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1. Morales, Miguel. Grokking deep reinforcement learning. 
2020. [URL]

• Chapter 8: Introduc&on to value-based deep reinforcement learning.
• Chapter 9: More stable value-based methods

Readings
2

https://www.manning.com/books/grokking-deep-reinforcement-learning
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Unit 3: Machine learning for traffic control
3
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CL3: Build an AI agent to op=mize traffic

Random policy

4
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DP for traffic signal control: challenges

§ Dynamic programming: O(|S|2|A|T) = 2!"×$×4×5400
• Not so efficient L

§ Parts that are (surprisingly) OK
• DP recursion
• Ac&on space usually small

𝑉! 𝑠! = 𝑟! 𝑠!  
for 𝑡 = 𝑇 − 1,… , 0 do
    for 𝑠" ∈ 𝒮" do
        𝑉" 𝑠" = max

#!∈𝒜! &!
𝑟" 𝑠", 𝑎" + 𝔼&!"#∼((⋅|&!,#!) 𝑉"./ 𝑠"./

end for

Long horizon (e.g., 𝑇 = 5400)

Large state space (e.g., 𝑺 = 𝟐𝟖𝟎) Reward sparse (oPen zero)

Updates all states (even impossible/unlikely) 
(Today)

(Today)

(Today)

(Lectures 17-18)

5

Check all next states 
to select next ac&on

(Today)
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Outline

1. Deep Q Networks (DQN)

2. DQN demo

3. Transfer learning

7



Wu

Outline

1. Deep Q Networks (DQN)
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a.k.a. fiEed Q-itera=on with deep neural networks
Main idea: itera&vely minimize an (error) func&on.

min
#
𝑓# 𝑥 = min

#
-
$%&

'

.𝑄# 𝑠$ , 𝑎$ − 𝑅$
(

where	𝑥 = 𝑠$ , 𝑎$ , 𝑅$ $∈ '
and	𝑅$ ≔ 𝑟 𝑠, 𝑎 + 𝛾max

*$
𝑄$ 𝑠+, 𝑎+

Gradient descent algorithm:
1. Pick a star&ng 𝜃&
2. Repeat:

1. Compute descent direc6on: −∇%𝑓% 𝑥
2. Step in the direc6on: 𝜃&'( = 𝜃& − 𝜂∇%𝑓% 𝑥
3. Check if we should stop

Recall (L16)
§ Q-learning update: 

𝑄!"# 𝑠, 𝑎 = 𝑄! 𝑠, 𝑎 + 𝜂! 𝑟 𝑠, 𝑎 + 𝛾max
$!

𝑄! 𝑠%, 𝑎% − 𝑄! 𝑠, 𝑎

∇#𝑓# 𝑥 = 2-
$%&

'

.𝑄# 𝑠$ , 𝑎$ − 𝑅$ ∇# .𝑄# 𝑠$ , 𝑎$

via Backprop

9
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Caveat: Loss with deep neural networks is not convex

10

ImplicaQon: (S)GD might get stuck in local opQma

Loss Landscape Explorer | Explore real loss landscapes of deep learning 
opQmizaQon processes

https://losslandscape.com/explorer
https://losslandscape.com/explorer
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FiXed Q-itera&on

Adapted from Morales, Grokking Deep 
Reinforcement Learning, 2020.

FiEed Q-itera=on (approximate Q-itera=on)
14

Sample batch of 𝑛 
state-ac3ons

Compute TD targets 𝑦! 
for the batch

Solve regression 
problem

Update 𝜃 towards 
solu3on
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FiEed Q-itera=on applied to ATARI Games
15



Wu

S=ll doesn’t quite work. Why?
16

§ Training is not stable.
§ A big reason: the training data is not representa&ve of all state-ac&on pairs.
§ Recall: garbage in, garbage out
• The state-ac6on space is HUGE.
• The RL agent “collects its own data,” wherever it happens to be.
• If that data is bad, then the result is bad too (and can further worsen future collec6on of 

data).
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Solu=on: increase data diversity!
17

§ De-correlates samples
§ Increased diversity in data à less likely 

that the data overall is bad for learning 

Sample batch of 𝑛 
states ac3ons

Compute TD targets 𝑦! 
for the batch

Solve regression 
problem

Update 𝜃 towards 
solu3on

Adapted from Morales, Grokking Deep 
Reinforcement Learning, 2020.

Replay buffer
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Another issue: chasing a moving target
18

Q-itera(on loss using bootstrapped target
§ Itera(on 𝑖	

.𝐿 𝑠":$ , 𝑎":$ , 𝑦":$; 𝜃

=7
%

𝑄& 𝑠% , 𝑎% − 𝑟% − 𝛾max'!
𝑄&" 𝑠%(" , 𝑎

)
*

§ Itera(on 𝑖 + 1
.𝐿 𝑠":$ , 𝑎":$ , 𝑦":$; 𝜃

=7
%

𝑄& 𝑠% , 𝑎% − 𝑟% − 𝛾max'!
𝑄&"#$ 𝑠%(" , 𝑎

)
*

§ Solu(on: change the target slowly 
(e.g., �̅� ← 𝜃	every 1000 steps or �̅�" ← 𝜏𝜃 + (1 − 𝜏) ̅𝜃)

.𝐿 𝑠":$ , 𝑎":$ , 𝑦":$; 𝜃

=7
%

𝑄& 𝑠% , 𝑎% − 𝑟% − 𝛾max'!
𝑄& 𝑠%(" , 𝑎)

*
Adapted from Morales, Grokking Deep 
Reinforcement Learning, 2020.

“Target network”
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DQN algorithm
19

§ Target network 𝑄7$ : introduce a 2nd Q func0on
§ Update it slowly à balance avoiding the moving 

target issue and keeping TD targets accurate

Sample batch of 𝑛 
states ac3ons

Compute TD targets 𝑦! 
for the batch using 𝜃′

Solve regression 
problem

Update 𝜃 towards 
solu3on

Adapted from Morales, Grokking Deep 
Reinforcement Learning, 2020.

Replay buffer

Occasionally update 𝜃) ← 𝜃
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DQN applied to ATARI Games
26
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Image preprocessing: grey-scale, crop to 84x84

DQN – Atari
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State definiQon: 4 last frames

DQN – Atari
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29

DQN – Atari

Q(s, a1)

Q(s, a4)

Q(s, an)

With probability (1 – ε) à execute maxa Q(s,a)
With probability      ε     à execute random ac6on

AcQon-value funcQon: deepNet with as many heads as acQons
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30
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Performance

DQN – Atari
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AblaQon

DQN – Atari
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Outline

1. Deep Q Networks (DQN)

2. DQN demo

3. Transfer learning

34
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Deep RL Demo

35

Link

https://colab.research.google.com/drive/1riWzp-POE9a0g7kZH28-0LaIaJ8vGPsf
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DQN algorithm
36

Sample batch of 𝑛 
states ac3ons

Compute TD targets 𝑦! 
for the batch using 𝜃′

Solve regression 
problem

Update 𝜃 towards 
solu3on

Adapted from Morales, Grokking Deep 
Reinforcement Learning, 2020.

Replay buffer

Occasionally update 𝜃) ← 𝜃
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CL3: Build an AI agent to op=mize traffic
38

DQN + Reward shaping
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Outline

1. Deep Q Networks (DQN)

2. DQN demo

3. Transfer learning

39



Wu

Generaliza=on in RL
§ Now consider a set of intersecQons, 

which may vary across different 
characterisQcs

§ Ex. Speed limit, approach length
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Mixed autonomy can substan1ally boost traffic flow (2016–2022)
41

5-30% CAVs 
à 13-218% 
improvement 

+13%

+120%

+68%

+218%

+25%

Wu, Kreidieh, Vinitsky, Bayen, Emergent behaviors in mixed-autonomy traffic, in 1st Annual Conference on Robot Learning (CoRL), PMLR, 2017.
Wu, Kreidieh, Parvate, Vinitsky, Bayen, Flow: A modular learning framework for mixed autonomy traffic, IEEE Transac:ons on Robo:cs (T-RO), 2021.
Vinitsky, et al. Wu, Bayen. Benchmarks for reinforcement learning in mixed-autonomy traffic, in 2nd Annual Conference on Robot Learning (CoRL), PMLR, 2018.
Yan, Kreidieh, Vinitsky, Bayen, Wu, Unified automaAc control of vehicular systems with reinforcement learning, IEEE Transac:ons on Automa:on Science and Engineering (T-ASE), 2022.
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Consider a variant of mixed autonomy
42

Dynamic eco-driving at signalized intersec&ons

Coarse-grained advisory autonomy

[1] Reducing fuel emissions with innova/ve tech, 2018. hHps://www.eastpoint.co.uk/case-studies/glosa/

https://www.eastpoint.co.uk/case-studies/glosa/
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A cheap way to coordinate vehicles is to give drivers an app
43

Driver advisories: the lowest cost, 
near-term form of autonomy

“Level 0.5”

GLOSA Demo app [1]

[1] Reducing fuel emissions with innova/ve tech, 2018. hHps://www.eastpoint.co.uk/case-studies/glosa/

Level 5Level 0 Level 1 Level 4…
Fully manual Driver assistance Fully autonomousHigh automaAon

https://www.eastpoint.co.uk/case-studies/glosa/
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Traffic op6miza6on with coarse-grained advisory autonomy
44

Velocity-based advisories

Accelera&on-based advisories
Cho, Li, Kim, Wu. Temporal Transfer Learning for Traffic Op3miza3on with Coarse-grained Advisory Autonomy. In prepara/on for T-RO.

Advisory type:
Dynamic 

accelera3on limit
Dynamic 

speed limit
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Non-robustness in coarse-grained advisory autonomy
45

Guidance hold length (sec)

Highway ramp (velocity guidance)

Guidance hold length (sec)

Cho, Li, Kim, Wu. Temporal Transfer Learning for Traffic Op3miza3on with Coarse-grained Advisory Autonomy. In prepara/on for T-RO.

Model highway (accelera3on guidance)

Guidance hold length (sec)

Av
er

ag
e 

ve
lo

ci
ty

 (m
/s

)

(transfer source) Deep reinforcement learning (TRPO)Deep reinforcement learning (TRPO)
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Motivation
Deep reinforcement learning is fragile to small changes in the setting.

• Training RL agents for each setting is computationally expensive and 
unreliable.

Setting: multiple related tasks

1Train 2 3 4 400399398397⋯ ⋯ 

Policy

1Evaluate 2 3 4 400399398397⋯ ⋯ 

𝜋! 𝜋" 𝜋#$! 𝜋#%&  𝜋'()  𝜋'((  𝜋"**  𝜋& 𝜋' 

⋯ 

𝜋#$& 𝜋# 

⋯ 

𝜋'(+  

Expensive!
Poor performance!

Tasks
Tasks
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Key idea
Training is expensive, but evaluation is cheap

Learning for Generalization
• Key observation: RL agents trained on some 

settings perform remarkably well on related 
settings.

• This is called (Zero-shot) Transfer Learning!

• To perform well across all settings, how can we 
strategically select good settings to train on?

Transfer? Improve performance

Transfer learning
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Transfer learning
Use experience from source task when solving a new task

Transfer Learning
• Use pre-trained knowledge from the source task to solve a new task (target task)

[1] S. J. Pan and Q. Yang, “A Survey on Transfer Learning,” IEEE Trans. Knowl. Data Eng., vol. 22, no. 10, pp. 1345–1359, Oct. 2010, doi: 10.1109/TKDE.2009.191.

[1
]
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Transfer learning
Zero-shot transfer – Easy-to-implement and best-performing transfer method

Terminology
• “Shot”: The number of attempts in the target task
• Zero-shot: Just run a policy trained in the source task 
• 1-shot: Try the task once
• Few-shot: Try the task a few times
• Fine-tuning: Train further in the target task

Our focus!

Amended from Berkeley CS285 Lecture 21

𝜋# 
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Transfer learning
Source tasks selection problem

Source tasks selection problem
• Transfer learning is more efficient than training exhaustively.
• Then, how do you determine which task to be the source and target task?

Optimal Suboptimal
Train 9

Policy

Evaluate

87654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 

Exhaustive RL (Train each 
model)

Expensive!

987654321

987654321

𝜋& 𝜋* 

Transfer Learning

Efficient!
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987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 

987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 

6
5

Transfer learning
Sequential source tasks selection problem

Sequential source tasks selection problem
• Aim to sequentially choose the optimal source task that maximizes the estimated aggregate 

performance for multiple target tasks.

Train

Policy

Evaluate

Score:70

987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 
8
0

6
5

987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 
8
0

6
5

Score:70 8
3

8
1

3
7

4
5

1
8

6
3

987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 
8
0

6
5

Score:70 8
3

8
1

3
7

4
5

1
8

6
3

Selected!

Estimation of expected performance Source task selection
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Possible strategies
§ Suppose you have a training budget of, e.g., 𝐾 = 5 se]ngs

§ Random strategy: A basic strategy is to choose randomly!
• Simple, worth trying

§ What’s the best strategy?
• Can’t know without making some assump&ons
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𝛿-./ 𝛿-01

Problem Definitions
Guidance hold duration and performance
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Guidance Hold Duration and Performance

𝛿-./ 𝛿-01

Problem Definitions
Guidance hold duration and performance

• Guidance Hold Duration 𝛿
• Multiple target tasks [𝛿)*+, 𝛿),-]
• Performance 𝐽(𝛿)
• Aggregate performance 𝐴(𝛿)*+, 𝛿),-) or 𝐴
• Source task selected at 𝑘th transfer step: 𝛿.

• Transfer budget: 𝐾
• The policy trained at the task at 𝛿.: 𝜋.
• The performance of policy 𝜋.	evaluated at 𝛿.:  𝐽/,(𝛿.)
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Problem Definitions
Generalization gap and Estimated performance

Generalization Gap
• The generalization gap quantifies the 

expected reduction in performance when a 
policy trained at source task is transferred to 
a target task

𝛿-./ 𝛿-01

source task target task

<latexit sha1_base64="uJcN476FlD8qVffDVZTA1nocFgU=">AAACBXicbZDLSsNAFIYn9VbrLepSF4NFqCAlEW/Loi7EVcXeoAlhMpm2QyeTMDMRSujGja/ixoUibn0Hd76NkzYLrf4w8PGfczhzfj9mVCrL+jIKc/MLi0vF5dLK6tr6hrm51ZJRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7zM6u17IiSNeEONYuKGqM9pj2KktOWZu84VYQrBm4oTZODdHcKcGgeeWbaq1kTwL9g5lEGuumd+OkGEk5BwhRmSsmtbsXJTJBTFjIxLTiJJjPAQ9UlXI0chkW46uWIM97UTwF4k9OMKTtyfEykKpRyFvu4MkRrI2Vpm/lfrJqp37qaUx4kiHE8X9RIGVQSzSGBABcGKjTQgLKj+K8QDJBBWOriSDsGePfkvtI6q9mn15Pa4XLvI4yiCHbAHKsAGZ6AGrkEdNAEGD+AJvIBX49F4Nt6M92lrwchntsEvGR/feHiXSw==</latexit>

�J(�S , �T )
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Problem Definitions
Generalization gap and Estimated performance

Generalization Gap
• The generalization gap quantifies the 

expected reduction in performance when a 
policy trained at source task is transferred to 
a target task

𝛿-./ 𝛿-01

source task target task

Updating estimated performance
• At each iteration 𝑘, the estimated performance 
𝐽.(𝛿) is updated with the best performing policies

𝐽. 𝛿 = 8
𝐽/,(𝛿.)

max(𝐽.0( 𝛿 , 𝐽/, 𝛿. − Δ𝐽(𝛿., 𝛿))
if	𝛿 = 𝛿.
otherwise

<latexit sha1_base64="uJcN476FlD8qVffDVZTA1nocFgU=">AAACBXicbZDLSsNAFIYn9VbrLepSF4NFqCAlEW/Loi7EVcXeoAlhMpm2QyeTMDMRSujGja/ixoUibn0Hd76NkzYLrf4w8PGfczhzfj9mVCrL+jIKc/MLi0vF5dLK6tr6hrm51ZJRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7zM6u17IiSNeEONYuKGqM9pj2KktOWZu84VYQrBm4oTZODdHcKcGgeeWbaq1kTwL9g5lEGuumd+OkGEk5BwhRmSsmtbsXJTJBTFjIxLTiJJjPAQ9UlXI0chkW46uWIM97UTwF4k9OMKTtyfEykKpRyFvu4MkRrI2Vpm/lfrJqp37qaUx4kiHE8X9RIGVQSzSGBABcGKjTQgLKj+K8QDJBBWOriSDsGePfkvtI6q9mn15Pa4XLvI4yiCHbAHKsAGZ6AGrkEdNAEGD+AJvIBX49F4Nt6M92lrwchntsEvGR/feHiXSw==</latexit>

�J(�S , �T )

𝐽2 𝛿
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Problem Definitions
Sequential source tasks selection problem

Sequential source tasks selection problem
• Aim to sequentially choose the optimal guidance hold duration 𝛿. that maximizes the estimated 

performance for multiple target tasks

• For the initial step (𝑘 = 1)

• 𝛿" is selected randomly from the specified range of tasks

• (or select the task that maximizes the 𝐴")

• For each subsequent steps (𝑘 = 2,… , 𝐾)

• 𝛿- is chosen to maximize the aggregated estimated performance 𝐴-

𝛿- = argmax
.
𝐴-

• where 𝐴- = ∫.,-.

.,/0 𝐽- 𝛿 d𝛿.
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Modeling Assumptions
All tasks have same upper bound performance and deterministic training.

Assumption 1: Constant upper bound performance
• The upper bound performance remains constant across 

all guidance hold duration tasks

𝐽/, 𝛿 = 𝐽∗	 ∀𝛿 ∈ [𝛿)*+, 𝛿),-]

Assumption 2: Deterministic training performance
• For any task trained, it always achieve the upper bound 

performance

𝐽/, 𝛿. = 𝐽∗ 𝛿.
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Modeling Assumptions
Linear and identical generalization gap

Assumption 3: Linear generalization gap
• The generalization gap Δ𝐽(𝛿2, 𝛿3) between source task 

and target task is linearly related to the absolute 
difference between 𝛿2 and 𝛿3.

Δ𝐽(𝛿2, 𝛿3) = H
𝜃4 𝛿2 − 𝛿3 , 	 if	𝛿2 ≥ 𝛿3
𝜃5 𝛿3 − 𝛿2 , 	 otherwise

Assumption 4: Identical slope of generalization gap
• The slope of the generalization gap function is identical 

for whether transferring either direction

𝜃4 = 𝜃5

source task
target task

𝜃4 𝜃5
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Possible strategies
§ Suppose you have a training budget of, e.g., 𝐾 = 5 se]ngs

§ Equidistant strategy: Choose evenly spaced se]ngs

𝛿-./
Range of 𝛿

𝛿-01𝛿(𝛿6𝛿7𝛿80(𝛿8

𝛿$ = 𝛿-01 −
𝛿-01 −𝛿-./

2𝐾

<latexit sha1_base64="pbrTBi+I5TdMb2KRSYVNYXSeyj4=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnZ3mTM7OwyMyuEkC/w4kERr36SN//GSbIHTSxoKKq66e4KUsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZIphg2WiES1A6pRcIkNw43AdqqQxoHAVjC8m/qtJ1SaJ/LBjFL0Y9qXPOKMGivVw16p7FbcGcgy8XJShhy1XumrGyYsi1EaJqjWHc9NjT+mynAmcFLsZhpTyoa0jx1LJY1R++PZoRNyapWQRImyJQ2Zqb8nxjTWehQHtjOmZqAXvan4n9fJTHTjj7lMM4OSzRdFmSAmIdOvScgVMiNGllCmuL2VsAFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHyymM8g==</latexit>

d
<latexit sha1_base64="pbrTBi+I5TdMb2KRSYVNYXSeyj4=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnZ3mTM7OwyMyuEkC/w4kERr36SN//GSbIHTSxoKKq66e4KUsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZIphg2WiES1A6pRcIkNw43AdqqQxoHAVjC8m/qtJ1SaJ/LBjFL0Y9qXPOKMGivVw16p7FbcGcgy8XJShhy1XumrGyYsi1EaJqjWHc9NjT+mynAmcFLsZhpTyoa0jx1LJY1R++PZoRNyapWQRImyJQ2Zqb8nxjTWehQHtjOmZqAXvan4n9fJTHTjj7lMM4OSzRdFmSAmIdOvScgVMiNGllCmuL2VsAFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHyymM8g==</latexit>

d
<latexit sha1_base64="pbrTBi+I5TdMb2KRSYVNYXSeyj4=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnZ3mTM7OwyMyuEkC/w4kERr36SN//GSbIHTSxoKKq66e4KUsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZIphg2WiES1A6pRcIkNw43AdqqQxoHAVjC8m/qtJ1SaJ/LBjFL0Y9qXPOKMGivVw16p7FbcGcgy8XJShhy1XumrGyYsi1EaJqjWHc9NjT+mynAmcFLsZhpTyoa0jx1LJY1R++PZoRNyapWQRImyJQ2Zqb8nxjTWehQHtjOmZqAXvan4n9fJTHTjj7lMM4OSzRdFmSAmIdOvScgVMiNGllCmuL2VsAFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHyymM8g==</latexit>

d<latexit sha1_base64="mVVhDlhgXD7dhg6PhU5XIYNgMgA=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiTF17LoxmUF+4A0lMl00g6dzISZiVBCPsONC0Xc+jXu/BunbRbaeuDC4Zx7ufeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtO7mZ+94kqzaR4NNOEBjEeCRYxgo2V/H6kMMmGedbIB9WaW3fnQKvEK0gNCrQG1a/+UJI0psIQjrX2PTcxQYaVYYTTvNJPNU0wmeAR9S0VOKY6yOYn5+jMKkMUSWVLGDRXf09kONZ6Goe2M8ZmrJe9mfif56cmugkyJpLUUEEWi6KUIyPR7H80ZIoSw6eWYKKYvRWRMbYpGJtSxYbgLb+8SjqNundVv3y4qDVvizjKcAKncA4eXEMT7qEFbSAg4Rle4c0xzovz7nwsWktOMXMMf+B8/gCKmJFw</latexit>

d

2

<latexit sha1_base64="mVVhDlhgXD7dhg6PhU5XIYNgMgA=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiTF17LoxmUF+4A0lMl00g6dzISZiVBCPsONC0Xc+jXu/BunbRbaeuDC4Zx7ufeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtO7mZ+94kqzaR4NNOEBjEeCRYxgo2V/H6kMMmGedbIB9WaW3fnQKvEK0gNCrQG1a/+UJI0psIQjrX2PTcxQYaVYYTTvNJPNU0wmeAR9S0VOKY6yOYn5+jMKkMUSWVLGDRXf09kONZ6Goe2M8ZmrJe9mfif56cmugkyJpLUUEEWi6KUIyPR7H80ZIoSw6eWYKKYvRWRMbYpGJtSxYbgLb+8SjqNundVv3y4qDVvizjKcAKncA4eXEMT7qEFbSAg4Rle4c0xzovz7nwsWktOMXMMf+B8/gCKmJFw</latexit>

d

2

<latexit sha1_base64="gn5+2A3UTsc5OgvfQeyMd4tiVjs=">AAACEXicbVDLSsNAFJ34rPUVdelmsAjdWBLxtRGKbgQ3FewDmhAmk0k7dDIJMxOxhPyCG3/FjQtF3Lpz5984bQNq64ELZ865l7n3+AmjUlnWlzE3v7C4tFxaKa+urW9smlvbLRmnApMmjlksOj6ShFFOmooqRjqJICjyGWn7g8uR374jQtKY36phQtwI9TgNKUZKS55ZDc6hEwqEMycgTCEvcyJ0nx/8vCjP8+w698yKVbPGgLPELkgFFGh45qcTxDiNCFeYISm7tpUoN0NCUcxIXnZSSRKEB6hHuppyFBHpZuOLcrivlQCGsdDFFRyrvycyFEk5jHzdGSHVl9PeSPzP66YqPHMzypNUEY4nH4UpgyqGo3hgQAXBig01QVhQvSvEfaTzUTrEsg7Bnj55lrQOa/ZJ7fjmqFK/KOIogV2wB6rABqegDq5AAzQBBg/gCbyAV+PReDbejPdJ65xRzOyAPzA+vgGImZ4i</latexit>

d =
�max � �min

K
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Advanced strategies
§ Suppose you don’t know your training budget (”just don’t blow the 

whole lab budget”)
§ BisecDon strategy: Choose the next se]ng that would increase the 

generalizaQon performance area
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Temporal Transfer Learning Algorithms
Comparison of equidistant and bisection strategies

Summary

Bisec&on strategy Equidistant strategy

Optimal!Anytime

• Equidistant strategy is optimal (given a fixed budget)
• Bisection strategy is gives valid solutions for any budget

Optimal Suboptimal

987654321

987654321

𝜋& 𝜋* 

Efficient!
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Results
System performance of transfer learning algorithms

Ring with acceleration guidance

Demo
(Google Colab)

Highway ramp with acceleration guidance
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Summary  
Experimental results of TTL

If you were to solve multiple tasks, what would you choose?

Optimal Suboptimal

987654321

987654321

𝜋& 𝜋* 

987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 

Exhaustive RL Transfer Learning

• Large sample complexity
• Uncertain training performance
• Ignore task-relatedness

• Efficient computation
• Improved average-case performance
• Consider task-relatedness
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Summary  
Experimental results of transfer learning algorithms

If you were to solve multiple tasks, what would you choose?

Optimal Suboptimal

987654321

987654321

𝜋& 𝜋* 

987654321

987654321

𝜋$ 𝜋% 𝜋& 𝜋' 𝜋( 𝜋) 𝜋* 𝜋+ 𝜋, 

Exhaustive RL Transfer Learning

You only need a few strategically selected settings to train + zero-shot transfer on the rest!
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