APPENDIX A. Detailed training procedure
This appendix provides a more detailed description of the three-stage training procedure for lane keeping, speed maintenance and attention allocation. The training conditions and curriculum configurations for each stage were as follows:
A.1 Lane keeping policy
The lane keeping policy was trained first for 800,000 timesteps. During lane-policy training, occlusion was disabled, meaning that both lane and speed beliefs were continuously synchronized with the external state. The attention mode was labeled as Lane and the policy controlled steering only, while longitudinal control was disabled by setting the delta-v command to zero. Speed was sampled per episode from curriculum-defined ranges and then locked for that episode. Speed noise was disabled during lane training to keep TLC dynamics stable. The lane curriculum contained five phases that progressively adjusted the speed range and lane out-of-bounds timeout:
	Phase
	     Speed range
	     Max lane OOB time
	     Timesteps

	I
	     50–60 km/h
	     0.1 s
	     100,000

	II
	     50–60 km/h
	     0.5 s
	     100,000

	III
	     50–60 km/h
	     5.0 s
	     200,000

	IV
	     70–80 km/h
	     4.0 s
	     200,000

	V
	     90–100 km/h
	     3.0 s
	     200,000


A.2 Speed maintenance policy
The speed maintenance policy was trained after the lane policy for 400,000 timesteps. During speed-policy training, occlusion was disabled, meaning that both internal channels were continuously synchronized with the external state. The speed policy observed only speed-related variables and controlled the longitudinal delta-v command, while steering was handled by the environment’s lane-watch controller. This allowed the speed policy to learn longitudinal control without simultaneously learning lateral control. The speed curriculum contained three phases:
	Phase
	     Target speed band
	     Start speed
	     Timesteps

	I
	     60–70 km/h
	     65 km/h
	     100,000

	II
	     80–90 km/h
	     85 km/h
	     100,000

	III
	     100–110 km/h
	     105 km/h
	     200,000



A.3 Attention allocation policy
The attention allocation policy was trained after the lower-level lane and speed policies for 800,000 timesteps. During attention training, occlusion was enabled and the previously trained lower-level policies were loaded and kept frozen. The attention policy selected whether to sample lane information, sample speed information or remain occluded, while the frozen lower-level policies controlled steering and speed based on the current internal beliefs. The attention policy was trained without hill effects using a target speed band of 100–110 km/h and a starting speed of 100 km/h. The frozen lower-level policies received their normal belief-based policy observations, including channel-specific time since the last sample, while the attention policy received TLC risk, speed error and the corresponding time-since-last-sample inputs. The full model used both lower-level policies, although the implementation also supported lane-only and speed-only attention configurations for testing and debugging purposes.














APPENDIX B. Three model policies 
This appendix provides a concise summary of the roles, actions, principal observation inputs and reward objectives of the three model policies.
	Policy
	Action(s)
	Observations (inputs)
	Reward objective

	Lane keeping
	Controls the steering command
	Believed lateral offset, TLC, speed, heading error, offset rate and time since the last lane sample
	Maintain a high believed lateral safety margin and avoid sustained lane departure

	Speed maintenance
	Controls the longitudinal delta-v command
	Believed speed, signed speed error and time since the last speed sample
	Remain within the target-speed band and avoid sustained speed band violations

	Attention allocation
	Selects Lane, Speed or None
	TLC risk, signed speed error and time since the last Lane and Speed samples
	Complete the task while balancing terminal failures, sampling costs and belief–truth divergence (i.e., prediction error)















APPENDIX C. PPO hyperparameters
This appendix provides supplementary hyperparameter values for the trained agents. TensorBoard logging was used for monitoring training. Model checkpoints were saved during attention training to allow recovery if training plateaued or policy performance degraded.
	Hyperparameter
	Lane anD SPEED POLICY
	ATTENTION POLICY                                

	Learning rate
	0.0003
	Linear schedule:
0.0003 → 0.00005

	Rollout steps (n_steps)
	2048
	2048

	Batch size
	64
	128

	Epochs per update
	10
	5

	Discount factor (gamma)
	0.99
	0.99

	GAE parameter (lambda)
	0.95
	0.95

	Clip range
	0.20
	0.15

	Entropy coefficient
	0.005
	0.003

	Value-function coefficient
	0.5
	0.5

	Target KL divergence
	0.02
	0.02

	Maximum gradient norm
	0.5
	0.5


All other PPO and policy-network settings followed the Stable-Baselines3 2.4.1 defaults.
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