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Announcements
Final project:


For tournament: due tonight, must score 100% to be included in the 
tournament.


May 1: final deadline


Complete course evaluation


Check your grades on Canvas
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Learning Outcomes
After today’s lecture, you will:


• Have applied your robotics knowledge to design an autonomous vehicle.


• Have learned about the prediction problem in autonomous driving.


• Be able to compare and contrast modular vs end-to-end approaches to 
autonomous driving.
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Autonomous Driving
Car equipped with sensors:


• Camera


• Lidar


• Radar


• GPS


• IMU


• Proprioception


Standard control interface (steering wheel, accelerator, brake).
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Architecture Choice

https://danieldavenport.medium.com/the-future-of-autonomous-driving-integrating-zero-shot-learning-modular-planning-
and-foundation-6eee5ede1bee
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Modular
Strengths:


1. Decomposition of complex problem into 
well understood sub-parts.


2. Interpretable


3. Debuggable


Weaknesses:


1. Components are tuned in isolation; not as 
one unified whole.


2. Error in one component propagates to the 
next one.
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Perception

https://danieldavenport.medium.com/the-future-of-autonomous-driving-
integrating-zero-shot-learning-modular-planning-and-foundation-6eee5ede1bee
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Localization



Josiah Hanna, University of Wisconsin — Madison

Group Activity: Wisconsin Driving
Design an autonomous driving system that can drive around UW — 
Madison’s campus in a snow storm.


First, discuss how your vehicle will represent and identify state: 


• What variables will be included in your state representation?


• What sensors will you need to identify this state?


• What state estimation techniques do you expect to be useful here?
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Prediction
Given the recent history of other agents, determine 
where they will be at future time instances.


Challenges:


- Need to predict over long time horizons.


- Need to model how other agents will react to one 
another.


- Ambiguity in the state of the world.

PRECOG: PREdiction Conditioned On Goals in Visual Multi-Agent Settings
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Ambiguity in Prediction

Interpretable Goal Recognition in the Presence of Occluded Factors for Autonomous Vehicles
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Prediction via Deep Learning
Collect a dataset of scenes with other agents.


Train a neural network to predict where all agents will go based on where you’ve seen 
them drive so far.


Strengths:


- Scales with data availability.


- Nuanced scene understanding.


Weaknesses:


- Lacks interpretability.

PRECOG: PREdiction Conditioned On Goals in Visual Multi-Agent Settings
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Prediction via Inverse Planning
Assume that agents behave approximately rationally.


Future trajectories are more likely if they match optimal behavior.


Strengths:


- Interpretable.


Weaknesses:


- Sensitive to how optimality is defined.


- Optimality assumption may be strong.

Interpretable Goal Recognition in the Presence of Occluded Factors for Autonomous Vehicles
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Planning
Control is performed over multiple time-scales.


Route planner determines the vehicle’s route.


Motion planner determines an initial path for completing each step of the 
route.


Trajectory optimization provides a smooth and collision-free path.


Trajectory tracking (e.g., PD control) to select final commands.
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End-to-end Approaches
Strengths:


1. The entire system is optimized toward the goal of the system.


2. In theory, more robust to the effect of error propagation.


3. Potentially more robust to misspecified world representations.


Weaknesses:


1. Lacks interpretability, debuggability


2. Difficult to develop: RL is data inefficient (or sim2real gap); imitation learning 
requires labelled data.
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Group Activity: Wisconsin Driving
Design an autonomous driving system that can drive around UW — Madison’s 
campus in a snow storm.


Now, discuss how your vehicle will make decisions:


• Hierarchical planning? End-to-end? Hybrid?


• If hierarchical planning, what levels will you have in the hierarchy.


• If end-to-end, how will you train decision-making?


• For all methods, when will you be confident that decision-making is 
performant?
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Connected Vehicles

https://www.youtube.com/watch?v=4pbAI40dK0A
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Autonomous Driving: where are we?
A lot of progress in the past decade.


Still debate on how close the field is to level 5 autonomy.


https://rodneybrooks.com/predictions-scorecard-2026-january-01/
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Can humans just supervise?
One potential approach is to let the vehicle do most of the driving and just 
let the human intervene as needed.


- Potentially have a person in a call center intervene remotely.


What challenges do you see happening here?
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Summary
Today we covered:


1. Architectures for autonomous driving.


2. Discussed the prediction problem in autonomous driving.


3. Designed systems for autonomous driving.
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Action Items
Final project.


Check your grades.


Course evaluation (email confirmation needed for extra credit).


