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Autonomous Driving Evaluation
From imitation to context-awareness

Developing autonomous driving software requires 
thorough behavior evaluation. Common benchmarks rely 
on: 

- Imitation-Based Metrics (e.g. Displacement Errors)
- Rule-Based & Heuristic Metrics (e.g. EPDMS)

From heuristics to learned context-awareness

Source: Cao et al., "Pseudo-Simulation for Autonomous Driving" 
(CoRL 2025)

Novel approaches achieve context-awareness through 
learned driving critics. 

xCritic focuses on the Progress Dimension to evaluate the 
right amount of Assertiveness in a given scenario.



Flaws of Hand-Crafted 
Progress Evaluation

Incomplete & Context-Blind

Standard benchmarks (EPDMS, PDMS) rely on fixed geometric 
thresholds and composite scores. They penalize contextually 
appropriate maneuvers treating safe flexibility as non-compliance.

Reference Target Coupling

EPDMS computes progress relative to an external reference 
planner with a single baseline: EP = min(1, (dego  / dref  ))



Evaluates single trajectories 
without reference targets (d_ref) 
or paired counterfactual paths, 
enabling scoring of unpaired 
service miles.

Main Contributions 
xCritic: Continuous Scene-Aware Driving Critic

Standalone Scoring Human Calibration

Standardized scalar z ~ N(0, 1) 
directly translates to human 
population percentiles Φ(z), 
making scores globally 
comparable across scenes.

Multimodal Styles

Judges progress relative to 
semantic scene context, 
honoring valid alternative driving 
choices instead of penalizing 
divergence from one human log.

Two-Tailed Diagnosis

Explicitly decouples over-

conservative hesitation (z≪ 0) 
from risky over-assertiveness 

(z≫ 0), unlike one-sided 
progress ratios.

z-value

Density



Main Contributions 
xCritic: Continuous Scene-Aware Driving Critic

Evaluation Paradigm
Context 
Awareness

Multimodal 
Styles

Normalized 
Continuous Score

Directional 
Diagnosis

Standalone 
(No d_ref)

Imitation Metrics Low Low No No No 

Rule-Based Low Low Yes Partial No 

Driving Style Low High No Partial Yes

Preference VLMs High High No Partial No

Rule-Gated VLMs High High No Partial No

xCritic (Ours) High High Yes (z ~ N(0, 1)) Yes (two-tailed) Yes (fully 
standalone)



Model Inputs & Outputs
xCritic Model Architecture

Model Inputs

The model receives a textual scene description, bird's-eye 
view rendering and ego-vehicle states over a fixed time 
horizon

Text

xCritic Model

z-value

Density

z - scalar

Model Outputs

Outputs a scalar z value as assertiveness prediction over 
the next 4 seconds 

- z ≈ 0 (average human assertiveness)
- z ≫ 0 (over-assertive behavior)
- z ≪ 0 (over-conservative behavior)

Ego-state
S1:h



Architecture & Joint Training
xCritic Model Architecture

World Model
Trajectory 
Decoder

Assertiveness 
Encoder

z-value

Summary

Dataset Trajectory

Assertiveness-
Aligned Trajectory

Disengagement 
Stack Trajectory

Hinge-Loss

KL-Loss

Rank-Loss

Conditional Variational Assertiveness Encoder (CVAE): Maps trajectory and 
summary to latent assertiveness z = μ + σε, shaped by batch population loss to 
N(0,1), monotonic rank loss, and negative disengagement hinge loss pushing 
failures to ±2σ.

…



Architecture & Joint Training
xCritic Model Architecture

World Model

Assertiveness 
Encoder

z-value

Scenario Trajectory

z-value

Density

Summary

Conditional Variational Assertiveness Encoder (CVAE): Maps trajectory and 
summary to latent assertiveness z = μ + σε, shaped by batch population loss to 
N(0,1), monotonic rank loss, and negative disengagement hinge loss pushing 
failures to ±2σ.



Loss on Model Output
xCritic Model Architecture

Resimulated 
Disengagements

Batch of Expert 
Human Driving

KL-Loss enforces
zbatch ~ N(0, 1)

z-value

Density

Post-Disengagement 
Expert Trajectory

Post-Disengagement 
Sim Trajectory

Hinge-Loss enforces
zdisengagemement < -2  or
zdisengagemement > +2



Cross-Scenario Separation

0.91
Disengagement AUROC

xCritic Performance Evaluation

Global Standalone Discrimination
The single-trajectory latent magnitude |z| separates real-world disengagements from 

human driving with a 0.91 AUROC across thousands of heterogeneous scenarios.



Undesirable Driving Detection - Precision
xCritic Performance Evaluation

Conservative: Progress Ratio 44.7%

52.1% (+17%)

57.3% (+28%)

Conservative: xCritic

Conservative: xCritic + Ratio Gate

16.7%

27.2% (+63%)

30.2% (+81%)

Assertive: Progress Ratio

Assertive: xCritic

Assertive: xCritic + Ratio Gate



Distributional Behavior Insights
Looking at distance ratio < 0.3 shows clear 
conservativeness for the simulation.

Human Baseline Bias
Human baseline does not always maximize 
progress for high-progress ratios [1]. xCritic 
allows auditing the human baseline itself.

Human and Sim Assertiveness Distribution

[1] DriveCritic: Towards context-aware, human-aligned evaluation for autonomous driving with vision-language models



Identify Out-of-Distribution Behavior

We compare the LOG (human) and SIM distribution 
across roughly 1 million scenarios of 10s length.

Difference of distributions helps identify out of 
distribution groups compared to the baseline. 

Behavioral Target Setting

The distributional difference can be used to set 
behavioral targets towards more human-like 
driving.

Distributional Difference
xCritic: Continuous Scene-Aware Driving Critic



Limitations & Future Work
xCritic: Continuous Scene-Aware Driving Critic

Precision
Improve the precision and close the 
precision gap without baseline 
assertiveness

Reasoning 
Improve introspection e.g. through 
reasoning traces

Complete Driving Evaluation 
Incorporate xCritic's assertiveness signal 
into a more holistic evaluation system

Take a look at our Paper about this work!
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