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Abstract

Closed-loop autonomous driving increasingly combines model-centric architectural de-
velopment with data-centric learning. These two directions are complementary: model-
centric methods improve representation, prediction, planning, and control capabilities,
whereas data-centric methods improve how training samples, supervision signals, and
closed-loop failures are selected and reused. A key remaining challenge is therefore how
to use heterogeneous driving logs more effectively to improve closed-loop policy learn-
ing. Existing methods have made certain progress in aspects such as representation learn-
ing, generative planning, and closed-loop evaluation. This paper proposes a data-centric
closed-loop autonomous driving learning framework. Combining risk-aware data valua-
tion, supervision-calibrated distillation, and counterfactual attribution-guided corrective
replay, the framework adjusts the training distribution, calibrates sample-level supervi-
sion, and converts training-side failure trajectories into intervention-validated corrective
signals. Closed-loop experiments on Bench2Drive demonstrate improved driving perfor-
mance, while NAVSIM provides supplementary non-reactive cross-platform evaluation
under the tested benchmark conditions. The experimental results show that data-centric
optimization strategies can help reduce performance degradation under the evaluated
perturbations and provide a feasible approach to high-risk sample management, supervi-
sion-quality calibration, and failure-informed corrective replay.

Keywords: closed-loop autonomous driving; data-centric learning; sample value estima-
tion; supervision-calibrated distillation; failure attribution replay

1. Introduction

How to extract truly valuable information from a large amount of driving records
has become an important issue for improving the performance of autonomous driving [1].
The real road environment includes complicated vehicle movements, constantly changing
traffic conditions, and dangerous emergencies, which help create an important founda-
tion for the model of learning driving behaviors [2]. However, not all driving data has the
same training value. How to screen important data, reasonably utilize different types of
driving experiences, and continuously optimize the training process based on actual op-
eration results have become the problems that data-centered autonomous driving re-
search needs to solve [3].
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The current research mainly focuses on the following directions. The first type of
work focuses on the construction of training and evaluation infrastructure, providing sup-
port for the training of large-scale autonomous driving models, but it rarely discusses
which data can lead to more effective learning outcomes [4]. There are also methods that
emphasize future-state prediction, environment representation learning, and generative
modeling to enhance the model’s ability to understand complex scenarios. However, these
methods lack further analysis of high-risk samples, long-tail scenarios, and the issue of
insufficient supervision information [5,6]. Another type of research enhances decision-
making capabilities by introducing language models and multimodal information, but
pays insufficient attention to the differences between expert demonstrations and the
model’s actual execution in closed-loop learning, whether supervision signals are suitable
for learning, and how failed experiences can be effectively utilized [7,8]. Overall, the prob-
lems that the existing methods have not fully addressed are: which data is worthy of fo-
cused learning, which demonstrations can truly help the model improve, and which failed
cases need to be reused.

In response to the aforementioned issues, this paper proposes a closed-loop learning
framework focused on data utilization. This method assesses the importance of different
samples based on the scene risks and data characteristics, enabling the model to learn
more valuable driving experiences. Subsequently, by comparing the differences between
expert driving behaviors and model decisions, the influence of different samples in the
training process is adjusted, making the supervisory information more suitable for model
learning. Moreover, this paper further designs a failure experience replay mechanism to
analyze the problems that occur during autonomous driving, identify the key scenarios
that led to failure, and reuse these experiences for model training, thereby continuously
improving the system performance.

Unlike methods that further expand the scale of perception or planning models, this
paper focuses on how to establish more effective data utilization mechanisms, enabling
the training process to fully exploit the information value in existing driving data. The
research is centered around closed-loop decision learning and uses representative imita-
tion learning and trajectory planning models as the basic framework. Although the pro-
posed method has the potential to be extended to other models, this paper mainly evalu-
ates its effects on closed-loop performance, safety, and data utilization under fixed bench-
mark configurations. The main contributions are as follows: (1) A risk-aware valuation
mechanism combines safety risk, uncertainty, novelty, and distribution correction to pri-
oritize informative samples while controlling sampling concentration. Unlike single-sig-
nal uncertainty, loss-based, or risk-only sampling, it integrates four independently cali-
brated factors with safeguards. (2) An asymmetry-calibrated distillation mechanism ad-
justs supervision according to demonstration learnability under expert-learner infor-
mation differences. Unlike fixed or discrepancy-based distillation, its weights are inde-
pendently supervised by learning progress and detached from policy optimization. (3) A
failure attribution replay mechanism extracts intervention-validated corrective pairs from
training-side failures. Unlike temporal, priority, or DAgger-style replay, it retains only
interventions that reduce subsequent failure cost and excludes failed actions from super-
vision. The framework is evaluated through closed-loop, cross-platform, data-scale, sce-
nario-specific, robustness, efficiency, and ablation analyses.

2. Related Work
2.1. Application Scenarios and Challenges

Data-centric research on autonomous driving focuses on how to utilize large-scale

driving data to enhance closed-loop decision-making capabilities, covering directions
such as decision learning, generative planning, multimodal interaction understanding,
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and data-based model evaluation [9]. Related research is usually oriented towards com-
plex driving tasks in real road environments, such as urban road driving, intersection in-
teractions, and handling low-frequency high-risk scenarios, and uses real driving logs to
support model training and continuous optimization [10]. The difficulties of these tasks
lie in identifying the road environment and understanding the behaviors of other traffic
participants, as well as in learning stable, safe, and commonly used driving strategies from
continuously changing spatiotemporal information [11].

Currently, the data and evaluation platforms used in autonomous driving research
mainly fall into two categories. One type of platform focuses on collecting large-scale real
driving data to provide a foundation for tasks such as representation learning, future-state
prediction, and supervised distillation [12]; the other type of platform uses a unified
closed-loop test environment and evaluation standards to compare the performance of
different methods in actual driving tasks.

The existing evaluation metrics typically cover task completion, safety, and the ra-
tionality of driving behavior, such as Success Rate, Driving Score, Collision Rate, route
deviation, and trajectory error [13]. However, these metrics still struggle to fully reflect
the performance of the model in real driving. For instance, open-loop prediction errors
cannot capture the cumulative impact of continuous control processes, and a single Suc-
cess Rate alone cannot explain the specific reasons for system failures. Therefore, further
establishing a data mechanism that can assess sample value, adjust the supervision
method, and utilize failure experience to optimize the training process remains a problem
that needs to be addressed in current closed-loop autonomous driving research [14].

2.2. Overview of Mainstream Methods

The current studies mainly promote the development of closed-loop autonomous
driving from three aspects. The first type of research focuses on how to establish a more
comprehensive testing and evaluation system. By constructing a unified testing environ-
ment and evaluation standards, it helps researchers compare the performance of different
methods [15]. This kind of work solves the problem of “how to evaluate autonomous driv-
ing systems”, but usually directly uses existing driving data for training, and rarely fur-
ther considers the impact of different data on the learning effect of the model.

The second type of research focuses on how to enable the model to learn more from
a large amount of driving records, including understanding environmental changes, pre-
dicting future situations, and constructing simulation environments that are closer to real
roads [16]. These methods enhance the model’s ability to utilize data, but often assume
that all training data have similar value, and pay insufficient attention to rare but im-
portant dangerous scenarios and the impact of different data qualities [17].

The third type attempts to utilize language information and various types of data to
enhance the understanding and decision-making capabilities of autonomous driving sys-
tems [18]. These methods have improved the model’s ability to handle complex scenarios,
but they mainly rely on expanding the model’s size to achieve performance improve-
ments. When the training data is insufficient or there are differences between expert
demonstrations and the actual model execution, merely enhancing the model’s capabili-
ties is still difficult to solve the problem of limited learning effectiveness [19].

Overall, the existing studies have improved the evaluation methods, data utilization
capabilities, and model decision-making abilities of the autonomous driving system.
However, there is still a lack of sufficient research on a more fundamental issue during
the training process: which data is truly worthy for the model to learn, how to adjust the
training methods based on different data, and how to further improve the model by lev-
eraging the failure experiences during the system operation.
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2.3. Closest Related Work

The most relevant studies address three issues. First, closed-loop imitation learning
has examined the difference between expert demonstrations and model execution [20].
Experts may use information unavailable to the deployed model, creating supervision
asymmetry. The present work therefore adjusts supervision according to sample-level
learning progress rather than treating all expert labels as equally learnable.

Second, driving-log research uses future-state prediction, representation learning,
and large-scale pre-training to extract patterns from unlabeled data [21]. However, these
methods mainly improve representation capability and seldom distinguish the training
value of individual scenarios. The proposed method instead combines risk, uncertainty,
novelty, and distribution correction to construct a safeguarded sampling distribution.

Third, multimodal and generative methods integrate language, context, and genera-
tive planning to improve decision-making [22]. However, they provide limited mecha-
nisms for determining which closed-loop failures should be reused. The proposed replay
module retains only corrective interventions that reduce subsequent failure cost, rather
than relying on temporal proximity or loss priority.

Model-centric methods, including model-based control, remain important because
they strengthen representation, prediction, planning, and control capabilities. Recent
studies have developed static output-feedback LQR control for energy-efficient predeces-
sor-leader platooning [23], fault-tolerant output-feedback control under measurement
noise and road disturbances [24], and robust adaptive platoon control with disturbance
compensation [25]. These methods use explicit dynamics to provide stability and robust-
ness guarantees. By contrast, data-centric methods improve how samples, supervision
signals, and failure experiences are used, but their effectiveness still depends on the un-
derlying model and data coverage. The present work therefore does not replace low-level
model-based control; it improves data selection, supervision calibration, and failure re-
play at the policy-learning level. The two directions are complementary and can be inte-
grated within a hierarchical driving system.

In summary, existing studies have advanced supervision, driving-log utilization,
multimodal reasoning, and model-based control. Model-centric development strengthens
system capability, whereas data-centric learning improves the use of available data and
supervision. Data-centric closed-loop learning still requires mechanisms to identify valu-
able samples, learnable demonstrations, and reusable failures.

2.4. Summary and Research Gaps

Previous studies have made significant progress in aspects such as closed-loop eval-
uation, future modeling, world models, and semantic-enhanced decision-making. How-
ever, there is still a lack of sufficient exploration regarding the value differences in training
data itself, whether the supervisory information is suitable for model learning, and how
to utilize failed experiences to improve the training process [26]. Existing research indi-
cates that large-scale driving logs can effectively support model pre-training, generative
planning, and complex scene reasoning. It also reveals that the inconsistency between ex-
pert demonstrations and model actual observations will affect closed-loop performance.
Nevertheless, these issues are usually discussed separately and have not formed a unified
data-utilization framework. Most existing methods treat training data as fixed inputs and
pay limited attention to actively evaluating and adjusting the data for model learning.

Based on the above analysis, this work focuses on three interrelated research gaps.
First, existing methods lack an explicit mapping from sample value to the training distri-
bution, making it difficult to determine which data should be prioritized. Second, they
lack sample-level modeling of supervision learnability, making it unclear which expert
demonstrations are learnable for the current learner. Third, they lack a stable closed-loop

https://doi.org/10.3390/electronics15163517


https://doi.org/10.3390/electronics15163517

Electronics 2026, 15, 3517

5 of 28

mechanism connecting failure feedback to training-set reconstruction, making it difficult
to determine which failure experiences should be reused.

Therefore, the goal of this work is neither to replace model-based low-level control
nor to design more complex perception or planning architectures, but to establish a more
complete data-centric closed loop: identifying high-value samples, determining learnable
demonstrations, and refining the training distribution through closed-loop failure feed-
back.

3. Methodology

3.1. Problem Formulation

In data-centric autonomous driving, the task considered in this work is to learn a
decision function from benchmark driving logs that can generate safe and effective behav-
iors under closed-loop evaluation. Specifically, we formulate this problem as imitation-
based policy learning, where the model learns from demonstrated behaviors in historical
data and is ultimately evaluated based on its performance in closed-loop interactions.

Let a single sample be denoted as x € X, which consists of multimodal historical ob-
servations and contextual information prior to time t, defined as: x = {0r_p.c, Mg, N}
Here, oy_p.t represents the historical observation sequence, including multi-view images,
ego-vehicle states, and the motion of surrounding traffic participants; m; denotes envi-
ronmental priors such as road topology; and n, represents navigation goals or high-level
constraints. The output is denoted as y € Y, representing the future decision response
Y = {Tt+1.4+T A}, Where Tepq.qr 1S the predicted future trajectory, and a.denotes the cur-
rent control action or its equivalent representation.

Assume that all sample pairs (xy) come from an unknown joint distribution
P(X,Y). The training set is represented as Diin = {(X;,¥i)}iL;, where each sample corre-
sponds to a temporal and spatial segment in the driving log. The validation set and test
set are used to evaluate the generalization ability of the model. Although the samples fol-
low the benchmark data division, their contributions to closed-loop performance differ:
some correspond to routine driving, whereas others contain high-risk interactions, low-
frequency conditions, or distribution changes. Therefore, this task not only requires learn-
ing the input-output relationship P(Y | X) in general cases, but also needs to ensure that
the model still has stable decision-making capabilities in critical risk scenarios.

Let the decision function be fg: X — Y. The basic objective of model training is to
minimize the prediction error under the true data distribution:

6" = argmin Exy)-pxy [£(fo (), V)1, 1)

where 6" denotes the optimal parameter set, and E(y ,)-pxy)[-] denotes the expectation
over the joint data distribution. L(fg(x),y) is the sample-wise imitation loss that
measures the discrepancy between the decision response predicted by fy(x) and the ref-
erence demonstration y. In the implementation, this basic loss is instantiated by the tra-
jectory and action losses defined in Equations (11) and (12).

Furthermore, since the autonomous driving system needs to operate in a continuous
interactive environment, its ultimate goal is not only to improve the accuracy of single-
step predictions, but also to achieve higher expected utility under the state distribution
P(S):

0" = max Es-p(s) [U(s)], ()

where s € S denotes a closed-loop driving state, d/¢ is the state-visitation distribution
induced by the learned policy f,, and U(s) denotes the benchmark utility reflecting task
completion, safety, and driving-behavior quality. Accordingly, the problem is defined as
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learning a decision function from the available training distribution that fits historical
demonstrations and improves closed-loop utility under the evaluated benchmark condi-
tions.

3.2. Overall Framework

The overall framework of this work, illustrated in Figure 1, is a data-centric learning
system for closed-loop autonomous driving. Large-scale driving logs are first collected
into an input data pool, and then sequentially processed through sample valuation, su-
pervision calibration, policy learning, closed-loop evaluation, and failure feedback, form-
ing an iterative loop of “data selection—policy training—closed-loop validation—-data redis-
tribution”. The framework consists of three core modules: the Risk-Aware Data Valuation
Module, the Asymmetry-Calibrated Distillation Module, and the Failure Attribution Re-
play Module.

Risk-Aware Data Valuation Asymmetry-Calibrated Closed-Loop

Tiput Data Pool Module Distillation Evaluation

Large-scale Which data are most valuable? SR Which supervision is
= T \
( @}» View N > LA
= 0 \ Simulation
Camera & lj'DAR Environment
Observations
m v Distillability
Estimator
CNE > @ D(x) &
Map & Discrepancy Aa
Navigation Value
Function
g -
Expert I rel
Demonstrations ( 1/0
v

Failure Attribution Replay Module Which failure experiences
) should be reused:

High-priority Rollout Val b - \

Rrpl;\r 5“““ States Controlled Counterfactual Attribution

-+ Failure

Figure 1. Overall framework of the proposed data-centric closed-loop learning system.

Specifically, the framework takes as input multimodal observations, map and navi-
gation information, and expert demonstrations from benchmark driving logs, and outputs
trajectory planning and control responses over future decision horizons. Firstly, the Risk-
Aware Data Valuation Module is used to measure the importance of different samples
during the training process. This module assigns greater sampling probability and train-
ing weight to samples associated with safety risk, low observed frequency, feature nov-
elty, or distribution variation. Subsequently, the filtered samples are input into the Asym-
metry-Calibrated Distillation Module. This module takes into account the differences be-
tween expert demonstrations and learners in terms of observed information and available
information, and dynamically adjusts the supervision intensity according to the charac-
teristics of the samples to alleviate the mismatch between the expert data and the model
learning process.

Subsequently, the calibrated samples are fed into the policy backbone network to
learn trajectories and actions, and are evaluated in a closed-loop environment. Failure tra-
jectories generated only from training-side closed-loop rollouts are processed by the Fail-
ure Attribution Replay Module. Controlled counterfactual interventions identify histori-
cal states whose replacement actions reduce failure cost, and the validated corrective pairs
are added to the replay buffer. Validation, Dev10, NAVSIM, and final evaluation failures
are excluded from model updating. In this way, the three modules address which data
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should be prioritized, which demonstrations are learnable, and which intervention-vali-
dated corrective experiences should be reused.

3.3. Module Details
3.3.1. Risk-Aware Data Valuation Module

Although all samples are drawn from benchmark driving logs and simulation rec-
ords, their contributions to closed-loop performance differ. Uniform sampling can over-
emphasize routine cases while underusing high-risk, long-tail, and distribution-shifted
scenarios. This module therefore determines which samples should receive greater train-
ing priority.

Figure 2 illustrates how the Risk-Aware Data Valuation Module converts four inde-
pendently calibrated branch scores into a safeguarded sampling distribution. Specifically,
the four branches share the latent feature representation ¢(x) and output the risk score
R(x), uncertainty score U(x), novelty score N(x), and distribution-correction score A(x).
Each branch is calibrated using an independent target normalized to [0, 1]. For sample x;,
the risk target is its proxy safety label y!*¥. The uncertainty target is the variance over M
stochastic forward passes, calculated from the deviations of the predictions y* from
their mean ;. The novelty target is the average Euclidean distance between ¢(x;) and
its k nearest neighbors in the training-feature space, excluding x; itself. The distribu-
tion-correction target is (n.,+€)~*, where n,, is the number of training samples belong-
ing to scenario category c;, and € > 0 is a small numerical constant that prevents divi-
sion by zero.

a Risk
Input Feature Contribution
P(x)
B o A f o ! Safeguarded Sampling
Sampling
( x > u > Probability
Y > w Novelty A

o Value Function
Vix)

s | h Distribution
Correction

Figure 2. Architecture of the Risk-Aware Data Valuation Module. The independently calibrated
branches are fused and mapped to a safeguarded sampling distribution.

Each raw target z; isnormalized as clip[(Z; — Zmin)/(Zmax — Zmin + €), 0, 1]. The nor-
malization statistics are computed only from the training split and fixed for validation and
evaluation. All targets are detached from the computational graph, and the four branches
are independently trained against their corresponding targets using the calibration loss in
Equation (17). Thus, the scores retain distinct meanings rather than being jointly super-
vised by risk labels. Their fused value is

V(x) = aR(x) + BU(x) + yN(x) + §A(x), 3)

where a,f,y,and § are weighting coefficients.
To prevent a few high-value samples from dominating training, the centered value

score is converted into a clipped weight and mixed with uniform sampling:

w¥(x) = clip [exp ("), Winin Winax )y 20 = (1 = €,)

w?(x) €u
wv(x") 1Derain!’ (4)

'
D €Dtrain
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where w,(x) denotes the clipped valuation weight assigned to sample x, p(x) denotes
its resulting sampling probability, and V is the mean value score over Dy,i,. The param-
eter T > 0 is the sampling temperature, wy,;, and wy,,, are the lower and upper clip-
ping bounds, €, € [0,1] controls the proportion of uniform mixing, and | Diai, | de-
notes the number of training samples. Clipping limits the maximum priority ratio, while
uniform mixing preserves a nonzero sampling probability for every sample. Partial im-
portance correction is applied according to Equation (19). The resulting scores adjust both
sampling and loss weighting. This variance- and value-based prioritization is related to
active sample emphasis, while the proposed formulation additionally integrates risk, nov-
elty, distribution correction, priority clipping, and uniform mixing.

3.3.2. Asymmetry-Calibrated Distillation Module

Sample importance does not necessarily imply learnability. The expert may use priv-
ileged information available only during training, whereas the learner receives deploy-

ment-time observations. Specifically, xlearner

contains only deployment-available obser-
vations, ego-vehicle states, map information, and navigation inputs, whereas x*P¢™* ad-
ditionally encodes the ground-truth future trajectory or control target available only dur-
ing training. Applying equal supervision to all demonstrations may therefore introduce
bias. This module estimates which expert demonstrations are learnable by the current pol-
icy.

Figure 3 illustrates the information flow of the Asymmetry-Calibrated Distillation
Module, including the expert and learner encoders, action-discrepancy calculation, dis-
tillability estimation, and the generation of normalized supervision weights. The expert
and learner representations are

Z, = Ee(xexpert)'zl =E (xlearner)_ (5)

where E, and E; denote the expert-view and learner-view encoders, respectively, and
z, and z; are their corresponding latent representations. The expert representation is
used only to estimate the distillation weight and is neither provided to the policy input
nor used during inference or evaluation, thereby preventing information leakage. The dis-
tillability estimator is defined as

D(x) = o(Wy[z,; z;; Aa] + by), 6)

where Aa is the expert-learner action discrepancy, [-;-] denotes concatenation, and
Wy, by are learnable parameters.

Rather than being optimized through the weighted policy loss, D(x) is inde-
pendently supervised using the learning-progress target in Equation (22). Its normalized
and clipped form w(x), defined in Equation (23), is detached before policy optimization.
This prevents trivial near-zero scores for difficult samples.

The conceptual objective is

Laisen = ., s8lw ()] L (m(x'e3mer), a®*Pert) 4 2, L, (7)

where 7 denotes the learner policy, a®P®™ is the expert action, and
L((Xiearner), a®*Pe™) is the sample-wise imitation loss between the learner output and the
expert action. The operator sg[-] denotes the stop-gradient, L, is the independently op-
timized distillability-estimation loss, and A controls its contribution to the conceptual
objective. The complete importance-corrected formulation is given in Equations (24) and
(25). Lower and upper clipping bounds retain difficult samples while preventing exces-
sive supervision by a small subset. Demonstrations showing greater learning progress re-
ceive stronger supervision, whereas substantial expert-learner mismatches receive lower
but nonzero weights.
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Figure 3. Architecture of the Asymmetry-Calibrated Distillation Module. Learning-progress super-

vision trains the estimator, while normalized detached weights control policy learning.

3.3.3. Failure Attribution Replay Module

This module converts training-side failures into corrective supervision. Collisions,
off-road deviations, and deadlocks indicate poor performance but do not identify which
earlier decisions should be corrected. Because failures may accumulate across several
states, historical state—action pairs are evaluated by their intervention effects rather than
temporal proximity. Figure 4 illustrates how training-side failure trajectories are evalu-
ated through controlled counterfactual interventions and converted into validated correc-
tive samples for prioritized replay.

Failure Event f

K] 82 S St ®

< Final H Candidate State-Action Pairs
/]\ T T T Validated State
Coiitrolled % Action Pairs
Counterfactual Replay
Risk Level r, O—yy
Scoring
Sample Rarity ¢, O—1
Replay Priority High-Priority
Corrective Replay

Buffer

Figure 4. Controlled counterfactual attribution and corrective failure replay. Only interventions that

reduce failure cost are stored as corrective targets.

Given a failed trajectory T = {(s;, a;)}I=;, the final H pairs are treated as candidates.
The simulator is restored to s;, and the recorded action is replaced for one step by the
expert or reference-controller action af. The original policy then continues under the
same route, traffic configuration, and random seed. The counterfactual contribution is

F(T)—F (Rollout(s,do(ar=af),m,f)) .
o 01), ®)

C = clip(
where F(-) is the normalized failure cost, m is the original policy, ¢ denotes fixed sim-
ulator conditions, and & prevents numerical instability. A high c, indicates that replac-
ing the decision reduces subsequent failure cost. Hence, ¢, represents a local intervention
effect rather than temporal correlation and is computed offline.

The intervention action af is stored as the corrective target only when it reduces
failure cost. Failed policy actions are therefore excluded from supervision. The unnormal-
ized replay priority is
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P(st) = msglce] + nate + 03qe )
where 17, q, €[0,1] are normalized risk and rarity scores, and 74,7,,andn; are
weighting coefficients. The priority is subsequently normalized and clipped to [0.52.0]
according to Equation (26). Replay occupies at most 25% of each minibatch, and each sce-
nario category is limited to 10% of the buffer, preventing repeated failures from dominat-
ing training.

The buffer is refreshed only using training-side rollouts under the schedule in Section
4.1. Validation, Dev10, NAVSIM, and final evaluation failures are excluded. This mecha-
nism reuses intervention-validated corrective actions without assuming that states closest
to the final failure are the most influential. Its priority normalization and importance-cor-
rection strategy follows the general rationale of prioritized replay [30], but the proposed
buffer retains only corrective actions validated through controlled interventions.

3.4. Objective Function and Optimization

The framework jointly optimizes data valuation, supervision-calibrated distillation,
and failure attribution replay. Let ® denote the learnable parameters of the policy back-
bone, data valuation network, and distillability estimator. The counterfactual contribution
used for replay is computed offline and excluded from ©. The overall objective is

J = Ltraj + .uLact + AlLvalue + AZLdistill + ASLreplay' (10)

where L, Lacty Lvaiues Ldistiny and Lrepray denote trajectory, action, valuation, distilla-
tion, and replay losses, respectively. The coefficients u,1;,1,,and A; are selected from the
validation set.

Let the predicted and reference trajectories of the sample i be %;,7; € R™*%, where
T is the prediction horizon and the second dimension represents the two-dimensional
waypoint coordinates. The sample-level trajectory loss is given in Equation (11), where ||
‘I, denotes the L, norm. Let @;,a; € R% denote the predicted and reference action vec-
tors, respectively, where d, is the action-space dimension. Equation (12) uses |13, the
squared L, norm, to measure their discrepancy. The sample-level trajectory loss is

Ciraji =N T — T; Iy (11)

Let 4;,a; € R% denote the predicted and reference actions. The sample-level action
loss is

Loce; =N 4; — a; II3. (12)

For data valuation, let R;,U;, N;, A; € R denote the learned branch outputs for risk,
uncertainty, novelty, and distribution correction, respectively. Their fused learned value
is denoted by V; in Equation (13). Let R;, U;, N;, 4; € [0,1] denote the corresponding de-
tached supervision targets constructed from the proxy safety label, stochastic-prediction
variance, k-nearest-neighbor feature distance, and inverse scenario frequency. Their
fused target value is denoted by V; in Equation (14). Thus, variables without hats repre-
sent learned predictions, whereas variables with hats represent fixed supervision targets.
Their combined value is

V; = aR; + BU; + yN; + §A;. (13)

Let R;, U, N;, 4; € [0,1] denote the independent targets defined in Section 3.3.1 from
proxy safety labels, stochastic prediction variance, k-nearest-neighbor feature distance,
and inverse scenario frequency. Their fused target is
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To avoid excessive concentration on a few samples, the scores are centered, clipped,
and mixed with uniform sampling:

w} = clip [exp (V"_V

T

- 1 «N wy €u
)'Wmin'Wmax]'V=EZ]'=1VJ"T[1V:(1_Eu) N +F’ (15)

v
1
Zj=1 /

where 7 is the sampling temperature, w;, = 0.5, Wy, = 2.0, and €, = 0.10. The uni-

form term preserves a nonzero probability for every sample, while clipping limits the pri-
ority ratio to 4:1.
The same mapping is applied to the target values:

W = clip [exp (@),Wmin, Wmax]ﬁ = % Z?]ﬂ Vil =(1—€,) o —+ - (16)
7
The branch calibration loss is B
Lpranch = % Z;V:l[(Ri —R)?+ (U = U)* + (N; = N)* + (4 — 4)?]. 17)
The valuation loss is
Lyatue = = 2j, 10877 + Ay Loranch, (18)

where 1, controls branch calibration. The distribution term aligns the learned and target
sampling distributions, while the calibration term preserves the meaning of the four
branches. Thus, uncertainty, novelty, and distribution correction are not supervised by
risk labels.

To reduce non-uniform sampling bias without excessive gradient variance, the par-
tial importance-sampling coefficient is

e
K, = sg [clip;zezi (—;—z%if<§nf;i =05 2.0)], (19)

where k; is the partial importance-sampling correction coefficient applied to the sample
i, sg[-] denotes the stop-gradient, and f;s = 0.5 is the importance-correction exponent.
The normalization in Equation (19) keeps the mean correction coefficient near one, while
clipping it to [0.5-2.0] limits gradient variance. The aggregate policy losses are defined
in Equation (20). Sampling concentration is monitored using the normalized effective
sample size Nggr/N, where Neg = (), [ )¥)™! and N is the number of training samples.
This quantity is used only as a diagnostic and does not enter the optimization objective.
The aggregate policy losses are

_1lyn _1yn
Ltraj — y&i=l K ‘Etraj,ivcact — y&i=l K ‘Eact,i- (20)

eff _ 1

Sampling concentration is monitored using —= NS which is used only as
N ), (m;
i=1\"i

a diagnostic.

For supervision-calibrated distillation, let zf,z} € R% denote the expert-view and
learner-view representations, where d, is the latent-representation dimension, and let
Aag; € R% denote their action discrepancy. Distillability is defined in Equation (21), where
o(-) is the sigmoid function and W, and b, are learnable parameters. Distillability is

defined as
DI = o(W,z¢; 2}; Aag] + by), 1)

where W; and b, are learnable parameters.
To prevent Di(t) from collapsing towards zero, it is supervised by sample-level learn-
ing progress. Let {7?) denote the exponential moving average of the unweighted imita-

A1) 0
=0 (—"f . ) 22)

tion loss at stage t. The target is

Tp
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where T is a temperature parameter, and the target is detached. The predicted score is
normalized and clipped as
®
D:;
w® = sg|clipi ~
NZ]-=1D]‘ +&

The lower bound retains difficult samples, while normalization prevents global col-

> Wmin’ Wmax | |- (23)

lapse. The distillation loss is

1
Laisein = N Iiv=1 K; (U-(t)*”(”(xf); aie) + ApLp, (24)

1

where
N
£y = 23" 5010 D(® + (1-B"log(1-0(")] 25)
i=

N
Here, x! is the learner input, af is the expert action, and [(*) is the L; imitation
loss. In Equation (25), Df is the detached learning-progress target, and Df is the pre-

dicted distillability score; therefore, Ly is their binary cross-entropy calibration loss. The
®

estimator is optimized only through Lj, whereas the policy uses detached x; and w;".
It therefore cannot reduce the policy loss by shrinking all distillability scores.

For failure replay, only failures generated from training-side closed-loop rollouts are
reused. Let By be the replay buffer, c, € [0,1] the offline counterfactual contribution
from Equation (8), and r;,q, € R the risk and rarity scores. Each retained entry is
x4 ye 1, qp), where y£f = a¢ is the expert or reference-controller action validated by
the intervention in Equation (8).

To prevent a few failures from dominating replay, the priority is normalized and

clipped:

- . P
Py = nysglce] + naore +n3q,, Py = clip (_1—2 - o ’0-5’2-0>: (26)
Bl &keBp ' kTE
where 1,,1,,and n; are weighting coefficients. The replay loss is
1 A~
Lreplay = 7577 Leeny Pr 2(90 y¢h). 27)

Only interventions with ¢, > 0 are retained. The original failed action a; is ex-
cluded from supervision, and the replay loss updates the policy without modifying c;.

Replay samples constitute at most 25% of each minibatch, and each scenario category
is limited to 10% of the 20,000-entry buffer. When full, the lowest-priority samples are
removed. These constraints preserve ordinary samples, maintain scenario diversity, and
reduce overfitting to repeated failures.

AdamW is used for optimization. As detailed in Section 4.1, training begins with uni-
form policy learning, followed by alternating updates of the policy, valuation network,
and distillability estimator. During final fine-tuning, the auxiliary modules and replay
buffer are frozen. Sample values and distillability weights are refreshed once per epoch,
whereas the replay buffer is refreshed every five epochs. All hyperparameters are selected
on the validation set and fixed before final evaluation.

Accordingly, Equations (13)—(20) define safeguarded data valuation and importance-
corrected policy learning, Equations (21)-(25) define supervision-calibrated distillation,
and Equations (26) and (27) define counterfactual attribution-guided failure replay.

4. Dataset-Based Simulation Results
4.1. Dataset and Simulation Setup

To evaluate the proposed method under standardized driving scenarios, dataset-
based experiments and simulation evaluations were conducted using Bench2Drive and
NAVSIM (Table 1). Bench2Drive experiments used the official CARLA-based benchmark
code, whereas NAVSIM evaluation used the official NAVSIM development toolkit and its
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non-reactive data-driven simulation protocol. Bench2Drive supports the main closed-loop
simulation comparisons and method analyses, whereas NAVSIM provides supplemen-
tary data-driven non-reactive cross-platform evaluation and is not interpreted as reactive
closed-loop evidence. The two benchmarks were selected because they provide comple-
mentary evaluation settings: Bench2Drive supports standardized reactive closed-loop
testing across diverse routes and conditions, while NAVSIM enables independent cross-
platform evaluation on recorded driving scenes. NAVSIM was used only for evaluation
and did not participate in training, hyperparameter selection, or replay-buffer construc-
tion.

Bench2Drive provides Mini, Base, and Full training configurations, with the Full set
containing tens of thousands of driving videos. It also includes 220 closed-loop routes and
the Dev10 environment for rapid evaluation. NAVSIM uses the Extended PDM Score as
its primary metric. Success Rate measures completed routes, while Driving Score com-
bines route progress with penalties for unsafe or noncompliant behavior. Collision Rate
is the proportion of evaluated routes containing collisions. EPDMS jointly reflects driving
progress, time-to-collision, lane keeping, trajectory comfort, and traffic-rule compliance,
providing physical meanings related to longitudinal progress, lateral control, safety mar-
gin, acceleration, and jerk. Raw velocity- and lateral-tracking errors were not reported
separately because the evaluated backbones use different control and trajectory represen-
tations. All dataset-based experiments and simulation evaluations followed the official
data divisions and processing protocols. Bench2Drive training data were used for policy
learning, data valuation, and distillation, while replay samples were generated only from
closed-loop rollouts on training-side scenarios. The validation split was used for hyperpa-
rameter selection and early stopping. Dev10 was used only for diagnostic and ablation
evaluation, and its failures were never used for replay or parameter updates. After the
configuration was fixed, the model was frozen and evaluated on the reported
Bench2Drive routes and NAVSIM. No failure from Dev10, NAVSIM, or final evaluation
routes was fed back into training.

Table 1. Dataset overview.

Data Modal- Data Scale Key Characteristics/Tar-

Dataset  Pri Task T
arase rimary Use ask 1ype ities (Train/Val/Test) get Variables Source
Training and re-
play generation
fFom tramlT\g- . Multimodal Official Emphasizes standardized .
side scenarios; Reactive L. . https://github.
. driving logs,  Mini/Base/Full  closed-loop benchmarks ;
Bench2Dr Dev10 for diag- closed-loop . . com/Thinklab-
) . ) ) . . maps,and splits; 220 closed-  for evaluating overall
ive nostic ablations; simulation in - . SJTU/Bench2D
navigation loop routes; Dev10 driving performance and .
reported routes =~ CARLA . . . rive
information for fast ablation safety
for frozen-
model evalua-
tion
Emphasi bal be-
, , Scenario- Fphasizes a batance be https://github.
Evaluation-only Non-reactive ) . . tween open-loop effi-
. driven logs Defined by official . com/autono-
NAVSIM cross-platform  data-driven ciency and closed-loop ro- .
S . . and evalua- protocol .. mousvi-
validation simulation . bustness; core metric is Ex- | )
tion states sion/navsim

tended PDM Score

Note: Failure replay samples were generated exclusively from Bench2Drive training-side scenarios.
Dev10, NAVSIM, and reported final Bench2Drive routes were excluded from replay-buffer con-

struction and parameter updates.
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Experiments were conducted on two workstations equipped with NVIDIA RTX 4090
GPUs with 24 GB of memory each. One workstation used an AMD Ryzen 9 7950X proces-
sor, and the other used an Intel Core i9-14900KF processor. Both were equipped with 128
GB RAM and a 2 TB SSD. The software environment included Ubuntu 22.04, Python 3.10,
PyTorch 2.1, and CUDA 11.8. Under the matched TCP configuration, one complete 80-
epoch training run of the proposed method required 43.2 h, compared with 38.6 h for TCP.
The reported time includes auxiliary-network updates and replay-buffer refreshes but ex-
cludes final benchmark evaluation. All methods used identical data splits, evaluation
routes, and simulator seeds. TCP, UniAD, and GenAD retained their native architectures,
task losses, optimizers, and training schedules; within each backbone pair, the baseline
and “+Ours” variants used the same backbone-specific procedure. The following 80-epoch
AdamW configuration was used for the matched TCP-based data-utilization comparisons.
AdamW training lasted 80 epochs with a batch size of 32, a learning rate of 1 x 107*, and
a weight decay of 1x107*. The objective was Ligtal = Liraj + HLact + A1Lyarge +
Az Lgistin + A3Lreplays Where =05, 1; = 0.2, 4, = 0.3, and A; = 0.2. The valuation tar-
gets for R;, U;, N;, and A; were derived from proxy safety labels, variance over M = 5
stochastic passes, distance to the k = 10 nearest training features, and inverse scenario
frequency. Targets were normalized using training statistics and detached during optimi-
zation. The fusion coefficients were a = 0.35, f = 0.25, ¥y = 0.20, and 6 = 0.20, with
T =0.8 and A, = 0.1. The safeguarded sampler used wy,, = 0.5, wy.x = 2.0, €, = 0.10,
and fis = 0.5, with correction coefficients clipped to [0.52.0]; the resulting Neg/N was
0.69. Distillation used wpi, = 0.5, Wmax = 2.0, Tp = 0.5, 1, = 0.1, and & = 107°. Replay
priority used 1, q, € [0,1], n; = 0.5, 1, = 0.3, and 713 = 0.2, with clipping to [0.5-2.0].

Main comparisons used five independent training seeds (13, 21, 42, 87, and 102).
Bench2Drive metrics were averaged over three matched closed-loop repetitions per seed,
using identical routes and simulator seeds across methods. NAVSIM was evaluated once
per trained checkpoint under its fixed protocol. Results are reported as mean + standard
deviation across the five seed-level results, with two-sided 95% confidence intervals based
on Student’s t-distribution. Two-sided paired t-tests paired methods by training seed
and evaluation conditions. Holm correction was applied across Driving Score, Success
Rate, Collision Rate, and EPDMS within each prespecified comparison at a = 0.05.

Training followed three stages. During epochs 1-10, only the policy backbone was
trained with uniform sampling; auxiliary networks were frozen, and replay was disabled.
During epochs 11-70, the policy, valuation network, and distillability estimator were al-
ternated at a 1:1:1 epoch-level ratio. Values and distillability weights were refreshed each
epoch, while the replay buffer was updated every five epochs. Each minibatch contained
24 ordinary and 8 replay samples. During epochs 71-80, auxiliary networks and the buffer
were frozen, and only the policy was fine-tuned.

After warm-up, unweighted imitation loss was tracked using an exponential moving
average with decay 0.9. The Equation (22) target was updated from stage-wise loss reduc-
tion. The estimator was optimized only through Lj, whereas the policy used detached
weights from Equation (23) and importance coefficients from Equation (19). This schedule
avoided simultaneous changes in sampling, distillability weighting, and replay contents.

The replay buffer contained only training-side failures. For each failure, the final H =
8 state—action pairs were replayed under identical routes, traffic, and random seeds. The
original action was replaced for one step by the expert or reference-controller action. The
normalized failure-cost reduction determined c;, and yff was retained only when the
intervention reduced failure cost. The 20,000-entry buffer removed the lowest-priority
samples when full and limited each scenario category to 10%. Failed policy actions were
excluded from supervision. Hyperparameters were fixed before final evaluation, after
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which no model or buffer updates occurred. Default robustness tests used Gaussian image
noise of 0.01 and state perturbations of 1%, with extended results reported in Section 4.5.

4.2. Baselines

Two sets of comparisons were conducted. First, the framework was applied to differ-
ent autonomous-driving backbones to examine compatibility. Second, it was compared
with data-utilization methods to evaluate the effects of data valuation, supervision cali-
bration, and corrective replay.

TCP [26], UniAD [27], and GenAD [28] were selected as representative backbones.
TCP is an end-to-end planning and control model, UniAD integrates perception, predic-
tion, and planning, and GenAD adopts generative planning. Their native topology, out-
put heads, task losses, optimizers, and training schedules were retained. The proposed
framework appended lightweight feature adapters and auxiliary valuation and distilla-
bility networks, accounting for the additional parameters and FLOPs.

A common interface preserved each backbone’s native representation and target for-
mat. The learner view was taken from the final planning feature before the output head,
while the expert view encoded the corresponding training-time trajectory or control tar-
get. Action discrepancy was calculated between the native prediction and reference target;
valuation used the learner feature; and replay labels remained in the native output space
as intervention-validated targets. TCP used waypoint and control representations, UniAD
used its planning-query feature and ego-trajectory target, and GenAD used its latent plan-
ning feature and generated-trajectory target. Auxiliary losses were connected only to the
planning path. All methods used identical data divisions and evaluation criteria.

Uncertainty sampling [29] and conventional prioritized replay [30] were retained as
basic controls. Five stronger controls were further evaluated on TCP: hard-example min-
ing, curriculum learning, risk-aware sampling, DAgger-style aggregation, and propor-
tional prioritized replay. Hard-example mining selected samples with high recent imita-
tion losses; curriculum learning progressively introduced higher-loss samples; risk-aware
sampling used only the calibrated risk score; DAgger-style aggregation added corrective
actions from training-side rollouts without counterfactual attribution; and proportional
replay sampled failures according to normalized imitation loss with importance correc-
tion.

A parameter-matched auxiliary control retained the same adapters and auxiliary-net-
work capacity as TCP + Ours but used uniform sampling, standard imitation supervision,
and no corrective replay. All extended controls used the same initialization, split, 80
epochs, batch size, optimizer steps, and total sample exposure. Sampling- and replay-
based methods also used the same 25% selected-sample quota and 20,000-entry buffer.
The proposed method differs by jointly using multi-branch valuation, learning-progress-
based supervision weights, and counterfactual intervention-validated corrective targets.

4.3. Quantitative Results

The framework was evaluated mainly through closed-loop testing on Bench2Drive,
with NAVSIM used for supplementary non-reactive cross-platform evaluation. Table 2
compares data scales, backbones, and data-utilization strategies. Mini, Base, and Full con-
figurations were evaluated on TCP, while the remaining TCP controls used Full. All ex-
periments used five training seeds. Bench2Drive metrics were averaged over three
matched repetitions per seed, whereas NAVSIM was evaluated once per checkpoint.

For the scale analysis, only the training-data volume changed; the architecture, back-
bone-specific training procedure, routes, and simulator seeds were fixed. TCP + Ours im-
proved Driving Score by 2.3, 2.4, and 2.9 points on Mini, Base, and Full, respectively. Suc-
cess Rate increased by 2.1, 2.5, and 2.4 percentage points, Collision Rate decreased by 1.8,
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2.2, and 2.0 percentage points, and EPDMS increased by 0.8, 1.0, and 1.2 points. Although
the Mini Success Rate and EPDMS differences were not significant after Holm correction,

all metrics improved consistently across scales.

Under Full, TCP + Ours increased Driving Score from 61.8 to 64.7 and Success Rate
from 42.6% to 45.0%, reduced Collision Rate from 18.9% to 16.9%, and increased EPDMS
from 74.6 to 75.8. UniAD gained 0.7 Driving Score points and reduced Collision Rate by
0.7 percentage points. GenAD gained 0.8 Driving Score points and reduced Collision Rate
by 1.0 percentage point. Its EPDMS changed from 78.5 to 78.4, but the difference was not
significant (p = 0.672; 95% CI: [-0.31, 0.11]).

Among matched TCP controls, hard-example mining and curriculum learning

mainly improved driving quality or completion, whereas DAgger-style aggregation and

proportional prioritized replay produced stronger safety gains. Proportional prioritized

replay achieved the lowest Collision Rate, 16.5% versus 16.9%, but the difference was not

significant. The full framework achieved significantly higher Driving Score, Success Rate,

and EPDMS. The parameter-matched control showed no significant improvement, indi-

cating that additional capacity alone does not explain the gains.

Table 2. Quantitative comparison of baselines and the proposed method.

Method

Driving Score

Success Rate

Collision Rate

Holm-Adjusted (p):

EPDMS DS/SR/CR/EPDMS

TCP (Mini)
TCP + Ours (Mini)
TCP (Base)
TCP + Ours (Base)

TCP (Full)
TCP + Uncertainty-
Only Sampling
TCP + Conventional
Priority Replay
TCP + Hard-Example
Mining
TCP + Curriculum
Learning
TCP + Risk-Aware
Sampling
TCP + DAgger-Style
Aggregation
TCP + Proportional
Prioritized Replay
TCP + Parameter-
Matched Control

TCP + Ours (Full)
UniAD
UniAD + Ours
GenAD
GenAD + Ours

55.7 + 0.6 (55.0-56.4)
58.0 + 0.5 (57.4-58.6)
59.2 0.5 (58.6-59.8)
61.6+0.4 (61.1-62.1)
61.8+0.4 (61.3-62.3)
63.0 £ 0.4 (62.5-63.5)

63.6+0.4 (63.1-64.1)
63.7 £ 0.4 (63.2-64.2)
63.5 + 0.4 (63.0-64.0)
63.9 + 0.4 (63.4-64.4)
64.1 + 0.4 (63.6-64.6)
64.2 +0.4 (63.7-64.7)
62.5 + 0.4 (62.0-63.0)

64.7 0.3 (64.3-65.1)
66.9 + 0.4 (66.4-67.4)
67.6 +0.4 (67.1-68.1)
67.5 + 0.4 (67.0-68.0)
68.3 0.5 (67.7-68.9)

36.4+0.7 (35.5-37.3
385+ 0.6 (37.8-39.2

)
)
40.0 + 0.6 (39.3-40.7)
42,5 +0.5 (41.9-43.1)

)

42.6 +0.5 (42.043.2
43.4+0.5 (42.8-44.0)

43.7 +0.5 (43.1-44.3)
44.0 +0.5 (43.4-44.6)
442+ 0.5 (43.6-44.8)
44.1+ 0.5 (43.5-44.7)
444+ 0.5 (43.8-45.0)
44.3 +0.4 (43.8-44.8)
43.0 +0.5 (42.4-43.6)

45.0 + 0.4 (44.5-45.5
48.4+ 0.5 (47.8-49.0

)
)
48,5+ 0.5 (47.9-49.1)
49.3 + 0.4 (48.8-49.8)

)

49.6 + 0.5 (49.0-50.2

243 +0.5 (23.7-24.9)
22.5+0.5 (21.9-23.1)
21.1+0.4 (20.6-21.6)
18.9+0.4 (18.4-19.4)
18.9+0.4 (18.4-19.4)
18.2+0.4 (17.7-18.7)

16.7 £0.4 (16.2-17.2)
17.9 + 0.4 (17.4-18.4)
18.0 + 0.4 (17.5-18.5)
17.6 + 0.4 (17.1-18.1)
16.6 + 0.4 (16.1-17.1)
16.5 + 0.4 (16.0-17.0)
18.5 + 0.4 (18.0-19.0)

16.9+0.3 (16.5-17.3)
15.8£0.3 (15.4-16.2)
15.1£0.3 (14.7-15.5)
16.4+0.3 (16.0-16.8)
15.4 0.3 (15.0-15.8)

0.038/0.061/0.044/0.08
3
0.026/0.039/0.022/0.04
7
0.043/0.081/0.094/0.11
8
0.036/0.074/0.021/0.05
8
0.031/0.052/0.112/0.07
1
0.039/0.038/0.124/0.06
9
0.024/0.046/0.071/0.04
1
0.019/0.033/0.017/0.02
8
0.022/0.029/0.014/0.02
5
0.116/0.184/0.213/0.24
1
0.014/0.028/0.019/0.03
1
0.049/0.624/0.037/0.12
8
0.046/0.214/0.041/0.67
2

71.4+0.3 (71.0-71.8)
72.2+0.3 (71.8-72.6)
73.3+0.3 (72.9-73.7)
743 +0.2 (74.1-74.5)
74.6+0.2 (74.4-74.8)
75.0 +0.2 (74.8-75.2)

75.3 0.2 (75.1-75.5)
75.2 +0.2 (75.0-75.4)
75.2+0.2 (75.0-75.4)
75.4+0.2 (75.2-75.6)
75.5+0.2 (75.3-75.7)
75.5 + 0.2 (75.3-75.7)
74.9 +0.2 (74.7-75.1)

75.8 +0.2 (75.6-76.0)
77.8 0.2 (77.6-78.0)
78.1+0.2 (77.9-78.3)
78.5 +0.2 (78.3-78.7)
78.4 +0.2 (78.2-78.6)

Note: Results are mean + standard deviation over five seeds; parentheses give 95% confidence in-

tervals. Bench2Drive metrics were averaged over three matched repetitions, whereas NAVSIM

EPDMS was evaluated once per checkpoint. Paired t-tests used matched seeds and conditions, with
Holm correction across DS, SR, CR, and EPDMS (a = 0.05). Mini, Base, and Full denote official
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Validation Driving Score

Bench2Drive configurations. Scale comparisons used TCP and TCP + Ours; other TCP controls used
Full. For TCP + Ours versus proportional prioritized replay, adjusted p-values were
0.041/0.047/0.218/0.044. Matched controls used equal training budgets and exposure; sampling and
replay variants used a 25% quota and a 20,000-entry buffer.

Figure 5 presents the validation Driving Score curves on Bench2Drive-Dev10. TCP
showed the clearest improvement, whereas the changes for UniAD and GenAD were less
pronounced. Conventional prioritized replay improved rapidly during the early stages
but exhibited greater subsequent fluctuation. Under the staged schedule described in Sec-
tion 4.1, sample values and distillability weights were refreshed once per epoch, while the
replay buffer was updated every five epochs and fixed between updates. The auxiliary
modules and replay buffer were frozen during the final ten epochs. The validation curves
stabilized after repeated updates without persistent late-stage oscillation, providing em-
pirical evidence of optimization stability rather than a formal convergence guarantee.

(a) TCP (b) UniAD (c) GenAD

11: Alternating updates I Frozen 1} Warm-up 11: Alternating updates

1} Warm-up 1 Alternating updates I Frozen
{fine-taning

0I: Frozen
ine-taning

2 2 2

Validation Driving Score

Validation Driving Score

>

TCP

50 60 70 80 10 20 30 40 50 60 70 80 1 10 20 30 40 50 60 70 80

Epoch Epoch Epoch

s TCP + Priority Replay = UBAD === UniAD +Ours m— GenAD === GenAD +Ours

TCP + Uncertainty-only Sampling == TCP + Ours

Figure 5. Validation Driving Score curves on Bench2Drive-Dev10 for (a) TCP, (b) UniAD, and (c)
GenAD. The staged optimization schedule generally achieves earlier stabilization than the corre-

sponding baselines, with the clearest improvement for TCP.

As shown in Table 3, the proposed method preserves the backbone topology while
adding lightweight auxiliary components, resulting in moderate computational overhead.
These costs arise mainly from data valuation, supervision calibration, and failure replay.
TCP shows limited increases in parameters, training time, and inference latency, while
UniAD and GenAD exhibit similar trends. Overall, the added costs remain limited relative
to the improvements in closed-loop driving and cross-platform evaluation, indicating a
practical trade-off between computational overhead and performance.

Table 3. Training-framework efficiency across representative backbones.

Relative Training Time per

Method Parameters (M) FLOPs (G) Epoch Inference Time (ms)
TCP 31.2 86.4 1.00x 42
TCP + Ours 34.7 91.8 1.12x 45
UniAD 54.6 131.7 1.00x 57
UniAD + Ours 58.1 137.9 1.09x 59
GenAD 61.8 149.2 1.00x 63
GenAD + Ours 64.9 154.8 1.08x 65
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Note: “+Ours” includes the backbone-specific feature adapters and the auxiliary valuation and dis-
tillability networks. The native backbone layers and prediction heads remain unchanged. Parame-
ters and FLOPs refer to the complete training/evaluation graph, while counterfactual attribution is

computed offline.

Table 3 quantifies computational overhead under the fixed experimental data config-
uration and should not be interpreted as a Mini/Base/Full scaling study. Let N denote the
number of training samples, d the stored feature dimension, B the replay-buffer capacity,
and d, the replay-entry dimension. Auxiliary-score refresh requires O(Nd) computa-
tion, while cached feature storage requires O(Nd) memory. Exact k-nearest-neighbor
novelty retrieval has a worst-case cost of 0(N%d), although indexed retrieval can reduce
its practical cost. Replay storage requires 0(Bd,) memory. Because B is capped at 20,000,
replay memory remains bounded as the log pool grows. Although performance was com-
pared across the Mini, Base, and Full training configurations, training time, memory con-
sumption, and auxiliary-processing cost were not systematically measured as the log-pool
size increased. The results therefore support performance consistency across the evalu-
ated data configurations but do not establish empirical computational scalability.

4.4. Scenario-Specific and Qualitative Results

To complement the aggregate metrics, the frozen Bench2Drive episodes were
grouped into unprotected turns, pedestrian and vulnerable road user (VRU) interactions,
construction zones, adverse weather, and rare multi-agent interactions. Panel A of Table
4 reports scenario-specific Success Rate and Collision Rate, while Panel B summarizes four
failure categories. TCP + Ours improved both metrics across all categories, with larger
gains in unprotected turns and pedestrian/VRU interactions and a smaller gain under ad-
verse weather.

Table 4. Scenario-specific performance, failure categories, and realistic robustness evaluation.

Panel A. Scenario-specific closed-loop results

TCP Success Rate TCP + Ours Success TCP Collision TCP + Ours

Scenario category Episodes (%) Rate (%) Rate (%)  Collision Rate (%)
Unprotected turns 34 37.8+22 42.6+2.0 22.1+1.7 179+ 1.5
Pedestrian/VRU interactions 28 352+25 408 +2.1 245+19 20.1+1.6
Construction zones 25 39.1+2.3 43.7+2.0 229+1.8 19.4+1.7
Adverse weather 31 36.5+2.4 38.8+2.3 23.8+2.0 219+1.8
Rare multi-agent interactions 22 33.9+27 38.6 2.4 25.7+2.1 225+19
Panel B. Failure-category counts
Failure category TCP TCP + Ours Change (%)
Vehicle collision 28 23 -17.9
Pedestrian/VRU collision 10 8 —20.0
Off-road deviation 19 16 —15.8
Deadlock or route timeout 13 11 —-154

Panel C. Realistic robustness results

Test condition

TCP Driving TCP + Ours Driving TCP Collision TCP + Ours

Score Score Rate (%) Collision Rate (%)
Motion blur 57.6 +0.7 60.1 +0.6 22.7+0.6 20.0+0.5
Partial camera occlusion 56.2 +0.8 58.5+0.7 243 +0.7 22.1+0.6
10% frame dropout 58.9+0.6 61.0+0.5 21.6+0.5 19.3+0.5
Adverse weather/low light 53.9+0.9 55.6 +0.8 26.4+0.8 24.6+0.7

Note: Scenario categories were assigned using benchmark annotations and may overlap when sev-

eral risk factors occur in one episode. Results are mean + standard deviation across five training
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seeds. Failure counts are reported for the same fixed set of matched evaluation episodes used for
both TCP and TCP + Ours. Each episode was evaluated under identical routes, traffic configurations,
and simulator seeds. These counts are descriptive and were not used for statistical significance test-
ing. All tests used frozen models and identical routes, traffic settings, and simulator seeds; evaluated

failures were not reused for training.

Two representative cases from the closed-loop evaluation are shown in Figures 6 and
7. Figure 6 presents a successful case, whereas Figure 7 presents a remaining failure. The
results are consistent with the quantitative analysis: the proposed method better utilizes
complex and failure-critical samples, but its gains vary across high-risk scenarios and do
not eliminate errors under multiple simultaneous risks.

(b) UniAD

Figure 6. Visual results in the unprotected left-turn scenario. (a) TCP: The turn is initiated too early.
(b) UniAD: Insufficient braking. (¢) Our method: The trajectory is more stable and maintains a larger

safety margin.

(a) TCP (b) Ours

Oncoming

vehicle vehicle

Lateral deviation: | |
02lm

Figure 7. Failure cases in the scenario of temporary construction cones on narrow roads. (a) TCP:
Delayed avoidance, with a relatively small distance from the obstacle. (b) Our method: Decelerated
in advance, but still experienced a slight deviation from the road.

Figure 6 presents an unprotected left-turn scenario involving oncoming vehicles,
crossing pedestrians, and partial visual obstruction. The baseline methods either initiate
the turn too early or brake insufficiently, whereas the proposed method maintains a
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Driving Score

smoother trajectory and larger safety margin. The vehicle completes the turn without col-
lision or route deviation. This case is consistent with the unprotected-turn results in Panel
A of Table 4, but does not imply uniform improvement across all critical situations.

Figure 7 shows a narrow-road scenario with temporary construction cones. The pro-
posed method detects the obstacle and decelerates earlier than TCP, maintaining a larger
safety distance. However, it underestimates the required lateral clearance and slightly de-
viates from the road. This result is consistent with the lower construction-zone Collision
Rate in Table 4, while showing that rare or compound conditions can still cause local con-
trol errors.

4.5. Robustness

Robustness was evaluated empirically on Bench2Drive-Dev10, with supplementary
validation on NAVSIM. Besides Gaussian image noise and ego-state perturbations, mo-
tion blur, partial camera occlusion, 10% frame dropout, and an adverse-weather/low-light
shift were tested. Figures 8 and 9 report the original numerical perturbations, while Panel
C of Table 4 reports the additional realistic conditions. Because the framework modifies
data utilization and supervision rather than imposing vehicle-dynamics constraints, it
provides no formal stability or collision-avoidance guarantee.

Figure 8 shows that Driving Score decreases as image noise increases. The proposed
method differs little from TCP under weak noise, but declines more slowly under moder-
ate interference, indicating smaller degradation rather than general noise invariance. Un-
der strong noise, all methods deteriorate substantially, showing that data optimization
cannot recover severely missing perception information.

Figure 9 reports the state-perturbation results. Collision Rate increases for all meth-
ods, but the proposed method remains lower across the evaluated amplitudes. The trend
is not fully linear under medium perturbations, suggesting sensitivity to particular state
errors. At stronger perturbation levels, its task-completion advantage narrows, confirm-
ing that the method reduces but does not remove sensitivity to extreme state deviations.

o
9]

(a) Absolute Driving Score (b) Performance Drop from Clean Input
6 -
5
f=5
e 4<
[a]
2
3
@ 34
2
5
&2
] 4
T T T T 0 " T T T
0 0.005 0.01 0.02 0 0.005 0.01 0.02
Image Noise Std Image Noise Std
-~ TCP TCP+Ours  =@= UniAD -~ TCP &~ TCP+Ours =@ UniAD

Figure 8. Image robustness test of Bench2Drive-Dev10 under Gaussian noise conditions. (a) Driving
Scores at different noise levels. (b) Performance degradation compared to the case without noise

input.
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(a) Collision Rate under state perturbation (b) Success Rate under state perturbation

27.5 8= TCP
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e
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Perturbation amplitude (%) Perturbation amplitude (%)

Figure 9. Robustness under ego-state perturbations on Bench2Drive-Dev10. (a) Collision Rate at

different perturbation amplitudes. (b) Success Rate at different perturbation amplitudes.

Panel C shows that TCP + Ours retained higher Driving Scores and lower Collision
Rates under all four realistic conditions. The Driving Score gains were 2.5, 2.3,2.1, and 1.7
points for motion blur, camera occlusion, frame dropout, and adverse-weather/low-light
shift, respectively. The narrowing gain under the combined domain shift indicates that
data-level mechanisms remain limited when both visibility and illumination deteriorate.

These results can be associated with three components: risk-aware valuation in-
creases exposure to high-risk samples, supervision-calibrated distillation reduces expert—
learner mismatch, and failure attribution replay reinforces failure-critical states. However,
the analysis concerns low-frequency conditions represented in the available benchmark
and does not establish generalization to entirely unseen tail categories. On NAVSIM,
Gaussian noise with a standard deviation of 0.01 reduced EPDMS by 1.3 points for TCP,
0.8 for UniAD, and 0.7 for the proposed method. Overall, the method shows smaller deg-
radation under the evaluated low-to-moderate failures, while its advantage narrows un-
der severe perception loss and domain shift. Therefore, the lower Collision Rate repre-
sents benchmark-specific empirical evidence rather than guaranteed ride safety; deploy-
ment would require an independent safety monitor or fallback controller.

4.6. Ablation Study

To evaluate the contribution of each component, we conducted ablation experiments
using the TCP backbone. Driving Score, Success Rate, and Collision Rate were evaluated
on Bench2Drive, while EPDMS was reported using NAVSIM. Results are presented as
mean + standard deviation over three independent runs. As shown in Table 5, removing
any module degraded at least one metric, indicating that the improvements were not at-
tributable to a single mechanism.

Table 5. Ablation results of different components.

Method Driving Score Success Rate Collision Rate EPDMS

TCP baseline 61.8+0.4 42.6+0.5 189+0.4 74.6+0.2
+Ours (Full) 64.7+0.3 45.0+0.4 16.9+0.3 75.8 £0.2
w/o Data Valuation 63.3+£04 43.8+0.5 17.8+0.4 75.0+0.2
w/o Distillation 63.8+0.3 43.9+0.4 17.6 +0.3 748+0.3
w/o Replay 63.6+0.4 442 +0.4 17.3+0.3 75.1+0.2
Valuation only 63.1+04 43.5+0.5 18.1+04 749+0.2
Distillation only 62.9+0.3 44.0+0.4 182+0.3 74.7+0.2
Replay only 63.0+0.4 43.0+0.5 16.7 +0.4 74.8 +0.2
Valuation + Distillation 64.1+0.4 453 +0.5 17.5+0.3 75.3+0.2
Valuation + Replay 63.9+0.4 442 +0.4 16.6 0.3 75.1+0.2
Distillation + Replay 63.6+0.3 44.0+0.4 17.1+0.3 75.0+0.2
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Removing data valuation reduced the Driving Score from 64.7 to 63.3 and increased
the Collision Rate from 16.9 to 17.8. Removing distillation lowered the Success Rate and
EPDMS to 43.9 and 74.8, while removing replay increased the Collision Rate to 17.3.
Among the single-module variants, valuation alone produced the largest Driving Score
gain, replay alone achieved the lowest Collision Rate, and distillation mainly improved
task completion. Across all ablation variants, valuation plus distillation obtained the high-
est Success Rate, whereas valuation plus replay achieved the lowest Collision Rate. The
full framework achieved the highest Driving Score and EPDMS and provided the most
balanced performance across driving quality, task completion, safety, and cross-platform
evaluation. Thus, the full configuration provides a broader balance among driving qual-
ity, completion, safety, and cross-platform performance.

Table 6 reports the branch-level ablation results obtained by removing each valuation
branch while keeping the architecture, sampling budget, and optimization settings un-
changed.

Table 6. Branch-level ablation results for the data valuation module.

Variant Driving Score Success Rate Collision Rate EPDMS
Full valuation module 64.7£0.3 45.0+04 16.9+0.3 75.8+0.2
wj/o Risk branch 64.8+0.4 444+0.5 17.8+0.4 753 +0.2
w/o Uncertainty branch 64.0+0.3 443 +0.4 17.1+0.3 75.1+0.3
w/o Novelty branch 63.9+0.5 44.6 +0.4 174+04 75.0+0.2
wio Distribution Correc ) 5, 4 452+05 17.2+03 75.2+0.2
tion
Removing the risk branch slightly increased the Driving Score but raised the Colli-
sion Rate, indicating more aggressive behavior. Removing uncertainty reduced the Driv-
ing Score, Success Rate, and EPDMS. Novelty removal caused the largest decreases in
Driving Score and EPDMS, supporting its role in scenario coverage. Removing distribu-
tion correction slightly improved Success Rate but reduced Driving Score and EPDMS.
These distinct degradation patterns support the separate functions of the four branches.
We next examined whether V; was associated with the benefit of adding a sample
group to training. As shown in Table 7, utility generally increased with value, although
the relationship was not strictly monotonic. Equal numbers from each quantile were
added separately to the same base set, with the backbone, initialization, optimization steps,
and total data exposure fixed. The approximate marginal utility was
AD‘S‘q = DS(Dpase U Bq) — DS(Dpase)s (28)
where B, denotes samples from quantile g. The association was measured by
py = Spearman(V,’ ADS,)). (29)
Table 7. Relationship between sample value and approximate marginal closed-loop utility.
Value Quantile Mean V; Added Samples A Driving Score A Success Rate A Collision Rate
Q1 0.17 3000 0.20+0.22 0.11+0.18 -0.08 +0.12
Q2 0.33 3000 0.52+0.24 0.39 £0.21 -0.17 +0.14
Q3 0.49 3000 0.44+0.21 0.57+0.23 -0.24+0.15
Q4 0.66 3000 1.02+0.28 1.08 +0.26 -0.46 +0.17
Q5 0.83 3000 1.18 +0.31 0.96 +0.29 -0.43+0.18

Note: Results are mean + standard deviation over three retraining runs. A negative A Collision Rate

indicates improved safety.
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Utility generally increased with value, although the relationship was not strictly
monotonic. Q3 produced a smaller Driving Score gain than Q2, while Q4 exceeded Q5 in
Success Rate and Collision Rate improvement. Nevertheless, Q4 and Q5 outperformed
lower-value groups overall. The Spearman correlation was p, = 0.90, indicating that V;
generally ranks samples by subsequent training benefit. This is a group-level association
rather than an exact causal estimate for individual samples.

We further validated ¢, through controlled counterfactual replay. Equal numbers of
state—action pairs were selected by random sampling, temporal proximity, risk ranking,
or c;-based ranking. At each position, the recorded action was replaced for one step by
the expert or reference-controller action under identical simulator conditions. Only inter-
ventions that reduced failure cost were retained, and the intervention action was stored
as yf'. Table 8 compares the failure-cost reduction and avoidance rate produced by the
four state—action selection methods.

Table 8. Counterfactual validation of the failure contribution.

State—Action Selection Method Failure Cost Reduction (%) Failure Avoidance Rate (%)
Random historical states 89+1.2 13.1+£1.7
Temporally nearest states 14.6+1.4 21.8£20
Risk-score ranking 17.3+1.5 25.6+£22
Top-ranked by ¢, 21.1+1.6 29.4+23

Note: Results are mean + standard deviation over three replay runs. All methods use equal numbers

of pairs and identical interventions.

The c,-based method achieved the largest cost reduction and avoidance rate. Its ad-
vantage over temporal proximity indicates that ¢, does not merely identify states close
to the failure. The validated actions were used as corrective targets, while failed policy
actions were excluded. However, c, represents a local effect under fixed simulator con-
ditions rather than unrestricted real-world causal responsibility.

Finally, we evaluated whether the sampling safeguards prevented excessive concen-
tration and repeated-failure dominance. Temperature, uniform mixing, priority clipping,
and importance correction were varied under the same TCP backbone and training
budget. Sampling concentration was measured by Neg/N = 1/[N Zi(n}’ )2]. Table 9 re-
ports the sensitivity results for temperature, uniform mixing, priority clipping, and im-
portance correction.

Table 9. Sensitivity of sampling safeguards on Bench2Drive-Dev10.

Setting T Priority Clip €, Bis % Driving Score Collision Rate
Low temperature 0.4 [0.5, 2.0] 0.10 0.5 0.46 63.9+04 17.5+04
Moderate temperature 0.6 [0.5, 2.0] 0.10 0.5 0.58 64.4+0.3 17.1+0.3
Selected setting 0.8 [0.5,2.0] 0.10 0.5 0.69 64.7 + 0.3 169 +£0.3
High temperature 1.0 [0.5,2.0] 0.10 0.5 0.77 64.5+0.4 17.0+0.3
Near-uniform sampling 1.2 [0.5, 2.0] 0.10 0.5 0.83 64.2+0.4 17.2+04
Without uniform mixture 0.8 [0.5, 2.0] 0 0.5 0.52 64.2+04 17.3+04
Without priority clipping 0.8 None 0.10 0.5 0.54 64.0+0.5 17.5+04
Without IS correction 0.8 [0.5,2.0] 0.10 0 0.69 64.4+0.4 17.1+£0.3
Full IS correction 0.8 [0.5, 2.0] 0.10 1.0 0.69 64.3+0.5 172+04

Note: Results are mean + standard deviation over three runs. IS denotes importance sampling.

Low temperature concentrated sampling probability and reduced effective sample
size, whereas high temperature weakened prioritization. Removing uniform mixing or
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clipping also reduced Ngg/N and degraded performance. Partial importance correction
performed better than no or full correction. Therefore, T = 0.8, ¢, = 0.10, clipping to
[0.52.0], and Bis = 0.5 were adopted. Combined with the 25% replay ratio and 10% per-
category buffer cap, these settings preserve diversity and prevent a small group of sam-
ples from dominating training.

5. Discussion

The experimental results support the complementary relationship between model-
centric and data-centric development. Model-centric methods primarily improve the rep-
resentational, predictive, planning, and control capacity of the backbone, whereas the pro-
posed data-centric framework improves the allocation of training samples, the calibration
of supervision, and the reuse of closed-loop failures. The latter cannot compensate for an
inadequate backbone or severe information loss, but it can improve how an existing back-
bone uses the available data. Unlike PARA-Drive [15], which mainly improves perfor-
mance through architectural and computational design, this paper preserves the evalu-
ated backbone structures and modifies their data and supervision processes. The improve-
ments observed for TCP, UniAD, and GenAD therefore indicate that data-centric optimi-
zation can complement different model architectures rather than replace them. The pro-
posed method achieves a relatively balanced trade-off among driving performance, safety,
and cross-platform evaluation.

Further analysis shows that the three modules affect different aspects of training. The
data valuation module primarily improves overall driving performance, while branch-
level ablations and the positive association between V;and closed-loop gains support the
distinct roles of risk, uncertainty, novelty, and distribution correction. The supervision-
calibrated distillation module improves task completion and cross-platform performance
by weighting demonstrations according to independently supervised learning progress.
The Failure Attribution Replay Module mainly contributes to safety. Unlike feedback-
guided behavior-cloning approaches [14], failed trajectories in the proposed framework
undergo controlled counterfactual replay, and only interventions that reduce failure cost
are retained. Their expert or reference-controller actions serve as corrective targets, pre-
venting failed actions from being relearned. Together, the modules provide complemen-
tary mechanisms for sample prioritization, supervision calibration, and corrective replay.

Under the Full configuration, TCP + Ours increased Driving Score from 61.8 to 64.7
and Success Rate from 42.6% to 45.0%, reduced Collision Rate from 18.9% to 16.9%, and
increased EPDMS from 74.6 to 75.8. These gains were accompanied by a 12% increase in
training time per epoch and an inference-latency increase from 42 to 45 ms. Thus, the
framework provides a practical data-level extension to existing backbones, although its
benefits remain dependent on the evaluated datasets and simulation conditions. These
results do not establish the superiority of data-centric learning over model-centric design;
rather, they show that data-level optimization can provide additional gains after the back-
bone architecture and native task losses have been fixed.

The robustness experiments further support this interpretation. The method re-
mained relatively stable under mild and moderate perturbations but degraded under
strong interference. This pattern is consistent with improved data utilization but does not
imply that data-level optimization can compensate for severe information loss. Compared
with VisionPAD [21], which relies on large-scale pre-training and stronger representation
learning, the proposed method adjusts sample importance, calibrates demonstration su-
pervision, and reuses corrected failure-critical samples. Compared with DriveGPT4-V2
[20], which introduces stronger reasoning and language-enhancement modules, the pro-
posed method operates mainly at the data and supervision levels without substantially
changing the policy backbone.
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This method still has several limitations. Performance remains affected under strong
interference, and scenarios involving multiple uncertain factors may still produce local
decision errors. Data optimization and corrective replay cannot cover all situations. More-
over, branch-target construction, uncertainty estimation, nearest-neighbor retrieval, and
counterfactual replay introduce additional training costs. The attribution score c; repre-
sents a local intervention effect under restored simulator states, fixed traffic configurations,
and controlled random seeds; it does not establish unrestricted causal responsibility in
real-world traffic. Its reliability also depends on the expert or reference controller used to
generate Y, 7 Balancing performance gains, replay costs, and deployment efficiency re-
mains necessary. Moreover, the current evaluation does not hold out complete low-fre-
quency scenario categories. Performance improvements were observed across the Mini,
Base, and Full training configurations, showing that the gains were not limited to a single
evaluated data configuration. However, training time, memory consumption, and auxil-
iary-processing cost were not systematically measured as the log-pool size increased. In
addition, complete low-frequency scenario categories were not held out during training.
The current evidence therefore supports performance consistency across the evaluated
data configurations and improved utilization of low-frequency instances within the ob-
served distribution, but it does not establish computational scalability or generalization
to entirely unseen tail categories.

Overall, closed-loop autonomous driving performance depends not only on model
capability but also on how training data are selected, supervised, and fed back. Future
work should examine whether the method remains effective with limited demonstrations.
Further studies should evaluate attribution under broader traffic configurations and sim-
ulator seeds, improve corrective-target generation, and assess whether intervention-vali-
dated replay transfers to real-world driving logs.

6. Conclusions

This study developed a data-centric closed-loop learning framework integrating risk-
aware data valuation, supervision-calibrated distillation, and intervention-validated fail-
ure replay. Its main contribution is not the isolated use of sampling, distillation, or replay,
but their integration into a unified data-utilization loop that determines which samples
should be prioritized, which demonstrations are learnable, and which closed-loop failures
should be reused. Unlike single-signal sampling, fixed or discrepancy-based distillation,
and temporal or loss-prioritized replay, the framework uses independently calibrated val-
uation factors, learning-progress-based supervision, and controlled interventions that re-
tain only failure-reducing corrective actions.

For the Bench2Drive Full configuration, TCP + Ours increased Driving Score from
61.8 to 64.7 and Success Rate from 42.6% to 45.0%, reduced Collision Rate from 18.9% to
16.9%, and improved NAVSIM EPDMS from 74.6 to 75.8. Improvements were also ob-
served with UniAD and GenAD, supporting compatibility across the evaluated back-
bones. Ablation results showed that data valuation mainly improved overall driving per-
formance, distillation supported task completion and cross-platform evaluation, and fail-
ure replay contributed most directly to collision reduction. However, the evidence is lim-
ited to dataset-based and simulation evaluations, provides no formal safety guarantee,
and shows narrower gains under severe perturbations. Future work should examine un-
seen scenarios, real-world driving logs, and integration with independent safety monitors
or model-based fallback controllers.
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Definition

Driving-log input and reference decision output

Decision function, optimal parameters, and imitation loss
Closed-loop state, policy-induced state distribution, and bench-
mark utility
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Fused sample value, valuation weight, and sampling probabil-
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Expert/learner encoders and latent representations

Action discrepancy, distillability score, and distillation weight
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UniAD
GenAD
EPDMS
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DAgger
FLOPs

Learned sampling probability, target probability, and im-
portance coefficient

Predicted distillability, learning-progress target, and normal-
ized weight

Replay buffer, replay priority, and validated corrective target
Marginal Driving Score gain, mean quantile value, and Spear-
man correlation

Definition

Trajectory-guided Control Prediction

Unified Autonomous Driving

Generative End-to-End Autonomous Driving

Extended PDM Score

Driving Score/Success Rate/Collision Rate

Importance sampling

Dataset Aggregation

Floating-point operations
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