologies increasingly emphasize handling open-world risks,
including unsupervised approaches using generative world
models to identify prediction anomalies [24] and frame-
works leveraging synthetic data to detect unseen objects
with minimal real labels [25]. While earlier work empha-
sized scene-level metrics using spatio-temporal attention or
graph networks [11], [26], [27], recent efforts shift toward
agent-specific risk understanding [28]. This requires accurate
egocentric trajectory prediction, motivating diffusion-based
frameworks and visual memory models [29]-[31]. Concur-
rently, new methods target direct agent-level risk assessment,
such as vision-language models for motion risk prediction
[32] and LLMs to identify agents involved in predicted
collisions [33].

IIT. METHOD

We propose NSF-HRPT, a novel framework for structured
risk reasoning from monocular video in safety-critical street
scenes. It operates through two coordinated components: a
trainable Neural Semantic Field (NSF) that learns a unified
representation of scene semantics, motion, and risk, and a
Hierarchical Risk Perception Tree (HRPT) that enables
efficient parallel risk assessment at inference time using the
pre-trained NSF. A Sim2Real enhancement strategy further
bridges the sim-to-real visual domain gap without retraining.

A. Neural Semantic Field (NSF)

Inspired by NEAT [34], the Neural Semantic Field (NSF)
is a continuous representation that maps queries from monoc-
ular multi-frame images to semantic logits, trajectory, and
TTC risk predictions. The Neural Semantic Field (NSF)
comprises three core components: a Spatio-Temporal En-
coder, a Neural Attention Field, and a Multi-task Decoder,
as illustrated in Figure 1.

Spatio-Temporal Encoder. The Spatio-Temporal Encoder
E, extracts spatio-temporal features from an input sequence
X € RITXHXWX3 representing multi-frame images. A
ResNet backbone [35] first extracts a feature tensor Fye, €
RT*PXC " \where P = 64 is the number of spatial patches
and C is the feature dimensionality. Learnable spatial E, €
RP*C and temporal E, € RT*® positional embeddings are
broadcast and added element-wise .

F;ea[[tvpa :} = Ffeat[tap7 :] + ES [pa :] + Et [ta } (1)

The tensor F;eat is then processed by a transformer [36],
which globally integrates spatio-temporal features via self-
attention, enriching each patch with contextual information
across space and time. The resulting tensor is flattened into
the final feature matrix F € R(T-7)xC,

Neural Attention Field. The Neural Attention Field a
implements iterative, query-dependent attention. It operates
on the feature matrix F' and a query vector q, which can
be either q; = (x, y, At) for semantic occupancy prediction
or g2 = (z,y, At,T) for behavior prediction, where (z,y)
is a BEV coordinate, At is a future time offset, and 7 €
RP~ is a learnable entity-type embedding which represents
distinct behavioral priors for different entity categories (e.g.,
vehicles, pedestrians). The module initializes a context vector
co to the mean of F. For IV steps, an MLP a,, computes an
attention weight vector:

a; = a¢([qv Ci])a (2)
used to produce the next context vector:
ciy1 = softmax(a;) 'F. 3)

The final output is the refined context cy € RC.

Multi-task Decoder. The Multi-task Decoder Dy is im-
plemented as a MLP that processes the concatenated input
[q,cn] € R(PatC) | where D, represents the dimensionality
of the query vector and varies depending on the query type
(3 for q1, 3+ D, for q2). The decoder produces specialized
outputs through two distinct mapping functions:

Semantic Occupancy Prediction:

qi - (waya At) =S, (4)

predicts the semantic class distribution s € RS (vehicle,
pedestrian, road, red light, green light, background) at the
fixed coordinate (z,y) after time interval At.

Entity Behavior Prediction:

a : (z,y,At,T) 0, (u,logo?), (5)

predicts the future state of the entity currently located at
(x,y). It outputs both the trajectory offset vector o € R? and
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Fig. 1.
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Neural Semantic Field (NSF) Architecture. The NSF model comprises three core modules: a Spatio-Temporal Encoder for feature extraction,

a Neural Attention Field for iterative query-conditioned context refinement, and a Multi-task Decoder that outputs semantic occupancy, trajectory offsets,
and probabilistic TTC distributions. The illustration uses 7" = 3 input frames and P = 4 spatial patches for demonstration.

the TTC distribution parameters, comprising the mean p €
R and log variance log 2 € R which quantifies prediction
uncertainty, after time interval At.

The decoder employs Conditional Batch Normalization
(CBN), with parameters dynamically modulated based on
the input query features to specialize the processing for each
task.

Multi-task Loss. The model is trained end-to-end by
minimizing the objective:

(6)

The constituent losses are defined as follows. The semantic
loss is the cross-entropy:

Etolal = )\semECE + )\trajESmoothLl + )\ttc‘CNLL~

K
exp(s
Lop=— st'log | ot P(sk) (7)
k=1 Zj:l exp(s;)
The offset loss uses the Smooth L1 norm:
0.5(0 —o%)2/3, if |o— 0| < B,
»CSmoothl = ( ) / | | (8)

|o —0®'| —0.58, otherwise,

where 8 = 1.0 is a predefined threshold parameter.

The TTC loss is the negative log-likelihood under a
Gaussian distribution:

1 t 2 2 1 2
Ll = i(TTCg — p)* exp(—logo?) + 5 logo=.  (9)
Hyperparameters Asem, Awaj, e balance the task weights.

The training process utilizes ground truth data from the
CARLA simulation environment [13] to optimize the param-
eters © = {¢, 1,0} and learnable embeddings E,, E;, and
T.

NSF for Inference. During inference, the pre-trained NSF
operates in a query-driven manner to parse scenes and predict
future states. The process consists of two sequential steps:

Scene Parsing for Implicit BEV Map Initialization. A
2D query grid G is defined in the ego-centric coordinate
frame. For each point (z,y) in G, the semantic query q; =
(z,y, At = 0) is processed by NSF to output a semantic
probability distribution s € R®. Evaluating these queries
across G constructs an implicit BEV semantic map Mpggy,
providing the foundational scene representation.

Entity-centric Behavior and Risk Prediction. Dynamic
entities are identified from Mpggy. For each entity i at
position (z;,;) with type embedding 7(?), a behavior query
Q2 = (x5, y:, At, 7)) is formulated. The decoder outputs
a trajectory offset o € R? and TTC distribution parameters
(u,log 0?). The RiskValue R is computed as:

where p = (10)
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Fig. 2. The Structure of HRPT. The quadtree organizes spatial risk infor-
mation across five hierarchical layers (Root, two Internal, LeafFather, Leaf).
The BEV view illustrates the spatial partitioning, while the tree diagram
details the data (RiskValue, RiskMask, ActiveMask, EntityList, EntityID)
stored at each node type, facilitating efficient parallel risk aggregation.
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Fig. 3. The Inference Process of HRPT. The diagram contrasts the tree’s state during initial safe conditions versus upon detecting a high-risk entity.
The BEV views are for conceptual illustration; the framework operates on a logical BEV representation from the NSF without requiring explicit rendering.
NOTE: The BEV visualization is a schematic for clarity; the actual algorithm uses an implicit, query-based spatial representation.

B. Hierarchical Risk Perception Tree (HRPT)

The Hierarchical Risk Perception Tree (HRPT) is a
parallel quadtree structure that organizes dynamic entities
and propagates risk information hierarchically. At inference,
it leverages the pre-trained NSF to transform multi-agent risk
evaluation into an efficient, parallel reasoning process for
real-time safety assessment.

1) HRPT Structure and Node Definitions: The HRPT
organizes spatial information across five hierarchical layers
within the egocentric world coordinate system: (1) Root
node, (2) two Internal node layers, (3) LeafFather node layer,
and (4) Leaf node layer. Each node type employs specialized
encoding schemes to efficiently capture and propagate risk
information, with the complete structure and a detailed
example of node data presented in Figure 2.

Leaf Nodes represent individual dynamic entities and
store:

o EntityID: A unique identifier for each dynamic entity,
which primarily encompasses vehicles and pedestrians.
Vehicle entities are further categorized into the ego
vehicle (assigned the fixed identifier ego) and other ve-
hicles (assigned identifiers starting from v1). Pedestrian
entities are assigned identifiers starting from P1.

o RiskValue € RT: Risk value computed from NSF
queries.

o EntityInfo: State information including coordinates
(z,y) and type embedding T.

LeafFather Nodes aggregate spatial information within

fixed-size grid cells and maintain:

« RiskValue: Maximum risk among child nodes, Ryarent =
max({R.}), where {R.} represents the set of
RiskValues from all its children (Leaf nodes).

 RiskMask € {0, 1}: Binary indicator of significant risk,
computed as:

1 if Rparem > Rth A Pmax > Ph
0 otherwise,

RiskMask = (11)
where Rpaen is the aggregated risk value, ppax is the
maximum TTC confidence probability p (as defined
in Eq. (10)) among child nodes, R, = 0.3 is the
RiskValue threshold, and pr, = 0.7 is the confidence
probability threshold.

o EntityList: Catalog of contained entities
The RiskValue of entities(leaf nodes) under each LeafFather
node can be computed in parallel.

Internal & Root Nodes facilitate hierarchical risk prop-
agation through:

¢ RiskValue: Maximum risk among children

« RiskMask € {0,1}*: 4-bit risk indicator per child

quadrant

o ActiveMask € {0, 1}*: 4-bit entity presence indicator
All four child quadrants at each Internal and Root level can
be processed concurrently for efficient risk aggregation.

2) Initialization: The initialization process establishes the
foundational state for iterative prediction. The procedure
commences with BEV semantic map construction through
NSF-based scene parsing of historical image sequences X.
Dynamic entities are detected from Mggy, and correspond-
ing Leaf nodes are instantiated with initial state information.

Each entity’s initial risk assessment is obtained through
NSF behavior queries qs = (x,y, At = 0, 7), yielding TTC
parameters (u,logo?) from which the initial risk value R
and confidence probability p are derived. The spatial regis-
tration phase assigns Leaf nodes to appropriate LeafFather
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nodes based on coordinate information, establishing initial
parent-child relationships.

The initialization culminates with bottom-up aggregation
where risk values and mask encodings propagate upward
through the hierarchy. LeafFather nodes compute aggregated
RiskValues and binary RiskMasks, while Internal and Root
nodes determine their states through maximum risk aggrega-
tion and bitwise mask operations.

3) Iterative Prediction Protocol: The HRPT executes T' =
50 iterative prediction steps (6t = 0.1s), each comprising
five distinct phases, with the complete workflow illustrated
in Figure 3.

Trajectory Predict:
through NSF queries:

Entity trajectories are updated

Pnew = Pcurrent + O, (12)

where pcurent denotes the entity’s current position and Ppew
represents its predicted future position.

HRPT Update: Leaf node coordinates are adjusted with
spatial reassignment to maintain accurate registration.

RiskValue Evaluate: Updated TTC parameters
(u,logo?) are obtained through NSF behavior queries
at new positions. Bottom-up risk aggregation recalculates
all nodal RiskValues and masks according to equation (10),
where R represents the RiskValue, p denotes the confidence
probability of the predicted Time-to-Collision.

Risk Monitor: Root node’s RiskValue and RiskMask
are monitored for threshold violations, with risk source
identification through hierarchical mask traversal.

This structured iterative process enables predictive, hier-
archical risk assessment that anticipates potential collision
scenarios and supports verifiable navigation decisions.

C. Sim2Real Enhancement

While trained exclusively on synthetic CARLA data, the
NSF framework requires robust evaluation on real-world
datasets. To address the visual domain gap at inference
without retraining, we integrate geometric and semantic
priors from pre-trained foundation models into the frozen
NSF architecture.

Input Enhancement via Early-Fusion. For a real-world
image sequence X € RT*HXWx3 \e obtain a depth map
D € RTXHXWX1 and semantic features S € RT>*HxWxCs
from pre-trained models. These are concatenated and pro-
jected via a fixed linear transformation P to maintain original
input dimensions:

Xenhanced = P([X, D, S]) € RT¥HXWx3 - (13)

This enhanced input is fed to the frozen encoder E.

Feature Enhancement via Mid-Fusion. The original
image sequence is processed by E, to extract initial fea-
tures Fie € RT*FP*C External models provide depth and
semantic features Fy,F, € RT*P*C which are aligned
spatially and temporally. These are fused through a weighted
summation:

Fenhanced = Frear + @aF g + asF, (14)

where oy = 0.5, oy = 0.3 are fixed scaling coefficients. The
enhanced features Fephancea € RT X F*C proceed through the
remaining NSF components.

Both methods require no additional training and enhance
the NSF’s robustness to real-world visual variations while
preserving its pre-trained parameters and architectural in-
tegrity.

IV. EXPERIMENT

A. Experimental Setup

1) Simulation environment: We employ the CARLA sim-
ulator [13] with the SafeBench framework [37] for closed-
loop autonomous vehicle evaluation. Our evaluation encom-
passes 8 critical traffic scenarios from the NHTSA Pre-
Crash Typology Report [38] (including Straight Obstacle,
Lane Changing, etc.), selected following the methodology
in [10], [19], totaling 800 challenging scenarios (10 routes x
10 variations per scenario) for comprehensive benchmarking
[19].

The BEV representation is configured with 512x512 pixel
images covering a 32mx32m physical area, providing 12m
rearward and 20m forward field of view from the ego vehicle
through a 64-pixel viewpoint offset. We generate precise
ground truth data including semantic segmentation masks,
entity trajectories, and Time-to-Collision (TTC) values rep-
resenting the duration to actual collision. This comprehen-
sive dataset enables reproducible training and evaluation
of safety-critical scenario detection in our risk assessment
framework.

2) Real-World Datasets: Our model is validated on two
standard benchmarks for accident anticipation.

DAD. The Dashcam Accident Dataset (DAD) [6] consists
of 1,750 five-second, 20-FPS video clips of urban traffic,
where accidents in its 620 positive samples are confined to
the final 10 frames.

CCD. The larger Car Crash Dataset (CCD) [7] offers
greater environmental diversity across its 4,500 videos, sup-
ported by rich metadata. Its 1,500 accident instances occur
within the last two seconds and are augmented by 3,000
normal driving clips from BDD100K [39].

3) Evaluation Metrics: We evaluate our model using three
key metrics: Average Precision (AP) , Mean Time-to-
Accident (mTTA) , and Accident Object Localization
Accuracy (AOLA) [33] for spatial precision.

AP measures accident detection accuracy under natural
class imbalance, calculated as the area under the Precision-
Recall curve.

mTTA measures the average time between the first valid
warning and accident occurrence, we employ a rigorous
criterion to determine the first valid warning moment ty.
At each timestamp ¢y, our model performs efficient iterative
reasoning to predict the RiskValue for future time ty + dt.
While the first moment the predicted RiskValue exceeds a
threshold could be used, we define ¢y as a valid warning
moment only when: (1) the RiskValue predicted for ¢ty +
ot first crosses the threshold, and (2) the absolute error
between the predicted TTC (Tte+5t) and ground-truth TTC
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(Tar,1,+00) satisfies [Tyt — TG, +0t] < € (with € = 0.3s
based on autonomous driving requirements). The mTTA is
then computed as % Z@Z\; (teoltision,i —tg,i) across all positive
samples.

AOLA evaluates the model’s precision in identifying
accident-related objects, computed as the fraction of cor-
rectly predicted objects among all detected objects across
frames.

4) Baselines: We compare our model against key state-
of-the-art methods representing major technical trends. This
includes attention-based models (DSA [6], adaLEA [40],
DSTA [11]), graph-based frameworks (Ustring [7], GG [26]),
and the recent LLM-based approach of Liao et al. [33] that
predicts ”when, where, and what”.

5) Implementations: All experiments are conducted on a
server equipped with an Intel(R) Core(TM) 19-14900K CPU
and two NVIDIA GeForce RTX 4090 GPUs, each with 24GB
of memory.

Our transformer architecture employs L = 2 layers with
4 parallel attention heads. For encoder selection, we evalu-
ate ResNet-18, ResNet-34, and ResNet-50, with ResNet-34
delivering the optimal performance.

To address the absence of BEV trajectory and semantic
annotations in real-world datasets (DAD and CCD), we
utilize the simulated scenarios from Section IV-A.1, pro-
cessed into video frames for model training. Each scenario is
partitioned into training and testing subsets with a 4:1 ratio.
This framework facilitates cross-domain evaluation, where
models are trained on synthetic data and evaluated on real-
world benchmarks. We maintain the official training/testing
partitions for DAD (1,284/466) and CCD (3,600/900), using
these datasets exclusively for testing purposes.

B. Comparison to State-of-the-art (SOTA)

We conduct comprehensive evaluations to benchmark our
proposed framework against SOTA methods across both
simulated and real-world datasets. The comparative analysis
validates the effectiveness of our approach in accurate risk
anticipation and demonstrates its potential for sim-to-real
transfer.

Evaluation on CARLA Simulation. We first evaluate our
method on the CARLA simulation scenarios described in
Section IV-A.1. To ensure a fair comparison with baseline
methods DSA [6] and Liao et al. [33], which require first-
person view object annotations, we generate corresponding
ground truth labels from the simulated scenarios and adhere
to identical training/testing splits. As summarized in Table
I, our method achieves superior performance across all
three metrics (AP, mTTA, AOLA) in all eight base traffic
scenarios, establishing a new state-of-the-art in the simulated
environment. The consistent improvements demonstrate the
strong scene understanding and predictive capability of our
NSF-HRPT framework.

Evaluation on Real-World Datasets. To assess the sim-
to-real generalization ability of our model, we directly
evaluate our NSF-HRPT framework, trained exclusively on
synthetic CARLA data, on the real-world DAD and CCD

datasets without any fine-tuning. The results in Table II
show that our base model already surpasses several early
baseline methods (e.g., DSA, adaLEA), indicating a promis-
ing sim-to-real transfer capability. However, a performance
gap remains compared to the current SOTA methods, which
we attribute to the domain shift in visual appearance and
increased scene complexity (e.g., vehicle types, background
variations) in real-world data.

To bridge this domain gap, we employ the Sim2Real
enhancement strategies described in Section III-C, utilizing
frozen pre-trained models for semantic segmentation [41]
and depth estimation [42]. Incorporating Early-Fusion (EF)
and Mid-Fusion (MF) brings substantial performance gains
across all metrics. Notably, with Mid-Fusion enhancement,
our method achieves competitive results, matching or ap-
proaching the performance of the current SOTA on several
key metrics.

C. Ablation Studies

70

m - Positional Embeddings E & E,
M - Learnable Embedding T

- Transformer
M - Semantic Loss ( Age, =0)

B - Offset Loss ( Ay,j=0)
-TTC Loss (A =0)
- Red/Green Lights
- Unprotected Left-turn & Right-turn
W + Early-Fusion
m + Mid-Fusion
2 + Early-Fusion & Mid-Fusion

Fig. 4. Component Analysis on DAD Dataset Using AP. ”- Red/Green
Lights”: removing the ’red light’ and ’green light’ classes from the se-
mantic prediction task. ”- Unprotected Left-turn & Right-turn”: excluding
unprotected left-turn and right-turn scenarios from the training set.
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Fig. 5. Component Analysis on CARLA Using mTTA and AOLA.

We conduct systematic ablation studies to evaluate the
contributions of individual components in our framework
across two evaluation settings. Results are summarized in
Figure 4 (DAD dataset, AP metric) and Figure 5 (CARLA
simulation, mTTA and AOLA metrics).

On the DAD benchmark, we analyze core architectural
components including the Positional Embeddings, Learnable
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TABLE I
PERFORMANCE COMPARISON ON THE CARLA SIMULATION BENCHMARK.

Base Traffic Scenarios
Metric Algo. Straight  Turning Lane Vehicle Red-light Unprotected Right- Crossing Avg.
Obstacle Obstacle Changing Passing Running  Left-turn turn  Negotiation
DSA 65 75 80 75 70 70 80 75 73.8
AP(%) | Liao et al. 80 85 85 80 80 75 80 70 79.3
Ours 90 85 85 80 90 80 85 80 84.3
DSA 2.58 2.26 2.52 2.27 2.65 2.13 2.57 2.37 242
mTTA |Liao etal.| 322  3.11 329 293 324 3.16 349 327 |3.21
Ours 3.68 3.81 3.49 3.3 3.77 3.21 3.54 3.52 3.54
ALAO Liao et al. | 0.86 0.84 0.85 0.84 0.87 0.83 0.84 0.81 0.84
Ours 0.91 0.89 0.92 0.89 0.92 0.88 0.92 0.9 0.9
TABLEI simulation data, encoding scene semantics, trajectory pre
P DAD D REAL-W ’ ’ i
ERFORMANCE COMPARISONDOAIiZ:;TS AND CCD REAL-WROLD dictions, and probabilistic Time-to-Collision (TTC) distribu-
' tions. The proposed HRPT enables efficient parallel risk
OAD D reasoning via spatial-hierarchical computation, while our
Model Sim2Real strategy boosts real-world generalizability with
AP(%)T  mTTA()T AOLAT  AP(%)T mTTAGMT no retraining required. Extensive experiments demonstrate
DdSA [g] 0 4% éi;‘ - gg; ;22 state-of-the-art performance on synthetic benchmarks, and
adaLEA [40] 52. . - . . gt . . .
Ustring [7] 537 353 i 995 374 competlt.lve accuracy for both TTC estimation and risk
DSTA [11] 36.1 3.66 - 99.6 3.87 localization on real-world datasets.
Liao et al. [33] 69.2 4.26 0.89 99.7 3.93 Future research will pursue three key directions to extend
GG [26] 636 445 - 999 49 this work. First, we will develop hybrid training paradigms
Ours 56.7 372 0.65 99.2 3.67  that integrate limited real-world data with simulation data
Ours + EF 67.2 4.13 0.85 99.8 3.87 , . . o
Ours + MF 68.5 423 0.89 999 395 toO enhance the NSF’s domain adaptation capabilities, po-

tentially through semi-supervised or adversarial training

The best and second-best results per column are in bold and underlined,
respectively; EF/MF denotes Early/Mid-Fusion, while “-” indicates
unavailable values.

Type Embedding 7, and Transformer module. The multi-
task learning objectives (Semantic, Offset, and TTC Losses)
and training data configuration are examined. Our Sim2Real
strategy, employing frozen pre-trained models, demonstrates
effective domain adaptation and enhances robustness to real-
world variations.

Complementary evaluation on CARLA simulation as-
sesses the hierarchical reasoning mechanism of the HRPT,
including its parallel structure, RiskMask, and ActiveMask
components. The importance of the Learnable Embedding T,
Transformer module, and multi-task losses is validated. All
components contribute significantly to the final performance
in both experimental settings.

V. CONCLUSION AND FUTURE WORK

In this work, we introduce NSF-HRPT, a novel frame-
work for quantitative risk assessment, built on a dual-stage
paradigm unifying learning and reasoning. At its core, an
NSF learns continuous spatiotemporal representations from

techniques. Second, we plan to incorporate large language
models (LLMs) to provide higher-level risk interpretation
and reasoning, enabling more intuitive and actionable warn-
ing generation for autonomous systems. Finally, we aim
to construct comprehensive real-world datasets incorporat-
ing bird’s-eye-view trajectory annotations and detailed risk
assessments, which will serve as essential benchmarks for
advancing safety-critical perception research. These efforts
will collectively strengthen the framework’s robustness, inter-
pretability, and applicability, ultimately facilitating safer and
more reliable deployment in real-world autonomous driving
systems.
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