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ABSTRACT: An autonomous vehicle can complete its route while disrupting surrounding traffic. We introduce SAFE-AD, augmenting
reinforcement learning (RL) observations with compact descriptors of a finite-horizon interaction-pressure field constructed from current traffic
states. The complete objective supplements the environment’s task reward with risk, comfort, and externality costs. Then, we formulate a
context-conditioned physics-informed neural network (PINN) to approximate the numerical field. Evaluation combines held-out naturalistic
recordings, HighwayEnv diagnostics, and closed-loop MetaDrive tests in various traffic scenarios, with a matched factorial experiment with
continuous soft actor-critic (SAC) separates observation and objective effects. At unprotected intersections, the complete profile reduces collision
rate from 0.296 to 0.220 and mean absolute jerk by 0.98 m/s? relative to baseline SAC. Besides, the mean absolute jerk in roundabout decreases
by 1.54 m/s3. The results show scenario-specific gains and sensitivity to objective calibration.

KEYWORDS: Autonomous driving; socially aware reinforcement learning; physics-informed neural networks; spatiotemporal risk field; tactical

behavior planning; externality-aware decision making.

1 Introduction

A vehicle can complete a merge while forcing a follower to
brake sharply. At other scenarios like roundabouts and
unprotected intersections, the timing of an ego maneuver
likewise affects nearby traffic as well as the ego vehicle
(Deng et al.,, 2024). Socially compatible driving requires
attention to these effects alongside route progress, collision
risk, and passenger comfort. A useful decision-making
representation should make the spatial structure of emerging
interactions available earlier to guide the prompt maneuver.

Risk-field and corridor-based methods express interaction
costs across spatiotemporal domain and incorporate them
into decision-making and trajectory planning (Han et al.,
2023; Ning et al.,, 2024; Li, Z. et al., 2026). While risk-aware
reinforcement learning (RL) then optimizes agents’ decisions
under uncertainty (Huang and Haskell, 2017, 2020). When a
spatial field enters learning only through a scalar penalty, the
policy must obtain information about its spatial variation
from other inputs. Social-preference models introduce
further tradeoffs between ego benefits and reactions of
surrounding traffic (Deng et al., 2024; Hu, W. et al., 2025).
Introducing field features and changing these costs together,
however, makes it difficult to identify which change
accounts for an observed improvement.

We propose SAFE-AD, a framework for socially aware
field-enhanced reinforcement learning for autonomous
driving in interactive traffic. Building on the risk-field
formulation of Wang et al. (2026), the framework (Fig. 1)
constructs finite-horizon interaction pressure from current

vehicle states and road geometry. Each query holds the
observed scene fixed while propagating its sources over the
prospective horizon. Compact field descriptors augment the
policy observation. Separate objective profiles retain the
environment’s task reward and introduce risk, comfort, and
externality costs. A context-conditioned physics-informed
neural network (PINN) approximates the numerical field as
an alternative querying backend.

The evaluation distinguishes prospective field relevance,
surrogate fidelity, and
HighwayEnv (Leurent, 2018) supports field interpretation
across highway scenarios, while MetaDrive (Li et al., 2022)
provides matched comparisons with high-fidelity qualitative
result presentations.

The main contributions of this work include:

(1) We develop a field-based policy interface and a context-
conditioned PINN surrogate. The descriptors expose
ego and look-ahead pressure, adjacent-lane corridor risk,
and local gradients, while backward pressure provides
a proxy for potential follower disturbance.

(2) We use a matched observation—objective design with
continuous SAC to separate field-representation and
risk-cost effects. A further comparison evaluates the
complete profile as a joint change to the representation
and objective.

(3) We combine held-out policy comparisons with reward-
independent traffic measures and a separate merging
calibration. The evaluation documents scenario-specific
gains and examines how jerk regularization affects the

closed-loop policy behavior.
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balance between progress, safety, and comfort.
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Fig. 1. SAFE-AD framework.

2 Related work

2.1. Spatiotemporal risk-field modeling

Risk fields have been widely adopted for representing
driving danger as a continuous spatial quantity in the
literature. Artificial Potential Field (APF) methods have been
adopted in modeling potential costs for road users in order
to avoid collisions and plan trajectories (Kilic et al., 2026;
Xing et al., 2024; Han et al., 2023). The costs modeled by APF
methods are typically incorporated into a downstream layer
such as MPC (Ning et al., 2024), with Control barrier
functions (CBFs) enforce explicit safety conditions as hard
constraints (Liu and Wang, 2026). Most existing driving-risk
fields are handcrafted and mostly instantaneous. Even
though continuum and mean-field models successfully
capture traffic-flow propagation, there’s little connection to
learned tactical control policies (Zhao and Yu, 2025). Instead,
using PINNs allows for differentiable approximations of
field operators (Guo et al., 2025), which contributes to a
learnable risk assessment from real driving data and fast
online querying for safety-critical autonomous driving
systems.

2.2. Risk-aware RL for tactical driving

Typical RL algorithms have been applied to support
decision-making for autonomous driving in facing
uncertainty for long-horizon planning (Sheng et al., 2024; Jia
et al., 2026), including proximal policy optimization (PPO),
deep Q-networks (DQN), SAC, deep deterministic policy
gradient (DDPG), and twin delayed deep deterministic
policy gradient (TD3) (Huang et al., 2020; Jiang et al., 2026;
Jin et al., 2025; Hu, C. et al., 2025). Discrete control methods
typically specify actions as categorical values for lane
changes or as constant speed, whereas continuous actor-
critic methods, such as those that model steering,

throttle/brake controls, use function approximators to
represent these. Other studies also focus on behavior-
constrained multi-agent policy that combines recurrent
interaction encoding formal safety verification for
cooperative intersection control (Gao et al., 2025). However,
pure progress and efficiency-centric rewards can encourage
aggressive maneuvering, whereas strong safety penalties
may induce passive and over-conservative policies.
Meanwhile, scalar risk terms also convey limited
information about evolving merging pressure or upstream
disturbance.
2.3. Social compatibility, courtesy, and cooperative planning
Social compatibility between drivers can affect both their ego
and other road users. The driving style can be scored based
on how socially friendly it is to allow other traffic
participants to complete their maneuvers by using models
such as those that incorporate courtesy and social-value-
orientation (SVO) (Deng et al., 2024; Hu, W. et al., 2025).
Cooperation-aware planners model other traffic in the
vicinity by means of interactive agents between which the
planner balances aggressiveness and conservativeness (Hu,
W. et al., 2025; Hu, C. et al., 2025). Human-emulation-based
proactive longitudinal control further demonstrates how
anticipating neighboring drivers’ lane changes can reduce
traffic oscillations while facilitating safer interactions (Liu et
al., 2026). Other human-like car-following studies assess
anticipation and comfort against naturalistic behavior (Chen
etal., 2025). The pairwise costs and post-maneuver outcomes
quantify social effects but do not describe their spatial
development before a safety event.

Therefore, SAFE-AD is designed to address issues by
connecting a physics-informed spatiotemporal field with RL
and integrates environment understanding that a driving
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policy can use before potential conflicts unfold.

3 Preliminaries and problem formulation

3.1. Problem formulation

The test scenario consists of an autonomous ego vehicle
which is driving on the highway and performs cruising,
merging, driving through a roundabout and an unprotected
intersection. All other vehicles on the scene are driving by
means of pre-defined planners within the closed-loop
simulation paradigm (details formulated in Section. 5). At
each decision step, local kinematics and lane topology define
the scene, and a compact field descriptor supplies
prospective interaction information to the RL policy. At step

t, the scene comprises the ego state and selected-neighbor set
as:
e, = [pf, e, vi, af, €717
Ne = {Z,-,t}ﬁl, ny = [NV (1)
For vehicle j, the normalized vector z;, contains position
and velocity on both axes heading difference, acceleration,
lane relation and topology flags. Table 1 summarizes the
notation used in the methodology.

Table 1. Methodological notation.

Symbol Meaning
e, Ny, NG, Ego state, selected-neighbor set/count, and local geometry
§= (.80, M4 Ego-local coordinate, drivable domain, and road mask
Q:.c.,.D,, D, Source, transport, and diffusivity fields

U;I,trﬁﬂ.trUg,t: l_]t
Ne,0p,a,,U, = (8,07
11'4,,)/

C{isk’ Cgomf' Cgoc‘Bt' Cint/ Du

Numerical teacher, PINN prediction, and selected/clipped backend field
Field descriptor, observation, action, and continuous command

Policy and discount factor

Training costs, backward pressure, and independent social metrics

3.2. Dataset processing and behavior extraction

BEV traffic datasets provide comprehensive historical
driving scenarios with various situations for guiding the
filed modeling. Partial inD recordings are used for surrogate
calibration, and the remaining recordings are held out for
validation (Bock et al., 2020). While rounD and exiD provide
external qualitative replays (Krajewski et al., 2020; Moers et
al.,, 2022). Positions, velocities, headings, vehicle classes, and
track identities define each ego-centered sample:

s5¢ = (e, M, G, 20).
b = [k;,, d; 1, AV;, a;,, TTC; ., THW; f]jeNg

vtk = (Ve ATTCE  afthn] @)
3.3. Risk-aware Markov decision process
The tactical task is a partially observable Markov decision
process (POMDP), as defined in Eq. (4). The sets § and A
denote latent states and actions, P is the traffic transition
kernel, and r specifies the objective. The remaining terms are
discount factor y , initial-state distribution p, , and
observation map 0:
M =(S,AP,1,y,p0 0). 4)
Eq. (5) specifies the latent state and field-augmented
observation:

r{°°% = [0,(0,0), U;(5,0), U,(10,0), U, (20,0)] .

n, = [(1o9)", ot oF, 0.0, (0,0),3,0,(0,0)] -
3.4. PDE-governed interaction-risk field
Let & denote the ego-centered coordinate over the visible
drivable domain. Eq. (7) defines the field supplied by
backend b, with identical clipping for numerical and PINN
outputs before descriptor extraction. The field represents
finite-horizon interaction pressure:

In Eq. (2),
boundaries, travel direction, and conflict topology, while the
spatial domain defines the ego-centered field window.
Source conditioning uses current class, distance, relative
motion, time to collision (TTC), and time headway (THW):

(50, bFC) - (Qt! ¢, Dy, thad) - Upy
U € (U, Upe} = U > M = a. 3)

geometry comprises lane centerlines,

Current scene variables determine the source and
transport-diffusion context in Eq. (3). The numerical backend
or frozen PINN returns the clipped field from which the
policy descriptor is extracted.

x; = (e, Ny, Ge, Up).

o, = [of™; 1,], fi, = clip(n; @ Oy =5,5). ®)
The simulator state is concatenated with the eight-channel
field descriptor in Eq. (5). The positive scale vector o,
normalizes the channels, @ denotes elementwise division,
and clipping to [—5,5] limits the influence of rare peaks. The
native-observation ablation removes this descriptor. Eq. (6)
defines four pressure samples at the ego and 5, 10, and 20 m
ahead, left/right corridor risk, and the local field gradient. A

lower corridor value m{ indicates safer lane availability:

m? = fmax Ut(fx' Yq) q €{L,R}, ©6)

Upieife > Reo, Up(®) = clip(Uc(®), 0, Unax)- (7)

The numerical teacher holds the observed scene fixed

during each query and integrates the current source over the
prospective horizon in Eq. (8):

Uie® = 5 J) e [Gaps * Q)G —c)ds. (8
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Here Q, is the current-state source, ¢; transports it in the
ego frame, and D, is local diffusivity. Its positive median
supplies constant diffusivity in Eq. (8). G is the two-
dimensional Gaussian kernel. The discount rate is A, and
Zy =(1—e)/A, 2 = 0.255 ! normalizes the integral. The
road mask removes off-road support. We use horizon H =
3 s and step size 0.25 s:

_ Qt_e_lHQt,H
LU+ AU = Y

H
Scene-conditioned input and teacher-

field generation
BEV traffic scene Scene-conditioned

St Coordinate query

R Y
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The PINN residual follows the finite-horizon transport

identity in Eq. (9), where Q. is the terminal transported

source. At each quadrature point, the semi-Lagrangian
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Fig. 2. PINN field learning and querying.

4 Methodology

4.1. BEV trajectory processing and teacher-field generation
Recordings and simulator rollouts are mapped to a common
ego-centered 1 m grid. Field construction follows the field-
transmission formulation in Wang et al. (2027), with a
context-conditioned surrogate and descriptor interface for
policy evaluation. Eq. (10) combines visible-vehicle evidence
with occlusion and topology terms and defines each vehicle
kernel's heading-aligned covariance and nonnegative
amplitude:

Q:(® = Sveh,t('t&) + Socc,t (E) + Stopo t(E)
Svent(8) = Zjlil Aj exp ( d] 21 tld )
di: =8 Pje Zje = R(lpj,t)dlag(au,j,tr O—J_,j,t)RT(lljj,t)'
Ajt = Wi jWdist,j Drel, j Wbrake, j- (10)
Vehicle heading rotates the covariance through R(y;,).
4.2. PINN-based risk field surrogate
The surrogate is a stateless context-conditioned operator that
maps the full ego-local tensor to a field in one pass (Eq. 12).
A sigmoid enforces nonnegativity, the road mask removes
off-road support, and a frozen domain scale restores
magnitude. Fig. 2 summarizes the fidelity and policy-
sensitivity tests:
Ugr = saMf>* U(fe (Ct))-
Cc = [Qt' {Go * Qt}a’E{ZGlS}] clist = [e_dmin't/p]pe{z,s,m}-
= [Ct ) Cx,tr Cy o Dy, M2, M tmad' C?iSt‘ 9, lj’?' ne, bd]-

C,x = clip (C“‘ 4,4), Sax = stat(Deaar ). (12)

Sd,k

Closing speed and braking expand the longitudinal scale o,
while lane occupancy sets g,, producing an upstream wake.
The amplitude combines four current cues. The class
multiplier is 2.0 for cars and 2.5 for heavy vehicles. The
braking multiplier defaults to 3.0 when braking evidence is
unavailable and takes 2.5, 4.0, or 6.0 as observed deceleration
increases. Transport and discounting follow Eq. (8).
Quadrature yields the cached implementation in Eq. (11).
The transport combines

operator semi-Lagrangian

backtracking, diffusion, and road masking at locations s, =
kAs.

Theowke AskTsk(Qt ct.De, Mmad)
—Asg ’

Up, = sk = kds.

Zk=0 wie

Dear = (€7, U, Q0)):7 € Rear, t €T (11)

The 17-channel input in Eq. (12) comprises four multiscale
source maps, transport and diffusivity, occupancy and road
masks, nearest-agent radial bases, normalized coordinates,
ego yaw rate, agent count, and a domain indicator. A 1 x 1
stem precedes six depthwise-separable residual blocks with
dilations 1, 2, 4, 8, 16, and 1. The network has width 16, group
normalization, and SiLU activations (Elfwing et al., 2018).

Centered spatial differences evaluate the finite-horizon
physics residual in Eq. (13). The residual is computed in
physical units and scaled by the calibration source
magnitude:
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Fo = £,0p + ATy — % (13)

The objective in Eq. (14) combines teacher-field matching,
gradient-magnitude and direction matching, and a masked
physics residual. Hotspot weighting limits the contribution
of background cells, while the active-gradient quantile and
stabilizing constant suppress numerically negligible
directions.

Lpinn = Leiela + 0.30Lgraq + 0.002L 6.

2, wiSL1(Tg,-U;)

L =
field Z?’:lwi
mg; =l VU ll,, m; =l VU; |l,.
VUg-VU
L = SL1 (—) + AqirL
grad dq+eg dir~dir-
VUg‘VU*
Lyp=1-——12°"
dir (ma+eg)(m*+eg)
I K L MEP3ISL1(Fg i/sq, Q)
hys — N d
phys T

; = 1 + 4clip(U; /0.05,0,1).

9q = quantlle({m 1V ., 0.85), g5 =107°. (14)
4.3. PINN validation
Validation measures raw-field root mean square error
(RMSE), active-gradient angular error, equal-mass hotspot
intersection over union (IoU), and policy action deviation
(Eq. 15). Active cells exceed the framewise 75th percentile of
teacher-gradient magnitude. The hotspot threshold is the
larger of the teacher field’s framewise 90th percentile and
0.05 times its maximum. The predicted hotspot set has equal
cardinality:

. 1/2
ERMSE = [%Zli\]:l(uﬁ,i - Uz*)z]

1 -1 Vﬁg'i-VU; )
E, = — i CoS —_—].
“ Ic/llz‘”e‘ﬂ ((mg ireg)(mi+eg)
|HonH"|
I
OUhot |HQuA* |
Au, = my([05™; 0e]) — mg([0F™; M7 D). (15)
Numerical field PINN query (i",,

rounD 1.0

0.8

0.6
inD

Normalized risk

0.4

i 0.2

exiD
0.0

Bl cgo T heavy 0 other

Fig. 3. Naturalistic rounD, inD, and exiD replays with field
overlay: numerical field (left column) and context-
conditioned PINN (right column).

Prospective relevance is assessed by comparing current-

state fields with future occupancy in inD recordings (Fig. 3).
The instantaneous source achieves an area under the receiver
operating characteristic curve (AUROC) of 0.8249 and an
area under the precision-recall curve (AUPRC) of 0.4167.
Propagation raises these values to 0.9096/0.5836 for the
numerical field and 0.8657/0.5143 for the frozen PINN.
Relative to the source, the PINN gains are 0.0408 (95%
confidence interval (CI) [0.0190,0.0576]) and 0.0976 (95% CI
[0.0720,0.1207]).

Changing the field backend in the final term of Eq. (15)
tests downstream sensitivity. Ten synchronized merging
replays yield descriptor RMSE 0.0047 with zero collisions for
both backends. Cumulative progress differs by -0.061 m (95%
CI [-0.076,—0.046]) over approximately 586 m. Including
context construction and device transfer, latency is 6.97 ms
for the PINN and 3.88 ms for the numerical backend. These
results characterize backend agreement in merging. Table 2
reports fidelity across the other geometries.

4.4. Field-enhanced RL objective formulation

The field-enhanced RL formulation is discussed through the
following hierarchy. Firstly, Eq. (16) defines total, mean, and
neighboring-vehicle

maximum field exposure over

footprints, together with pairwise dispersion. These
quantities diagnose exposure and its allocation across nearby
vehicles:
B =37t Iy Uc (§) d&.
Ejt = f [7t (E) dg.
Egnean = ngte Z] 1 1 tr Etmax - m]fchEj’t_
1 n n
DY = ne(n—1)+e Zi=t1 ji1|Ei,t - Ej,tl- (16)

Upstream disturbance is measured in Eq. (17) by
weighting the clipped field behind the ego by positive
follower closing speed. Backward pressure increases as a
faster follower approaches a high-pressure ego configuration
and is zero when no follower approaches:

B, = Zj:fx'/«) [7t (fx,j' Ey,j)[vj,t - UteL- (17)

Policy optimization in Eq. (18) retains the environment’s
route-progress reward and termination logic. Risk, comfort,
and social costs vary across profiles while traffic dynamics
remain fixed:

J(g) = Eny [S12 vt 1l
T = rtenv Ctrisk _ thomf _ Ctsoc_ (18)

The cost formulation given the field querying is
formulated in Eq. (19). We combine ego risk, comfort, and
social-externality penalties, including bounded braking and
rear-TTC terms. Look-ahead and adjacent-lane queries
supply observation features as:

CF1sK = Agclip(U,(0,0), 0, Upa).
CEOMT = Ay I Aug N+ el + A518e| + 225148, | + AaplApe .
€ = wagp(df) + wep(d]) + wr bl + wg

. . (d-d, 2

¢(d; dy, dy) = clip (dl_do , 0,1) .
Clip((Tsafe - Ttrear)/Tsafe' Orl)' Trear < @,
0, otherwise.
Besides, deceleration is measured for the ego and nearest

B+bg

prear = { (19)
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in-lane follower. A separate constant controls backward-
pressure saturation, and all weights are nonnegative. The
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Fig. 4. Experimental design

The factorial in Eq. (20) crosses observation type with
objective profile and defines three contrasts before
evaluation. The complete profile jointly changes the risk
coefficient and introduces comfort and externality costs, so
its contrast measures the combined system effect:

0€{N,F}, Re{NRS}, ="
Arepr = M(F,N) — M(N, N), Aysx = M(F,R) — M(F,N).
Acomplete = M(F,S) — M(N,N).

5 Experiments and results
5.1. Implementation details

Two closed-loop simulators serve complementary roles
(Fig. 4). Experiments use Python, Gymnasium, and Stable-
Baselines3 v2.8.0 (Raffin et al., 2021). HighwayEnv provides
highway cruising, ramp merging, unprotected-intersection,
and roundabout scenarios. Cruising uses computationally
accelerated highway environment; other policies use their
native environments. Unless stated otherwise, medium
traffic has 20 surrounding vehicles, density coefficient 1.0,
initial ego-spacing factor 1.5, and a 30-s horizon. Target
speeds are sampled uniformly from 18-30 m/s with Gaussian
noise of standard deviation 1.5 m/s. Background traffic uses
the intelligent driver model (IDM; Treiber et al., 2000) and
Minimizing Overall Braking Induced by Lane Change
(MOBIL; Kesting et al, 2007). MetaDrive supplies
procedurally generated merging, intersection, and
roundabout maps with continuous vehicle dynamics. Its
reactive IDM traffic combines route following, lane selection,
proportional-integral-derivative (PID) steering, and car-
following acceleration. Tests use three maps at density 0.3
and a 500-step horizon. The primary 2 x 3 SAC factorial uses
the numerical field, with architecture, action interface,
training budget, protocol, and seeds matched across
conditions (Section 4.4). In both simulators, ego actions affect
subsequent traffic states, observations, rewards, and
termination.

All 90 MetaDrive runs use a [256, 256] multilayer

complete profile sets the common command-variation
weight to zero.
MetaDrive

Main Closed-loop Ablation Evaluation
(1) Unprotected intersection (2) Highway merging
Lages = - -

(3) Roundabout

Richer vehicle dynamics

o, 9 e Interactive background traffic
§ = : : = @ Closed-loop tactical driving
State Continuous-control validation

Policy Action

Scenario ablation
Baseline Comparisons

2t=y @b,

4 /

Sensitivity Analysis

T

rtenv’ q= N,
T.t(q) ={rev — C{iSk, q=R, (20)
.rtenv _ C{isk _ thomf _ Ct'soc q= S.

Each decision begins with a field query, whose descriptor
is appended in field-observation cells. The primary
MetaDrive factorial uses the numerical field, while PINN is
evaluated through HighwayEnv queries with different
highway scenarios (discussed in Section. 5).

perceptron (MLP), discount factor 0.99, learning rate
3 x 107*, replay capacity 2 x 105, batch size 256, and target-
update coefficient 0.005. Learning begins after 1,000
transitions. Comfort and hard-deceleration thresholds are 2
and 4 m/s? for the ego and 2 and 3 m/s? for the follower; rear
TTC is 3 s, and by = 1. Before confirmation, the merging
screen selects the smallest tested positive comfort multiplier
meeting a success non-inferiority margin of 0.10 against
baseline SAC and a route-completion floor of 0.70.

5.2. Evaluation metrics

Success rate and route completion measure parts of progress.
The first term shows whether the task was completed while
the later indicator keeps track of episodes that ended before
reaching the destination. Collision shows how safe driving
is and mean absolute jerk shows how smooth the movement
is. We also report exposure to the modeled interaction-
pressure field. For the time-normalized exposure in Table 3
the clipped field value at the position is averaged for each
episode and that average is divided by how long the episode
lasted. At the vehicle-pair level the efficiency index rewards
when the ego and leader speeds match and when spacing is
balanced. The social-efficiency index adds to this by
considering closing conditions: when the ego gets close to a
leader a smaller TTC makes the score lower. Eq. (21) defines
both indexes and averages the social-efficiency index, over
pairs, time and episodes.
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External effects are assessed separately from the quantities
used to diagnose the reward. Field exposure, follower
deceleration, backward pressure, and the social composite
describe mechanisms within the formulation. The reward-
independent computed from rollout
kinematics and are not directly included as the specified
training costs. Eq. (22) defines anisotropic interaction
exposure, normalized traffic-speed deficit, and the paired
SVO vector (Schwarting et al., 2019).

_lyk 1ym
Cmt_K t:1nth=1C],t-

cl
Cjt = e_dlc',]tr/)‘d (1 + m) [a + (1 — (Z) HLSB”]
i Vo 2

outcomes are

n -
_ i ;5 max(0,vp—v;)vr 1at

D, K neat
AUegO = RCC - RCb
o DB
AUoth - max(IDﬁl.lDllI)l'E).
Wsvo = atan2(AUq, AUeg, )- ¢

The SVO vector summarizes changes in ego route
completion and surrounding-traffic speed deficit relative to
baseline. Baseline SAC uses native observations and the
native objective.

5.3. Field structure and qualitative interpretation

(a) Highwa, (b) Merge

(¢) Roundabout (d) Intersection

- 0 e
0.00 0.25 0.50 0.75 1.00
Scene-normalized prospective PINN risk
Fig. 5. Prospective PINN field in HighwayEnv replays: (a)
highway, (b) merging, (c) roundabout, and (d) intersection.

Blue-to-red denotes scene-normalized pressure.

At ramp entries, the frozen context-conditioned PINN
places pressure where the mainline and merging streams
approach one another, so their modeled influence overlaps
before geometric contact (Fig. 5(b)). Highway fields instead
show elongated lobes along the travel direction. At
roundabouts, pressure follows the entry conflict, whereas

intersection fields concentrate along crossing paths. These
patterns describe how the model represents the current scene
over its prospective horizon. The panels in Fig. 5 use separate
color scales, with road masking and interpolation applied for
display.

Ours Baseline

Behavior
pre-caution
N ~

@

Away from
heavy vehicle-

@\

\ h.\»n,\ fro

/
St Heuvy vehiele

followi?
.

Fi. 7. MetaDrive replay coet-profile SAC (scial-
SAC) and baseline SAC. White labels mark behavior.

PINN followed the spatial variation of the numerical
reference closely in highway and merging scenes, with
correlations of 0.969 and 0.977, respectively (Table 2).
Agreement was slightly weaker at intersections (0.851) and
roundabouts (0.760). Although the pooled correlation
reached 0.925 across 271 simulator frames, the local-field
errors differed considerably between geometries. Active-
gradient angular error was 7.4° in merging but 33.5° at the
roundabout, where hotspot IoU was only 0.165. The
roundabout results therefore leave substantial uncertainty
about the accuracy of the local pressure features supplied to
the policy, despite the high pooled correlation.

The selected MetaDrive replays showed differences in gap
selection and following behavior (Fig. 7). Across the
illustrated highway-cruising, roundabout, and late-stage
merging episodes (rows 1-3), complete-profile SAC opened
an approach gap before potential conflict and maintained
greater separation from heavy vehicles.
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Highway

HighwayEnv SEI Surface and Policy Occupancy

The corresponding baseline episodes included a collision,
hard braking, or close following. These observations
describe the displayed episodes; the held-out comparisons in
Sections 5.4-5.5 provide the evidence for aggregate changes
in safety, comfort, and surrounding traffic.

Merge

SEL

Table 2. Teacher-surrogate fidelity and isolated
forward/propagation latency.

:@ Domain (n) RMSE  Corr. Grad. Hotspot  PINN/
angle loU Num.
(ms)
inD (300) 2.225 0.800 34.9°  0.564 244
2.65
L & Highway  0.029 0969 9.1° 0833 228/
[ (©3) 2,80
I o5 Merging 0.022 0.977 74° 0.854 2.28/
(56) 2.85
N Intersection  0.039 0.851 21.7=  0.609 270/
(29) 2.61
Roundabout  0.009 0.760 33.5°  0.165 2.38/
® Stock o +Saocial (93) 2 . 51
Fig. 6. Safety-efficiency index landscape and policy
occupancy in HighwayEnv.
Table 3. Paired effects for controlled continuous-SAC contrasts (candidate minus reference).
Scenarios  Paired effects ASR ARC ACR AER Alj| ACine AD,
Field 0.072 0037 0.016 'O'([’fm 0.79 0.0008 0.0032
representation [-0.180,0.012] [-0.105,0.020] [-0.028,0.064] 0.0022,0.0015] [-2.82,0.94] 0.0026,0.0044] 0.0059,0.0117]
Merging  Risk objective -0.012 0.012 p-056 0.0[(-)13 -0.40 0.0?06 0.0916
[-0.176,0.104] [-0.074,0.088] [-0.036,0.200] 0.0002,0.0027] [-0.83,0.10] 0.0010,0.0024] 0.0099,0.0175]
Complete +0.0003 +0.0002 +0.0022
profile 0_5(5)210%0036] [-0 (J_géotzoz?] [-0 Jzoéoéeoes] o002, , ;3%619 197 00023 [-0.0067,
(calibrated) L™Fo% Y . - s, 5 0.0018] 09 & 0.0026] 0.0112]
Field -0.028 -0.008 -0.028 0'0[?01 -0.32 '0'0?11 '0'0?31
representation [-0.116,0.056] [-0.050,0.030] [-0.092.0.040] 30105 00127 E1020.381 00390.0011] 0.0002,0.0033]
Intersection . objective 0.080 0.036 0.016 -0-??07 0.20 0.0(?08 0.0?14
[-0.068,0200] [-0.047,0102] [-01240.120] 0106 0003 FOS6:L1041 00050 00511 0.0038,0.0061]
Complete 0.048 0.021 -0.076 [_'g'ggfg ) -0.98 '0'??17 [_'g 'gfgf )
profile  [-0.052,0.148] [-0.041,0.083] [-0.140-0.016]  Yypnner”  [L76-0.281 00ae0011]  0.0007]
Field 0.012 0.020 -0.064 [_‘8'885217 ] 0.96 [_'g ey -o.??sz
representation [-0.100,0.140] [-0.031,0.074] [-0.148,0.008] 0 '0001]’ [-1.62,-0.41] 0 .0006]’ 0.0140,0.0002]
R -
ounflabou Risk objective 0.064 0.023 0.000 0.()[?15 046 0.0(_)08 0.0?12
[-0.008,0.148] [-0.005,0.051] [-0.032,0.028] 0.0009,0.0043] [-0.10,1.17] 0.0003,0.0019] 0.0055,0.0010]
Complete 0.004 0.008 :0.032 '0'??08 154 -0.0002 -0.0047
profile  [-0.144,0.152] [-0.0640079] [-0.120.0.036] , 5330 00257 (2410541 501310.0008] 0.0150.0.0014]

Paired changes are reported with hierarchical 95% confidence intervals for success rate (SR), route completion (RC), collision
rate (CR), time-normalized field exposure, mean absolute jerk, anisotropic interaction exposure, and traffic-speed deficit. The
last two metrics are reward-independent. Each factorial cell uses five training seeds and 50 matched test seeds per policy.

5.4. Controlled ablation and held-out performance
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(b) Reward-independent traffic effects
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Ego utility: A route completion

Merge uses the preselected 25% comfort calibration; intersection and roundabout use nominal complete-objective weights.

Fig. 8. Complete-profile outcomes relative to baseline SAC: (a) task, safety, route completion, and smoothness; (b) reward-
independent kinematic traffic responses; and (c) social-value-orientation utility vectors. Points show paired means and
hierarchical 95% confidence intervals over five training seeds and 50 matched traffic seeds.

Native +Field

Success rate

Vehicle-collision rate

+Risk ~ ==+= Complete

Route completion

1.0 F T T T T =

Merge
Rate / fraction

1.0 F T T T T =

Intersection
Rate / fraction

Roundabout
Rate / fraction

0.0 : L L L = 0.0 :

0.0 & . 1 1 1 1 -

1 1 =

0.2 0.4 0.6 0.8 1.0 0.0 0.2

Environment steps (million)

0.4

Environment steps (million)

0.2 0.4 0.6 0.8 1.0
Environment steps (million)

0.6 0.8

Fig. 9. Reward-independent SAC training trajectories. Rows show merging, intersection, and roundabout; columns show
success, vehicle collision, and route completion. Curves are means with 95% confidence intervals across five training seeds.
Merging Complete uses the preselected 25% comfort multiplier; other scenarios use nominal weights.

Statistics report that the complete profile reduced
intersection collision rate from 0.296 to 0.220 relative to
baseline SAC (paired A = -0.076, 95% CI [-0.140, -0.016]).
Mean absolute jerk also decreased (A = —0.98 m/s® 95% CI
[-1.76, -0.28]). A smoothness benefit was evident at the
roundabout, where the corresponding jerk change was —1.54
m/s® (95% CI [-2.41, -0.54]). The task outcomes were less
conclusive. Intersection success increased from 0.560 to 0.608,
with a route-completion change of +0.021. Roundabout
success was 0.676 compared with 0.672 for baseline SAC, and
route completion changed by +0.008. In merging, the
calibrated profile achieved success of 0.788 versus 0.808 and
route completion of 0.798 versus 0.809. The success and

route-completion intervals spanned zero in all three
scenarios. For merging, this also held for every other
reported complete-profile effect in Table 3.

To examine the contribution of the field observations, we
compared policies trained with the native objective, keeping
the reward unchanged. At the field
augmentation reduced mean absolute jerk by 0.96 m/s® (95%
CI [0.41, 1.62]) and kinematic interaction exposure by 0.0016
(95% CI [0.0006, 0.0028]). Time-normalized field exposure
decreased by 0.0027 (95% CI [0.0001, 0.0051]). These
reductions show that the representation affected behavior in
this setting without the additional reward terms.

Adding the risk cost with field observations held fixed

roundabout,
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produced no resolved change in the reported outcomes: all
risk-only intervals in Table 3 included zero. The complete-
profile comparison estimates the joint effect of the
representation and the risk, comfort, and externality costs
specified in Section 4.4. Attribution of its gains to an
individual cost term would require a further controlled

RL training results are plotted in Fig. 9. SAC profiles reach
late-training plateaus after about 0.4 million transitions. In
the final 100,000-step window, complete-profile success is
0.841, 0.636, and 0.685 for merging, intersection, and
roundabout, respectively; native-policy values are 0.823,
0.604, and 0.671. Intersection and roundabout plateaus are
lower across profiles.

comparison.
Table 4. Late-training reward-cost decomposition in the merging calibration screen.
Setting Risk Jerk Steering Throttle Hard brake Externality Jerk share (%)
Original comfort 1x 1.18 13.66 0.47 0.10 0.46 0.24 94.2
Comfort 0x 2.05 0.00 0.00 0.00 0.89 0.01 0.0
Comfort 0.25x 2.03 7.13 0.11 0.05 1.29 0.10 97.8
Comfort 0.5x 2.05 14.17 0.20 0.10 1.29 0.03 98.0
Social 0x, comfort 1x 1.64 21.96 0.32 0.16 0.00 0.00 97.2

Costs are reported in units of 10 reward per step over transitions 200,000-300,000 using three seeds. Section 5.5 reports the

matched jerk-knockout intervention.
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Field-conditioning perturbation: position p (m), velocity v (m/s), dropout d (%), latency ! (steps)
Fig. 10. Structured-state sensitivity of the field-enhanced SAC policy. Panels report paired changes relative to clean
observations for task retention, safety, mean absolute jerk, and reward-independent externality under position noise p, velocity
noise v, missed-detection rate d, observation latency I, and their combined moderate condition.

5.5. Social externality and reward calibration

At the intersection, the utility vector (+0.0206, +0.0051) gives
an SVO angle of 13.8° (Fig. 8(c)). The positive other-agent
component has an interval excluding zero, indicating a
modest reduction in surrounding-traffic speed deficit
relative to baseline under the normalization in Eq. (22). The
other scenarios remain uncertain. Roundabout angle is 30.3°,
but both component intervals include zero. Merging gives
-166.1° with both components near the origin and an
unstable direction. These angles summarize rollout effects
rather than stable social preferences.

The nominal complete reward produced a low-motion
policy in merging. Low progress persisted when the social
cost group was removed at the original comfort weight,

directing attention to the comfort penalties. In the validation-
only sweep, comfort multipliers of 0.25 and 0.5 yielded
success rates of 0.800 and 0.822 after 0.3 million transitions.
Jerk accounted for 94%-98% of the logged comfort cost
(Table 4). We therefore examined its contribution through a
matched intervention with the jerk coefficient set to zero.
Removing this term changed both progress and driving
quality. Route completion increased from 0.300 to 0.787, and
success rose from 0.233 to 0.589. The same intervention
increased collision rate from 0.133 to 0.311. Mean jerk rose by
5.79 m/s®, mean throttle-change rate increased from 0.279 to
1.391, and interaction exposure increased by 0.013. The two
settings exposed opposite difficulties in the reward: the
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original jerk penalty suppressed progress, while removing it

allowed more abrupt and collision-prone control.
Calibration must account for both behaviors. The sweep
brackets a behavioral change between comfort multipliers of

0.5 and 1.0, with the other reward coefficients fixed. Among

5.6. Algorithm scope, computational cost, and structured-state
sensitivity

The replicated comparisons support inference about
continuous SAC under matched architecture, action interface,
hyperparameters, training budget, and seeds. Historical
cross-algorithm results are retained for descriptive context
(Table 6). Those runs used unmatched tuning and mostly a
single training seed, so learner family, action resolution,
tuning budget, and seed variance remain confounded. Other
policies can accept the descriptor, but their performance is
not established by the replicated experiment.

The discretized steering-throttle interface considered here
introduces a limit on action resolution. On a rectangular
lattice, nearest-action projection error is bounded by half a
cell diagonal, or 0.71 in normalized coordinates for a three-
by-three grid. Small gradient changes can consequently
leave the selected command unchanged until a quantization
boundary is crossed. This bound characterizes action
resolution; it does not identify the cause of the historical
failures. Action-conditioned queries based on short-horizon
rollouts and fail-open field-informed action masking remain
possible extensions. Including context construction and
device transfer, the synchronized merging comparison takes
6.97 ms with the PINN for online field modeling. In the

the tested positive candidates, 0.25 is the smallest multiplier
meeting the predeclared task criteria and is fixed before
confirmation. Its suitability beyond this calibration setting
remains untested.

MetaDrive evaluation path, policy inference takes 0.34-0.41
ms and field queries take 4.64-6.76 ms, giving total field-
enhanced decision times of 4.98-7.19 ms (Table 5).
Additionally, we evaluated sensitivity to field-input errors
using five independently trained intersection policies,
twelve perturbation conditions, and 20 traffic seeds matched
to the clean condition, totaling 1,200 episodes (Fig. 10).
Gaussian position, velocity, and heading errors, Bernoulli
detection dropout, and delayed states were introduced into
the copied surrounding-agent states supplied to field
construction. Position and velocity errors increased collision
rate when tested individually. With 0.5 m position noise, the
paired increase was 0.100 (95% CI [0.002, 0.198]); with 0.5 m/s
velocity noise, it was 0.090 (95% CI [0.009, 0.171]). These
results identify sensitivity to errors in two of the quantities
used to construct the field. The combined moderate
condition included both noise levels, along with 2° heading
noise, 10% dropout and one-step latency. Success changed
by 0.050 (95% CI [-0.038, 0.138]) with route completion by
0.021 (95% CI [-0.028, 0.070]). The intervals covered both
task-
performance changes unclear. Thus, perception-in-the-loop
performance and actuation uncertainty still need more
robustness testing for future real-world deployment.

improvement and deterioration, making the

Table 6. Historical intersection comparison stratified by action interface.

Algorithm / action Learning rate Batch Success Route

native / full native / full
DQN /D9 1 x10* 64 0.00/0.00 0.206 / 0.180
PPO/C 3x10* 64 0.00/0.00 0.368 / 0.085
SAC/C 3x10* 256 0.60/0.55 0.692/0.651
TD3/C 3x10* 256 0.60/0.45 0.678/0.690
DDPG/C 1 x10* 256 0.55/0.60 0.678/0.724

C denotes continuous actions, and D9 denotes nine discrete commands (Values are reanalyzed from recorded episodes at
density 0.3 with 20 common test seeds and one training seed per cell).

6 Conclusion

SAFE-AD makes finite-horizon spatial interaction pressure
available to an RL policy through compact field descriptors
queried by online PINN trained on historical traffic datasets.
The controlled continuous-SAC comparisons distinguish
changes in representation from changes in the objective
function. With the propagated field querying as the risk
assessment guidance, the complete profile reduces both
collision rate and mean absolute jerk at intersections and
reduces jerk at roundabouts. Field augmentation under the
native objective also reduces field exposure, jerk, and
kinematic interaction exposure at the roundabout. Success
and route-completion improvements remain uncertain.
Reward-independent traffic measures resolve a modest
external benefit at the intersection, while effects in the other

scenarios remain inconclusive.

Several shortcomings still exist. Our key findings are
limited to the tested scenarios and replicated SAC setting.
Meanwhile, comparisons establish
generalization across learners, and the complete-profile
contrast cannot identify an independent contribution from
the social penalty. Training plateaus describe empirical
stability rather than guaranteed convergence, and the
achieved task success does not establish deployment
readiness. Besides, detector bias, sensor-level latency, and
actuation uncertainty remain untested. Future work includes
perception-in-the-loop  validation, across
geometries, and end-to-end backend efficiency that connect
to real-world deployment on physical platforms.

historical cannot

calibration
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