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This supplementary document provides additional qualitative results and experimental data that
further substantiate the conclusions presented in the main paper. Due to the file-size limitations
for supplementary uploads, the complete materials are provided via the following external link:
Supplementary Materials. We also include an extended discussion on the real-world transferability of
the proposed approach.

A Real-World Transferability

The proposed Perception-Guided Self-Supervision (PGS) framework is designed with real-world
applicability as a central objective. This section discusses the transferability of our approach to
real-world autonomous driving systems from both benchmark and algorithmic perspectives.

A.1 Diversity and Realism of the Benchmark

Although our experiments are conducted in simulation, the Bench2Drive (B2D) benchmark provides
unique advantages for evaluating real-world readiness. Unlike open-loop datasets where surrounding
agents remain static and independent of the ego vehicle, B2D employs a fully closed-loop evaluation
protocol that enables bidirectional interactions between the ego vehicle and its environment. This
interactive setup more accurately reflects the operational complexity of real-world driving.

In terms of diversity, B2D encompasses 44 interactive scene categories—such as ParkingExit,
HazardAtSideLane, and ParkedObstacleTwoWays—alongside 23 distinct weather conditions, covering
a wide spectrum of traffic patterns and perceptual challenges. Moreover, it explicitly includes scenario
groups involving traffic lights and stop signs, which directly assess a model’s causal understanding
of traffic signals. Such evaluation is critical for diagnosing causal confusion, a common real-world
failure mode where the ego vehicle reacts to other agents instead of regulatory cues (e.g., red lights or
stop signs).

In contrast, datasets like NAVSIM [35]], derived from nuPlan, contain large-scale real-world data
but lack interaction-driven evaluation. Their assessment remains semi-closed-loop at best, since
surrounding agents do not respond to ego actions. Furthermore, NAVSIM does not explicitly test
causal compliance, such as stopping at red lights independently of other agents’ behavior. These
limitations constrain its ability to measure models’ causal reasoning, which is a primary focus of our
work.
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While B2D may exhibit a domain gap in rendering fidelity or sensor modality, its closed-loop protocol
better captures the causal and interactive aspects essential for robust real-world deployment.

A.2 Transferability of the PGS Framework

From an algorithmic standpoint, the PGS framework is inherently simulation-agnostic. It does not
rely on CARLA-specific APIs or handcrafted signals, but instead leverages intermediate outputs from
perception modules—such as lane centerlines and multi-agent trajectory predictions—as auxiliary
supervision. These signals are well-established and have been extensively validated across real-world
datasets.

For instance, lane topology extraction networks (e.g., HDMapNet [8]], CenterLineDet [14]) have
achieved state-of-the-art results on nuScenes, while motion forecasting methods (e.g., HiVT [135],
MultiPath++ [12]], Scene Transformer [[10]) perform robustly across nuScenes [1], Waymo Open [11],
and Argoverse [2]]. Consequently, the supervisory signals used in STPS, MTPS, and NTPS are
directly transferable to real-world platforms equipped with HD maps and prediction modules. The
planning head, trained to align with perception-driven representations, remains compatible with
real-world perception stacks.

A.3 Empirical Evidence from Prior Work

Recent literature further supports the transferability of simulation-trained models to real-world
domains. Two key trends have emerged:

* Open-loop to closed-loop degradation. Methods that achieve strong open-loop perfor-
mance (e.g., VAD [7]], UniAD [6] on nuScenes) often experience substantial degradation
when evaluated in closed-loop settings, necessitating extensive architectural adaptation (e.g.,
VADV2 [3] for CARLA). This highlights the inadequacy of open-loop metrics in predicting
real-world performance.

* Closed-loop to real-world success. Conversely, models validated under closed-loop sim-
ulation frequently demonstrate successful real-world transfer. Notably, TransFuser [4],
originally developed for CARLA, has become a lightweight yet effective baseline in real-
world evaluations such as NAVSIM. Its design principles have been adopted and extended
in recent state-of-the-art frameworks including GoalFlow [13] and WoTE [9], the latter of
which trained on B2D and achieved strong NAVSIM performance without retraining.

These observations collectively indicate that robust closed-loop simulation is a strong predictor of
real-world readiness, especially when the model demonstrates sound causal reasoning and interaction
awareness.
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