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1. Miller, Tim. Introduction to reinforcement learning. 2024.

• Reward shaping [URL]
2. (Optional) Henderson, Islam, Bachman, Pineau, Precup, 

Meger, “Deep Reinforcement Learning That Matters,” AAAI, 
2018.

Readings
2

https://gibberblot.github.io/rl-notes/single-agent/reward-shaping.html
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Unit 3: Decision Making Under Uncertainty
3

LAB 4: Solve the traveling 
salesman problem 

LAB 3: Build an AI agent 
to optimize traffic 

Cumulative 
diagrams

Numerical 
integration

Deep learning

Deep Q Networks

Q-learning

Value iteration

Markov decision 
processes

Branch-and-bound

Integer 
programs

Modeling 
mathematical 

programs

Time-space 
diagrams

Queueing models

Uncertainty

Poisson process

LAB 1: Build your 
own traffic jam

Sequential 
decision 

problems

LAB 2: Build a queuing 
model for Seattle transit 

Facility dynamics

Discrete event 
simulation

Markov chains

Linear programs

Traffic flow 
theory

Simplex method
Vehicle 

dynamics

Unit 3

Optimizing

Multi-stage
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1. Why is domain knowledge important for RL?

2. Strategies to mitigate RL sensitivity

3. Reward shaping

4. Imitation learning

5. Residual policy learning

6. Learning-guided optimization
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1. Why is domain knowledge important for RL?
a. RL sensitivity

2. Strategies to mitigate RL sensitivity

3. Reward shaping

4. Imitation learning

5. Residual policy learning

6. Learning-guided optimization
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“Does RL work?”
8

[1] Irpan, Alex. "Deep Reinforcement Learning Doesn't Work Yet." 14 Feb. 2018, www.alexirpan.com/2018/02/14/rl-hard.html.

Solver 
Effectiveness 
(performance & 

speed)

Solver Design Cost
(people & compute hours)

Low 
(Automatic)

High 
(Manual)

Off-the-shelf 
deep RL

Deep RL + domain 
knowledge, compute, 

manual trial-and-
error

[1]

Readings: RL Algorithm Evaluation
§ Various other ways that RL is sensitive [Henderson, et al., 2018; 

Engstrom, et al., 2020; Andrychowicz et al., 2021; Adkins, et al., 
2024]

§ RL risks overfitting on benchmarks [Whiteson, et al., 2011]
§ RL empirical design [Patterson, et al., 2023; Jordan, et al., 2024]

http://www.alexirpan.com/2018/02/14/rl-hard.html
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Does deep reinforcement learning work?
9

Yes! Groundbreaking results

[1] Henderson, Islam, Bachman, Pineau, Precup, Meger, “Deep Reinforcement Learning That Matters,” AAAI, 2018.
[2] L. Engstrom et al., “Implementation Matters in Deep Policy Gradients: A Case Study on PPO and TRPO,” ICLR, 2020.
[3] M. Andrychowicz et al., “What matters for on-policy deep actor-critic methods? A large-scale study,” ICLR, 2021.
[4] Jayawardana, Tang, Li, Suo, Wu. “The Impact of Task Underspecification in Evaluating Deep Reinforcement Learning,” NeurIPS, 2022.

No! Not consistently
RL is highly sensitive to… [1-4]
§ Network architecture
§ Inherited codebase
§ Code-level optimizations
§ Domains / Benchmarks
§ Random seed
§ Method hyperparameters
§ MDP specification (observation, 

discount rate, frame skip, etc.)
§ Task variations

Breast cancer screening
[Yala, 2022]

Google Loon

[Bellemare, 2020]

ChatGPT

[OpenAI, 2022, 2024]

AV safety validation

[Feng, 2023]
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Example: Sensitivity of RL to random seeds

Difference is “statistically significant”

Henderson, Islam, Bachman, Pineau, Precup, Meger, Deep Reinforcement Learning That Matters, AAAI Conference on Artificial Intelligence, 2018.
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Example: Sensitivity of RL to network architecture

Henderson, Islam, Bachman, Pineau, Precup, Meger, Deep Reinforcement Learning That Matters, AAAI Conference on Artificial Intelligence, 2018.
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Example: Sensitivity of RL to codebase

Henderson, Islam, Bachman, Pineau, Precup, Meger, Deep Reinforcement Learning That Matters, AAAI Conference on Artificial Intelligence, 2018.
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Summary of my first two years at MIT
13

[1] Wu, Kreidieh, Vinitsky, Bayen, “Emergent behaviors in mixed-autonomy traffic,” in CoRL, 2017.
[2] Wu, Kreidieh, Parvate, Vinitsky, Bayen, “Flow: A modular learning framework for mixed autonomy traffic,” IEEE T-RO, 2021.
[3] Yan, Kreidieh, Vinitsky, Bayen, Wu, “Unified automatic control of vehicular systems with reinforcement learning,” IEEE T-ASE, 2022.

≈10 unsuccessful applications of RL

Success with enough engineering

[1-3]Success during PhD
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Best of Deep RL

Best of Classical

RL non-robustness to task variation
14

[1] Ault, Sharon. “Reinforcement learning benchmarks for traffic signal control.” Advances in Neural Information Processing Systems (NeurIPS), 2021.
[2] Qu*, Valiveru*, Tang, Jayawardana, Freydt, Wu. “What is a Typical Signalized Intersection in a City? A Pipeline for Intersection Data Imputation from OpenStreetMap.” TRB, 2023.
Jayawardana, Tang, Li, Suo, Wu. “The Impact of Task Underspecification in Evaluating Deep Reinforcement Learning.” Advances in Neural Information Processing Systems (NeurIPS), 2022.

Deep RL methods are not robust to 
variations in traffic signal control

Method Relative 
Delay (↓)

Fixed Time 0.82

Max Pressure 0.98

IDQN 1.06

IPPO 1.69

MPLight 1.11

MPLight* 1.49

Dee
p RL

Classical Salt Lake City

164 task variations [2]

RL training 
non-robustness

Worse than fixed time
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RL non-robustness to task variation
15

Jayawardana, Tang, Li, Suo, Wu. “The Impact of Task Underspecification in Evaluating Deep Reinforcement Learning.” Advances in Neural Information Processing Systems (NeurIPS), 2022.
*Reported performance is reproduced from common benchmark task specification.

Similar findings with 
general deep RL methods 

& standard control 
benchmarks

Deep RL methods are not robust to variations in Cartpole 

Deep RL methods are highly sensitive to task variation.

Yet, task variation is everywhere in real applications.
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1. Why is domain knowledge important for RL?

2. Strategies to mitigate RL sensitivity

3. Reward shaping

4. Imitation learning

5. Residual policy learning

6. Learning-guided optimization
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Strategies for handling RL sensitivity
17

§ Prefer using established libraries
• Often less sensitive than rolling your own (when getting started)
• Standardize, standardize, standardize
• Benchmarks
• RL codebases
• Hyperparameter tuners
• …
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Strategies for handling RL sensitivity
18

§ More data
• Large batch sizes
• Train multiple times (same hyperparameters)
• Train with different hyperparameters (hyperparameter tuning)
• Write/use fast vectorized simulators
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Example computation costs (recall Rainbow)
20

Obando-Ceron J. S., Castro P. S. Revisiting Rainbow: Promoting more insightful and inclusive deep reinforcement learning research. ICML, 2021.
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Example computation costs
21

§ 1 TPU ≈ 5-30 GPUs
§ AlphaGo computation for real-time 

game play
• 50 TPUs on Google Cloud
• Searches ~50 moves deep
• ~100,000 positions per second

§ MuZero training cost: ≈220 GPU-years
• (3.8 GPU-years per Atari game) x (57 games)
• “For each board game, we used 16 TPUs for 

training and 1,000 TPUs for self-play. For 
each game in Atari, in the 20 billion frame 
setting we used 8 TPUs for training and 32 
TPUs for self-play.”

Sunnyvale, CA (Image courtesy Dylan Cutler, Google)
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Strategies for handling RL sensitivity
23

§ Don’t make learning harder than it needs to be à Environment 
design

§ Don’t learn decision strategies that are already known à 
Incorporate w/ RL
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1. Why is domain knowledge important for RL?

2. Strategies to mitigate RL sensitivity

3. Reward shaping

4. Imitation learning

5. Residual policy learning

6. Learning-guided optimization
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Environment design
25

Natural places to inject domain knowledge is to consider the 
computational tractability of different modeling choices:

§ State space
§ Action space
§ Horizon
§ Discount
§ Reward function

See Lecture 14



Wu

Reward functions matter
26

§ Example from Robotics 
(MetaWorld Benchmark)

Code: https://github.com/Farama-Foundation/Metaworld/blob/master/metaworld/envs/sawyer_plate_slide_back_side_v3.py 

https://github.com/Farama-Foundation/Metaworld/blob/master/metaworld/envs/sawyer_plate_slide_back_side_v3.py
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Challenge: Naïve reward functions are often sparse
§ Rewards are sparse 

when few state/action 
pairs have non-zero 
rewards.

Adapted from Tim Miller – Introduction to RL, Reward Shaping

27
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Recall: Choosing the right reward function
28

§ How many steps an action influences rewards is also a function of 
the reward definition

Total wait time among all vehicles 
(over 90 minutes)

Instantaneous queue length

Instantaneous throughput

sparse effective 
horizon

dense
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Specifying appropriate rewards is nontrivial
29

§ Unintended consequences 
include pushing bad rewards 
away in time/space or exploiting 
good reward logic:
• Example: Reward average traffic 

speed à Learn to block on-ramp
• Example: Exploit +1 reward for 

lane centering by repeatedly 
uncentering and re-centering

§ Reward hacking is the 
phenomenon where optimizing 
an imperfect proxy reward 
function leads to poor 
performance according to the 
true reward function.

J. Skalse, N. H. R. Howe, D. Krasheninnikov, and D. Krueger, “Defining and Characterizing Reward Hacking.” arXiv, Sep. 26, 2022. doi: 10.48550/arXiv.2209.13085.

https://doi.org/10.48550/arXiv.2209.13085
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Q Learning Algorithm
32

1. Let 𝑄! be any Q-function, 𝑠 be an initial state, 
2. At each iteration 𝑘 = 0, 1, 2, … , 𝐾
• Use 𝑄! to select an action 𝑎 (use 𝜖-greedy)
• Observe next state 𝑠′ and reward 𝑟
• Update Q function: 𝑄!"# 𝑠, 𝑎 = 1 − 𝜂! 𝑄! 𝑠, 𝑎 + 𝜂! 𝑟 + 𝛾max

$!
𝑄! 𝑠%, 𝑎%

• 𝑠 ← 𝑠%
3. Return the greedy policy

𝜋" 𝑠 = argmax
#∈%

𝑄" 𝑠, 𝑎

learning rates 𝜂& ∈ 0, 1 .

= 𝑄! 𝑠, 𝑎 + 𝜂! 𝑟 + 𝛾max
"!

𝑄! 𝑠#, 𝑎# − 𝑄! 𝑠, 𝑎

Temporal difference (TD) error 𝛿"

TD / bootstrap target
Current guess of value



Wu

Reward shaping
§ Q-learning update:

𝑄 𝑠, 𝑎 ← 𝑄 𝑠, 𝑎 + 𝛼 𝑟 + 𝛾max
2'

𝑄 𝑠3, 𝑎3 − 𝑄(𝑠, 𝑎)

§ The approach to reward shaping is not to modify the reward 
function or the received reward r, but to just give some additional 
reward for some actions:

𝑄 𝑠, 𝑎 ← 𝑄 𝑠, 𝑎 + 𝛼 𝑟 + 𝐹 𝑠, 𝑠( + 𝛾max
#&

𝑄 𝑠(, 𝑎( − 𝑄(𝑠, 𝑎)

§ Shaped reward: 𝑟 + 𝐹 𝑠, 𝑠3
§ Reward tuning: even more generally, tuned reward: 𝑟 + 𝐺 𝑠, 𝑎, 𝑠3

Adapted from Tim Miller – Introduction to RL, Reward Shaping

Additional reward

Additional reward

34
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Potential-based Reward Shaping

Adapted from Tim Miller – Introduction to RL, Reward Shaping

36
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Potential-based Reward Shaping

Adapted from Tim Miller – Introduction to RL, Reward Shaping

37
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Example: Winter parking (with ice and potholes)
§ Simple grid world with a goal state (green, desired parking spot) with 
reward (+1),  a “bad state” (red, pothole) with reward (-100), and all other 
states neural (+0).
§ Omnidirectional vehicle (agent) can head in any direction. Actions move 
in the  desired direction with probably 0.8, in one of the perpendicular 
directions with.
§ Taking an action that would bump into a wall leaves agent where it is.

[Source: adapted from Kolter, 2016]

39
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Example -- Potential Reward Shaping for GridWorld

Adapted from Tim Miller – Introduction to RL, Reward Shaping

(1,2) (2,2)

40

state = (x,y)

x

y
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Example -- Potential Reward Shaping for GridWorld

Adapted from Tim Miller – Introduction to RL, Reward Shaping

41
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Example -- Potential Reward Shaping for GridWorld

Adapted from Tim Miller – Introduction to RL, Reward Shaping

42
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Potential-based Reward Shaping for actions
43

§ Potential-based reward shaping extends naturally to action 
information too:

𝐹 𝑠, 𝑠3, 𝑎, 𝑎3 = 𝛾Φ 𝑠3, 𝑎3 −Φ 𝑠, 𝑎
For a potential function Φ(s, a).

§ Example from traffic signal control:
• state-only potential: “shorter queues are better”
• state-action potential: “when queues look like this, serving the east-west 

phase is especially promising”

E. Wiewiora, G. W. Cottrell, and C. Elkan, “Principled methods for advising reinforcement learning agents,” in Proceedings of the 20th international conference on machine learning (ICML), 2003.
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Reward shaping demo [URL]
44

https://colab.research.google.com/github/cathywu/rl-notes/blob/master/demos/Reward_Shaping_Demo_Colab.ipynb
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1. Why is domain knowledge important for RL?

2. Strategies to mitigate RL sensitivity

3. Reward shaping

4. Imitation learning

5. Residual policy learning

6. Learning-guided optimization
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Forms of domain knowledge
48

§ Expert demonstration data 𝜏4 = 𝑠4, 𝑎4, 𝑠5, 𝑎5, …
• Example: Decision logs from a train dispatcher
• Incorporate using: Imitation learning + RL fine-tuning

§ Decision rule 𝜋4: 𝑆 → 𝐴 or 𝜋4: 𝑆×𝐴 → [0,1]
• Example: Intelligent Driver Model
• Incorporate using: Residual policy learning

§ Solver 𝑓4:ℳ → (𝑎4, 𝑎5, … )
• Example: Search algorithm for coordinating multiple vehicles in a warehouse
• Incorporate using: Learning-guided optimization



Wu

Imitation learning + RL fine-tuning
49

1. Collect expert demonstration data
𝒟 = 𝜏 6

675
8
, 𝜏(6) = (𝑠4, 𝑎4, 𝑠5, 𝑎5, … )

2. First train 𝜋;  by behavior cloning

min
;

E
<,2 ∼𝒟

ℓ 𝜋; 𝑎|𝑠 , 𝑎

for loss function ℓ: squared error (continuous actions), cross-entropy (discrete actions)
• This gives a good initial policy but may suffer from compounding error

3. Then fine-tune with RL to improve long-horizon return
• Initialize RL training with 𝜋)
• Faster and more stable than training from scratch (random initialization)
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Loss functions
50

§ Squared error (continuous actions)

ℓ 𝜋; 𝑎|𝑠 , 𝑎 =
1
2
𝜋; 𝑎|𝑠 − 𝑎 @

where 𝜋) 𝑎|𝑠  is the predicted action and 𝑎 is the expert action

§ Cross-entropy (discrete actions)
ℓ 𝜋; 𝑎|𝑠 , 𝑎 = − log 𝜋; 𝑎|𝑠

where 𝜋) 𝑎|𝑠  is the probability the policy assigns to expert action 𝑎
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1. Why is domain knowledge important for RL?

2. Strategies to mitigate RL sensitivity

3. Reward shaping

4. Imitation learning

5. Residual policy learning

6. Learning-guided optimization



Wu

Residual policy learning
53

§ Example: Suppose your goal is to solve a cooperative driving control 
problem

§ Observation: Many decision rules exist or are easy to define (e.g., IDM), 
albeit simplistic. 

§ Method: Residual policy learning can be leveraged to make use of those 
policies with a learned policy for error correction [1,2]. 

[1] Silver et al. Residual policy learning, 2018
[2] Johannink et al. Residual reinforcement learning for robot control. International Conference on Robotics and Automation (ICRA), 2019

𝜋 ∗ 𝑠, 𝑐Objective: Reduce emissions 
and smooth traffic

Longitudinal 
acceleration 

action to execute nominal action residual action
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Residual policy learning for task variations
54

V. Jayawardana, S. Li, C. Wu, Y. Farid, and K. Oguchi, “Generalizing Cooperative Eco-driving via Multi-residual Task Learning,” in ICRA, 2024. doi: 10.1109/ICRA57147.2024.10610586.
V. Jayawardana, S. Li, Y. Farid, and C. Wu, “Multi-residual Mixture of Experts Learning for Cooperative Control in Multi-vehicle Systems,” arXiv. doi: 10.48550/arXiv.2507.09836.

Extend residual policy learning with, 
1. Context conditioning to explicitly account for task variations. 

2. Combine multiple nominal policies in a mixture of experts architecture to account 
for nominal policies that are specialized in subspaces of the task variation space.  

§ Nominal policies:
• GLOSA
• Constant acceleration
• Constant deceleration
• Intelligent Driver Model
• Zero action

https://doi.org/10.1109/ICRA57147.2024.10610586
https://doi.org/10.48550/arXiv.2507.09836
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§ Case study: Eco-driving at 
signalized intersections

§ Extensively studied
• ≈1,200 articles* (2007-

2025)
• Focus: technology (‘how’)

§ Gap: unclear impact
• 2-56% energy/emissions 

[1] and scenarios not 
representative

* Estimated using Google Scholar
[1] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions. Journal of Transportation Engineering, Part A, 2020

57

What’s the policy significance of Intelligent Transportation Systems (ITS)?

Source: Audi

From ‘how to eco-drive’ to ’should we eco-drive’?

(Scenario = task)
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Los Angeles

Key Challenge: Scale
58

V. Jayawardana et al., “Mitigating Metropolitan Carbon Emissions with Dynamic Eco-driving at Scale,” Transportation Research Part C: Emerging Technologies, Apr. 2025.

x Number of scenario cases
(1+ million scenarios)

Complexity of scenarios
(factors that influence emissions)

Physical environment
Humidity, Temperature, Weather 
conditions, Seasonal effects, Aerodynamic 
drag

Fleet composition
Eco-driving adoption rate, Powertrain & fuel 
type, Vehicle model & age, Vehicle load, Air 
conditioning, Vehicle maintenance

Infrastructure & geometry
Road grade, Number of lanes, Turn-lane 
configurations, Lane length, Road surface & quality

Vehicle control
Speed choice, Accelerating / decelerating, 
Idling vs coasting, Lane changing, Route choice

Traffic dynamics
Traffic demand & OD patterns, Traffic signal 
timing, Speed limit, Pedestrians and cyclists, 
Nearby intersections

x multiple cities
x adoption levels
x traffic demand 
x seasons
x weather conditions
x powertrains
1+ million scenarios Φ

4676 Signalized Intersections [1]

Issue: No available off-the-shelf solvers
Approach: Residual policy learning + multi-task RL
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Findings and Policy Implications
59

§ Eco-driving is a high-impact, relatively low cost policy lever that 
complements existing interventions.

V. Jayawardana et al., “Mitigating Metropolitan Carbon Emissions with Dynamic Eco-driving at Scale,” Transportation Research Part C: Emerging Technologies, Apr. 2025.

Emissions impact:
11-22% of 

intersection CO2 
emissions

Near-term potential:
Majority of impact results from a 

minority of drivers and 
intersections

Long-term relevance:
Impact is robust through 2050 
due to fleet impacts & travel 

demand

Throughput increaseEmission reduction Projection through 2050 (LA)
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Learning-guided optimization
61

§ Definition: A solver is a composition of decision operators
𝑓: 𝑋

)#∘)$∘⋯∘)% 𝑌
• Problem instance 𝑋, solution 𝑌, operators 𝑂 ≔ 𝑜& &∈(
• Ex: Gurobi for integer programming, LKH-3 for routing, Prioritized Planning for multi-agent path finding

§ Definition: A learning-guided optimization method is a solver with any ML operators, 
𝑂)* ≔ 𝑜+ 	|	𝑜+ = 𝑜," ≠ ∅

TODO: Check terminology – vs 

Hyperparameters

Instance 𝑋

Algorithm 
configuration

Decomposition
(spatial, 

temporal, 
branching)

Subproblems

Search
(local, population, 

tree, etc.)

Solution 𝑌

Problem 
representation
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RH-PP

Warehouse Simulation Env

Planned PathsObservation

Reward

Environment

Action - Learned 
Priority Order 

Deep RL Model

priority 
orders

Encoder Decoder 
Agent 

embeddings 

Congestion Mitigation in Automated Warehousing
62

H. Zheng, Y. Ma, B. Araki, J. Chen, and C. Wu, “Learning-guided Prioritized Planning for Lifelong Multi-Agent Path Finding in Warehouse Automation,” Journal of Artificial Intelligence Research (JAIR), 2026.

§ Learn priority order of agents 
§ Method: Deep RL-guided 

prioritized planning
§ Result: +20% throughput


