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Abstract— Ensuring safety in autonomous driving requires
precise, real-time risk assessment and adaptive behavior. Prior
work on risk estimation either outputs coarse, global scene-level
metrics lacking interpretability, proposes indicators without
concrete integration into autonomous systems, or focuses nar-
rowly on specific driving scenarios. We introduce the Context-
aware Risk Index (CRI), a light-weight modular framework
that quantifies directional risks based on object kinematics and
spatial relationships, dynamically adjusting control commands
in real time. CRI employs direction-aware spatial partitioning
within a dynamic safety envelope using Responsibility-Sensitive
Safety (RSS) principles, a hybrid probabilistic-max fusion strat-
egy for risk aggregation, and an adaptive control policy for real-
time behavior modulation. We evaluate CRI on the Bench2Drive
benchmark comprising 220 safety-critical scenarios using a
state-of-the-art end-to-end model Transfuser++ on challenging
routes. Our collision-rate metrics show a 19% reduction (p =
0.003) in vehicle collisions per failed route, a 20% reduction
(p = 0.004) in collisions per kilometer, a 17% increase (p =
0.016) in composed driving score, and a statistically significant
reduction in penalty scores (p = 0.013) with very low overhead
(3.6 ms per decision cycle). These results demonstrate that CRI
substantially improves safety and robustness in complex, risk-
intensive environments while maintaining modularity and low
runtime overhead.

I. INTRODUCTION

Autonomous driving systems have made remarkable
progress in recent years, yet ensuring safety and adaptability
remains one of the most critical challenges in the field,
particularly in dynamic and risk-intensive environments. As
autonomous vehicles increasingly operate in complex real-
world scenarios, the need for precise, real-time risk assess-
ment becomes paramount. This paper addresses the problem
of real-time, directional, and interpretable risk estimation
for autonomous vehicles. Specifically, we ask: how can an
autonomous system adapt its control strategies to a safer style
on the fly by quantifying not just the presence of risk, but its
direction, type, and severity? To address this challenge, we
propose the Context-aware Risk Index (CRI), a lightweight,
modular framework designed to enable real-time, risk-aware
driving behavior adaptation.

Current approaches to risk estimation in autonomous
driving face several fundamental limitations. Some of these
works either output coarse, global scene-level metrics lack-
ing interpretability [1], propose indicators without concrete
integration into autonomous systems [2], or focus narrowly
on specific driving scenarios [3], [4]. These limitations make
it difficult to provide fine-grained, context-sensitive feedback
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that can be effectively incorporated into modern autonomous
driving stacks.

Drawing from these observations, our solution is built
upon three key insights. First, driving risk is inherently
directional and object-specific; therefore, we generate per-
object, direction-aware risk scores by analyzing each object’s
kinematic relationship to the ego vehicle making them highly
explainable, rather than computing a single global value.
Second, a usable risk model must be sufficiently generic to
operate robustly across diverse driving scenarios, rather than
being specialized for a limited subset of cases. Third, risk
estimation is more meaningful if it actively influences system
behavior. Accordingly, CRI is implemented as a lightweight
module that interfaces directly with autonomous vehicle
control subsystems, dynamically modulating the vehicle’s
driving style based on localized risk assessments.

To validate CRI’s capability, we integrated it into a state-
of-the-art end-to-end model Transfuser++ [5] and evaluated
it on the Bench2Drive benchmark [6] in the CARLA sim-
ulator [7]. Experiments show that CRI significantly reduces
vehicle collisions, improves driving efficiency, and enhances
comfort across both the full scenario set and a failure-prone
subset, demonstrating safer and more reliable behavior under
challenging conditions.

II. RELATED WORKS

Understanding and quantifying the complexity of driving
environments is crucial for adapting autonomous vehicles
(AV5s) to diverse road conditions. Montewka et al. [8] intro-
duced a ship—ship collision criterion whose angle-calculation
is also pertinent to collision-risk analyses in road contexts.
Yu et al. [1] proposed a complexity metric, but its output
range and interpretability were limited. Other researchers
explored complexity from the driver’s perspective: Gold et
al. [9] examined how traffic density affects take-over control
from highly automated vehicles, while Faure et al. [10]
used subjective workload ratings that do not easily scale.
Meanwhile, various data-driven frameworks emerged: Guo
et al. [11] reviewed open-source driving datasets via a drive-
ability metric, Liu and Hansen [2] combined OpenStreetMap
data with dynamic vehicle information, and Wang et al
[12] performed scenario classification based on traffic data.
Manawadu et al. [13] used a simulator to estimate driver
workload in different traffic densities. However, despite these
efforts, many either lack a real-time focus on ego-vehicle
kinetics or omit explicit collision-risk factors such as relative
angle or overspeed. Feng er al. [14] and Garefalakis et
al. [15] use deep reinforcement learning and imbalanced
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Fig. 1: System overview of CRI integration.CRI computes directional risk from RSS-filtered objects and adjusts Transfuser++

control via aggregated value and dominant direction.

classification for risk assessment, but lack explainability
and direct integration with control adaptation. Consequently,
a more kinetic-aware and interpretable index—integrating

multiple dimensions—remains needed.
Another line of work emphasizes predefined roadway sce-

narios to categorize risk. Kutela et al. [3] leverage overspeed
data and roadway features, while Roi Naveiro et al. [4]
adopt game-theoretic approaches to lane-changing. Chen et
al. [16] focus on data-driven car-following behavior, and
Cheng et al. [17] quantify safety risk by analyzing driver
cognitive load in high-risk conditions like distracted driving
or lane merging. These efforts underscore the importance of
scenario or lane environments but seldom merge multiple
core factors—angle, speed, vehicle motion—into a generic,

holistic collision-risk index.
Beyond these complexity or scenario-based methods, risk-

bounded envelopes have also emerged. Bernhard et al. [18]
propose a probabilistic framework for uncertain percep-
tion, and the Responsibility-Sensitive Safety (RSS) model
[19] applies conservative braking rules. While robust, such
envelope-oriented approaches often overlook subtler envi-
ronment complexities or the interplay of ego motion and
lateral/longitudinal risk. Large-scale Naturalistic Field Op-
erational Test (N-FOT) studies (e.g., Othman et al. [20])
require substantial data and seldom capture extreme events

in detail.
Overall, prior research addresses angles, environment

complexity, or safety envelopes separately, indicating a gap
for an integrated collision-risk measure. Inspired by angle-
based collision components [8], environment complexity [1],
and envelope logic [18], [19], our CRI seeks to bridge these
facets by unifying lateral/longitudinal risk, overspeed, and
angle into a lightweight real-time index.

III. METHODOLOGY

The Context-aware Risk Index (CRI) enhances au-
tonomous driving safety by integrating vehicle dynamics,
probabilistic risk modeling, and safety theory. As shown in
Figure 1, the system processes raw sensor input into adaptive
control commands. Detected objects are grouped into eight
directional zones based on relative position, enabling fine-
grained, context-aware risk evaluation and response. The
required CRI inputs are summarized in Figure 2.

A. CRI Calculation Pipeline

For each decision cycle, CRI computation operates at
two levels. First, a set of risk factors is independently
calculated for each surrounding vehicle relative to the ego
vehicle, based on their relative kinematic and geometric
states. Subsequently, the computed CRI values for all objects
are assigned into one of eight spatial sectors based on their
relative bearing angles. Within each sector, the maximum
per-object CRI is retained, and a hybrid fusion method
consolidates the sectoral risks into a final scene-level CRI
score and dominant risk direction, which are then used to
guide adaptive control decisions.

We initiate the CRI computation pipeline by constructing
a dynamic safety envelope around the ego vehicle based on
the Responsibility-Sensitive Safety (RSS) model [19]. The
longitudinal range of the envelope is determined by the RSS
safe distance, while the lateral width is adjusted according to
the number of lanes on the current road. The RSS distance
is computed as:
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where v.g, is the ego vehicle’s speed, vfront is the

leading object’s speed, freqction 1S the reaction time, and

Umaz, @msn are the maximum acceleration and minimum
braking deceleration.

Next, within the safety envelope, individual risk factors
based on kinetic attributes of detected objects are computed
for each detected vehicle. Following Montewka et al. [8], we
define an orientation risk fo,ientation as:

forientation =0.5 (1 — COS (131;5 + ;;)) ’ (3)
where 6 is the angle between the object’s orientation and
the ego vehicle’s heading.

We also evaluate risks associated with relative velocities
using an approach check in the ego-fixed frame. Let Apgy;,
be the relative positions’ projections on longitudinal or latitu-
dinal directions (x or y axis), and vg;, be relative velocities’
projections. We define the approach check:
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Fig. 2: Required inputs for CRI calculation. The framework leverages ego vehicle dynamics (e.g., Vego), road parameters
(e.g., speed limit vy;,,¢, number of lanes X;,,.), object states (relative position Apy;,, relative velocity vg;,., object velocity
Vfront), and directional relationships (e.g., heading angle ), within an RSS-defined safety envelope d, ..

Pdir = Apdir Vdir, dir € {lon, lat}. 4

A negative projection (pgi; < 0) means Apg;, and vgi,
have opposite signs—separation along that axis is decreas-
ing—so the object is approaching; nonnegative (pqir > 0)
implies receding and yields zero risk.

We then define:
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where TTCg;,) (directional Time-to-Collision) represents
the time remaining until potential collision on certain di-
rectiol, and dir € {lon,lat}, € is a small constant for
stability, and Apg;, and vg;, are the corresponding directional
projections of relative position and velocity. Objects with
nonnegative pq;, are receding and thus contribute zero to the
risk. We adopt exponential decay on TTC to match human
risk perception, providing higher sensitivity to imminent
collisions.

Inspired by Kutela er al. [3], we also introduce a logistic
function integrating the ratio of speed to speed limit and
number of lanes, resulting in a more explanatory speed-
related risk factor

1
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where vy 1s the speed limit and X4, adjusts for the
number of lanes. The constants are empirically determined
based on [3] to balance speed penalty and lane safety consid-
erations. And the logistic function’s non-linearity accurately
models the rapid increase in collision severity with velocity.
This effectively penalizes higher speeds, encouraging con-
servative driving.

These computed risk factors are fused into a unified CRI
using a probabilistic-max hybrid strategy. We adopt this
probabilistic-max hybrid strategy to balance cumulative risk
aggregation with peak threat prioritization, ensuring both
comprehensive risk coverage and sensitivity to extreme sce-
narios. Each risk component f; € { forientations fion, flat } Natu-
rally falls within the [0, 1] range due to their mathematical
formulation. Specifically, forientation 1 derived from a bounded
trigonometric function, while fi,, and fj,, are computed using
exponential decay based on time-to-collision, ensuring all
components remain comparable for reliable fusion. Spatial
risk fopatial is defined as:

fspatial =1- H(l - fz)a f1 S {forientationa flona flat}~ (8)

(2

To ensure that extreme risk scenarios are properly priori-
tized, we compute the maximum individual risk factor across
all evaluated dimensions, denoted as max; f;. Following
prospect theory [21], which emphasizes the human tendency
to overweight extreme outcomes, we blend the cumulative
spatial risk fspaial and the maximum single risk max; f; using
a weighting coefficient o = 0.7:

efspeed —Speed,ref

CRI = [a fspatial + (1 — @) - max f; espeedrel 7

9

where fopeea € [0,1] reflects the ego vehicle’s speed-
related risk, and speed_ref is a calibrated neutrality point. The
exponential modulation ensures that CRI values are further
amplified at higher ego speeds, reflecting the greater severity
of potential collisions under elevated kinetic energy.

At this stage, each surrounding vehicle has an associated
CRI value, reflecting its directional threat, proximity risk, and
dynamic severity relative to the ego vehicle. To construct a
global view of the surrounding environment, these individual
CRI scores are then spatially organized based on their relative
bearing angles.
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Fig. 3: Visibility Condition Analysis across the Bench2Drive
dataset. (a) Counts of all routes and failure routes by visibil-
ity; (b) Failure rates under different visibility conditions; (c)
Visibility distribution in all routes; (d) Visibility distribution
in failure-prone routes.

B. Direction-aware CRI Aggregation

To enable directional risk awareness, we divide the sur-
rounding space into eight equally spaced sectors around
the ego vehicle, aligned with its body-fixed frame. This
sectorization ensures that threats from different directions
are separately preserved, supporting precise and context-
sensitive control decisions.

For each vehicle within the RSS-defined safety envelope,
its computed CRI is assigned to the corresponding sector
based on relative bearing, and within each sector d, we retain
the maximum CRI value R, across all contributing objects.

To consolidate the directional risk information, we perform
a hybrid vector-max fusion. Specifically, we compute an
aggregated risk vector magnitude Ryector as:

2 2

ZRdCOSHd + ZRdsiHQd , (10)
d d

Rvector =

where 6, is the central angle of sector d. In parallel, the
maximum directional risk is identified as Ry,x = maxy Rq.

The final aggregated CRI score is obtained through a
weighted sum:

CRIﬁnal = BRvector + (1 - B)Rmax; (1 1)

where 8 = 0.7 balances between smooth spatial integration
and peak risk sensitivity.

Finally, to guide control adaptation, we identify the domi-
nant risk direction as the sector d* with the highest R4, with
corresponding angle 6* = 6y-. This real-time directional
index informs throttle, brake, and steering adjustments based
on the location of the most critical threat.

IV. EXPERIMENTS

We evaluate the integration of the Context-aware Risk
Index (CRI) with a state-of-the-art end-to-end autonomous
driving model Transfuser++ by Jaeger et al. [5] within
the CARLA simulator [7]. Testing is performed on the

Bench2Drive dataset [6], which offers challenging, diverse
scenarios specifically crafted to expose system weaknesses
under safety-critical conditions.

A. Experimental Setup

We evaluate the Context-aware Risk Index (CRI) frame-
work by integrating it into Transfuser++, currently the
strongest open-source end-to-end autonomous driving model
on CARLA Leaderboard. Experiments are conducted on the
Bench2Drive dataset, comprising 220 safety-critical scenar-
ios generated in the CARLA simulator. Bench2Drive system-
atically covers extreme traffic behaviors, such as dynamic
obstacles and intersection violations under varied environ-
mental conditions. It focuses on exposing decision-making
vulnerabilities rather than sensor-level failures, providing
a comprehensive benchmark for safety-critical evaluation.
Visibility conditions are distributed across poor (29.1%), very
poor (23.6%), good (31.4%), and moderate (15.9%) levels
(Figure 3(c)).

To further stress-test CRI, we isolate 44 failure-prone
scenarios (FP) where the baseline agent experienced colli-
sions. Poor and very poor visibility cases are overrepresented
(40.9% and 20.5%, (Figure 3(c))), and failures occur even
under good visibility (Figure 3(a)(b)), highlighting the depth
of decision-making challenges captured in the FP subset.

The CRI module is integrated into the CARLA Leader-
board evaluation framework with minimal modifications,
focusing exclusively on control-level adaptation. All tests
are performed in synchronous mode under the SENSORS
benchmark track, with results logged per route.

B. Adaptive Control Policy

The CRI module enhances safety by dynamically adapt-
ing the vehicle’s control behavior in response to real-time
directional risk assessments. We predefine three distinct
autonomous driving styles: aggressive, neutral, and conser-
vative, each corresponding to different control sensitivity
levels. Based on the aggregated and directional CRI values,
the system selects the appropriate driving mode at each
timestep.

The adaptive control logic proceeds as follows:

Algorithm 1 CRI-Based Adaptive Control Policy

1: Input: Ego state s.4,, detected objects O = {o0;}

2: Initialize: Risk calculator C, adaptive controller A

3: while navigation is ongoing do

4: Update object list O

5: for each o, € O do

6: Compute directional risk 7; = C(0;)

7: end for

8: Aggregate risks into distribution vector r

9: Identify dominant risk direction #* and risk magni-
tude r*

10: Select driving mode m + M (r*, 6*)

11: Compute adapted control Ucontror = A(Sego, M)

12: Return uconirol

13: end while
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Fig. 4: Demonstration of CRI-enabled hazard mitigation during an extreme four-way intersection encounter. The ego vehicle
encounters an opposing vehicle violating a stop sign. CRI enables earlier risk detection, stronger braking responses, and
conservative post-hazard behavior, successfully avoiding collision compared to baseline control.

This design highlights the modularity and real-time adapt-
ability of CRI: it introduces no additional retraining overhead
and provides a flexible, principled mechanism for safety-
enhancing adjustments in dynamic driving environments.

V. EVALUATION

We evaluate CRI’s effectiveness in improving safety,
comfort, and runtime efficiency across diverse high-risk
scenarios. Experiments cover both failure-prone and general
cases, and include analysis of runtime overhead and system
limitations.

A. Illustrative Case Study: Emergency Handling at Intersec-
tion

We first illustrate the comprehensive working mechanism
of CRI through a carefully selected representative extreme
scenario from the Bench2Drive dataset that exemplifies
the type of safety-critical situations where traditional au-
tonomous driving systems often struggle. In this particularly
challenging test case, the ego vehicle must successfully
navigate through a complex four-way intersection while si-
multaneously dealing with an opposing vehicle that illegally
runs a stop sign, thereby creating a highly hazardous and
unpredictable situation that closely mirrors the type of dan-
gerous traffic violations commonly encountered in real-world
driving scenarios and frequently cited in traffic accident
reports. Figure 4 provides a comprehensive visualization
showing the complete sequence of events alongside detailed
comparisons of the ego vehicle’s speed profiles under both
Baseline and CRI-enabled control methods, as well as the
corresponding aggregated CRI signal evolution over the
entire duration of the encounter.

In stage A (approaching the intersection), the ego vehicle
begins its deceleration process as it approaches the stop
sign in preparation for the intersection crossing. During this
critical approach phase, the presence of a following vehicle
that is closing in on the ego vehicle’s position triggers

an increase in the CRI value, which effectively captures
the developing risk situation through its directional risk
assessment capabilities. This rising CRI signal prompts the
adaptive controller to implement more aggressive braking
input compared to the baseline approach, demonstrating the
system’s proactive risk mitigation strategy. As a direct result
of this enhanced risk-aware control intervention, the ego
vehicle achieves a more stable and controlled deceleration
profile, ultimately coming to a complete stop both earlier
in time and with greater security margins than the baseline
method, thereby establishing a safer starting position for the
subsequent intersection crossing maneuver.

In stage B (crossing triggered and hazard emergence), as
the ego vehicle begins to proceed forward into the intersec-
tion area, the opposing vehicle suddenly and unexpectedly
violates the stop sign traffic regulation, creating an immediate
and severe collision threat. The CRI system rapidly detects
this high-risk situation through its real-time directional risk
monitoring capabilities, resulting in a sharp local peak in
the CRI signal that accurately reflects the sudden escalation
in danger level. In direct response to this elevated risk
assessment, the adaptive controller immediately commands
a stronger and more decisive braking action, which leads
to a rapid and controlled drop in the ego vehicle’s speed
to avoid the imminent collision. The baseline agent, oper-
ating without the benefit of CRI’s enhanced risk awareness
capabilities, demonstrates significantly slower reaction times
and inadequate response measures, ultimately resulting in a
collision with the opposing vehicle due to insufficient brak-
ing force and delayed threat recognition. In stark contrast,
the CRI-enabled vehicle successfully waits for the opposing
vehicle to complete its illegal maneuver and pass through
the intersection before cautiously resuming its own forward
motion. The presence of lingering elevated CRI values during
this recovery phase ensures that the ego vehicle accelerates
in a conservative manner, effectively reflecting the system’s



TABLE I: Comparison of Baseline and CRI Performance on Failure-Prone and All Bench2Drive Scenarios.

CpR CpK CS SP RT MAJ SAJ MJ
Baseline_FP 1.23 12.37 44.96 0.46 0.05 33.34 95.55 673.08
CRILFP 1.00 9.92 52.62 0.53 0.02 27.09 68.16 562.82
Baseline_ALL 0.38 2.99 80.06 0.20 0.04 28.46 55.98 327.69
CRI.ALL 0.32 2.42 83.19 0.19 0.03 22.73 44.36 300.03

Abbreviations: CpR = Collisions per Route; CpK = Collisions per Kilometer; CS = Composed Score; SP = Score Penalty; RT = Route
Timeout Rate; MAJ = Mean Absolute Jerk; SAJ = Std Absolute Jerk; MJ = Max Jerk. FP = Failure-Prone Scenarios; ALL = All
Bench2Drive Scenarios.

heightened vigilance and continued awareness of the residual
threats posed by nearby traffic participants who may exhibit
unpredictable behavior patterns.

Finally, in stage C (exiting the intersection), after the ego
vehicle has successfully cleared the hazardous intersection
zone and moved beyond the immediate threat area, the
CRI signal gradually returns to near-zero levels, indicating
that the system has determined the risk environment has
returned to normal baseline conditions, and consequently
the vehicle resumes its normal driving behavior patterns and
speed profiles.

This case study demonstrates that CRI not only senses
dynamic risk conditions earlier but also translates risk per-
ception into timely, safety-aware control adaptations, allow-
ing the ego vehicle to avoid collisions even under sudden
extreme hazards.

B. Performance on Failure-Prone Scenarios

We first evaluate CRI’s effectiveness on the carefully
selected subset of 44 failure-prone (FP) scenarios where
baseline agents consistently exhibited collisions, representing
the most challenging and safety-critical situations within the
Bench2Drive benchmark that expose fundamental limitations
in conventional autonomous driving approaches. CRI demon-
strates consistent and statistically significant improvements
across all key safety and comfort metrics, indicating robust
performance enhancement specifically in the scenarios where
it is most critically needed.

The average number of vehicle collisions per route exhibits
a substantial decrease from 1.23 to 1.00, representing an
18.7% reduction with strong statistical significance (p =
0.003), while the collision rate per kilometer shows an
even more pronounced improvement, dropping from 12.37 to
9.92 collisions per kilometer, which corresponds to a 19.8%
reduction that is highly statistically significant (p = 0.004).
These collision reduction results provide compelling evi-
dence of CRI’s fundamental capability to recognize imminent
threats through its directional risk assessment mechanisms
and dynamically adjust control strategies in real-time to
prevent accidents that would otherwise be unavoidable using
conventional approaches. Beyond pure safety metrics, the
composed driving score demonstrates substantial improve-
ment from 44.96 to 52.62, representing a significant 17.0%
increase (p = 0.016) that reflects not only collision avoidance
but also enhanced overall task completion and adherence to

traffic rules, while the score penalty metric shows favorable
enhancement from 0.46 to 0.53, indicating a 15.2% increase
(p = 0.013) that directly reflects fewer rule violations and
better task completion outcomes throughout the challenging
scenario sequences. In terms of driving comfort and passen-
ger experience, CRI delivers particularly impressive improve-
ments in vehicle dynamics smoothness, with the standard
deviation of jerk decreasing dramatically from 95.55 to 68.16
m/s3, representing a substantial 28.7% reduction that achieves
statistical significance (p = 0.021) and directly indicates
much smoother vehicle dynamics and more pleasant riding
experiences. This significant comfort improvement demon-
strates that CRI effectively reduces unnecessary accelerations
and braking fluctuations, thereby leading to enhanced ride
quality that benefits both safety and passenger comfort
simultaneously. These comprehensive results validate CRI’s
fundamental strength in providing effective real-time risk
mitigation capabilities specifically under highly adversarial
conditions where conventional autonomous driving systems
struggle most significantly.

C. Performance across All Bench2Drive Scenarios

We further assess CRI across all 220 Bench2Drive scenar-
ios, encompassing diverse high-risk situations. As illustrated
in Figure 3, while all scenarios are extreme by design, the
failure-prone (FP) subset features a higher concentration
of poor visibility conditions, making it inherently more
challenging.

Across all scenarios, CRI reduces the average vehicle
collisions per route from 0.38 to 0.32 (15.8% reduction, p =
0.007) and the collision rate per kilometer from 2.99 to 2.42
(19.1% reduction, p = 0.008), confirming robust performance
even beyond the highest-risk cases. The composed driving
score increases from 80.06 to 83.19 (3.9% gain, p = 0.038),
slightly smaller than in the FP subset, reflecting the broader
diversity of difficulty levels. Comfort metrics also improve:
the mean absolute jerk decreases from 28.46 to 22.73 m/s3
(20.2% reduction, p = 0.042), and the jerk standard deviation
drops from 55.98 to 44.36 m/s® (20.8% reduction, p = 0.045),
confirming that CRI enhances control stability consistently
across diverse high-risk scenarios.

Meanwhile, the score penalty slightly decreases from 0.20
to 0.19 (5.0% reduction, p = 0.312), though the change is not
statistically significant. This mild decrease likely reflects that,
in the full dataset, many routes are completed with relatively



few infractions even under baseline control, limiting the
room for further improvement by CRI.

Overall, these results confirm that CRI not only improves
safety and comfort under the most failure-prone conditions
but also provides systematic gains across a comprehensive
range of extreme driving tasks, validating its generalizability
as a lightweight risk adaptation layer.

D. System Modularity and Runtime Efficiency

CRI is designed with modularity and efficiency in mind.
Risk estimation and control adaptation are separated into in-
dependent modules with simple interfaces, allowing seamless
integration into existing driving agents with minimal code
changes.

Runtime profiling shows that CRI introduces negligible
overhead. As summarized in Table II, CRI adds only 3.60
ms per decision cycle on average, corresponding to a 5.10%
increase over the baseline runtime (74.13 ms vs. 70.53 ms).
The risk calculation and adaptation steps each require less
than 0.03 ms per cycle.

TABLE II: CRI Runtime Overhead Analysis

Component Mean Runtime (ms)
CRI Reception 0.020
Control Adaptation 0.006
Controller Initialization 0.005
RunStep (Baseline) 70.53
RunStep (with CRI) 74.13
Overhead 3.60
Overhead (%) 5.10%

VI. LIMITATIONS, DISCUSSION, AND FUTURE WORK

While CRI brings substantial improvements in safety and
comfort, some limitations persist. The composed driving
score increases modestly by 3.9%, and the score penalty
shows only minor improvement, reflecting that many scenar-
ios are already handled well by the baseline. In addition, cur-
rent evaluations are limited to a single end-to-end backbone
in simulation; broader testing across architectures, real-world
datasets, and physical vehicles is needed to fully confirm
generalizability. Future work will address these challenges
and incorporate machine learning techniques to optimize CRI
parameters dynamically. We also aim to explore integration
of CRI signals into perception and planning modules, balance
safety, comfort, and efficiency across diverse operational
contexts.
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