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Return (discounted by default) starting from time 𝑡

Suppose that:
•  this trajectory was produced by following a policy 𝜋 

• 𝜋 and the environment transitions 𝑃(𝑠&|𝑠, 𝑎) are both deterministic.



Value Function
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𝑉'(𝑠!) = +𝛾 +𝛾$ +𝛾% +⋯

Then this return is also the “value” of the first state according to the policy
(otherwise value is the expected return, i.e. averaged over many such trajectories)

Suppose that:
•  this trajectory was produced by following a policy 𝜋 

• 𝜋 and the environment transitions 𝑃(𝑠&|𝑠, 𝑎) are both deterministic.



Demoing Bellman Equation for Deterministic System

𝑟! 𝑟!"# 𝑟!"$ 𝑟!"%𝑉'(𝑠!) = +𝛾 +𝛾$ +𝛾% +⋯

𝑉'(𝑠!"#) = 𝑟!"# 𝑟!"$ 𝑟!"%+𝛾 +𝛾$ +𝛾% 𝑟!"(

𝑉'(𝑠!)

(Policy and transitions are both deterministic)

𝑟! +𝛾 𝑉'(𝑠!"#)= Bellman equation is “just” good bookkeeping. 
Value is neither created nor destroyed.



Demoing Bellman Equation for Deterministic System

𝑉'(𝑠!) 𝑟! +𝛾 𝑉'(𝑠!"#)=

When non-deterministic, Bellman Equation for 𝑉'  simply becomes:

𝑉' 𝑠! = 𝔼)!"#	∼+ )%|),. ,.!∼' .|)! 𝑟! + 𝛾𝑉'(𝑠!"#)

When policy is optimal, this produces the special case:

𝑉'∗(𝑠!) 𝑟! +𝛾 𝑉'∗(𝑠!"#)=

𝑉∗(𝑠!) = max
.!

𝑟! + 𝛾𝑉∗	(𝑠!"#)

Exercise: work through this same reasoning for 𝑄 value functions 𝑄(𝑠! , 𝑎!).

(since 𝜋∗ is optimal, it 
must maximize return 
starting from any 𝑠!)



Coming up next
• How to compute 𝑄∗ if we knew the full MDP (𝑆, 𝐴, 𝑃, 𝑅, 𝛾)?

§ “Q-policy and Q-value iteration”. (Also briefly 𝑉-value iteration)

• How to learn 𝑄∗ from experience if we only had (𝑆, 𝐴, 𝛾) and didn’t know 𝑃, 𝑅?
§ “Q learning”, 

§ One of the first RL algorithms that got successfully implemented in deep neural 
networks

§ Closely connected to the Bellman Equation for 𝑄∗ 
§ Still widely used in many domains
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Not RL!



Finding 𝑄∗ & 𝜋∗ in “known 
environments”:

𝑄 Policy Iteration & 𝑄	Value Iteration



how to compute?

usually easy to do

Q-Policy Iteration (Known 𝑷 and 𝑹)

Key Idea: To find 𝑄∗, solve iteratively via dynamic programming

• Start with a random guess, e.g.,𝑄0∗ 𝑠, 𝑎 ← 0 for all states 𝑠 and actions 𝑎
• Iterate (incrementing 𝑖, till convergence):

1. Policy Improvement: 
§ For all 𝑠: Update the guess for 𝜋∗ to be compatible with 𝑄1  
§ 𝜋1 𝑠 ← argmax

.
	𝑄1 𝑠, 𝑎

2. Policy Evaluation:
§ For all 𝑠, 𝑎: Update your guess for 𝑄∗ to be compatible with 𝜋1: 

§ 𝑄1"# 𝑠, 𝑎 ← 𝑄''(𝑠, 𝑎)
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Dealing with Step 2: Q-Policy Evaluation
How do we calculate the 𝑄' 𝑠, 𝑎  for some policy 𝜋(𝑠)?
• Recall, Bellman Equation gives us a rule that all Q functions must obey:

𝑄" 𝑠, 𝑎 = 𝔼#!~%(#!|#,))[𝑅 𝑠, 𝑎, 𝑠+ + 𝛾𝑄" 𝑠′, 𝜋(𝑠+) ]

• Idea: convert the Bellman equation for 𝑸𝝅 𝒔, 𝒂  into an update rule

10

𝑄0' 𝑠, 𝑎 ← 0 (could also be initialized differently)

𝑄3"#' 𝑠, 𝑎 ← 𝔼)%~+()%|),.)[𝑅 𝑠, 𝑎, 𝑠& + 𝛾𝑄3'(𝑠&, 𝜋 𝑠& )]
For all (𝑠, 𝑎)

Lots of theory that explains why the “fixed point” that this recursive update 
procedure converges to is indeed the correct 𝑄'. We will skip this.



Putting it together: Q-Policy Iteration & Q-Value Iteration

• Start with a random guess, e.g.,𝑄0∗ 𝑠, 𝑎 ← 0 for all states 𝑠 and actions 𝑎
• Iterate (incrementing 𝑖, till convergence):

1. Policy Improvement: (For all 𝑠)
§ Compute the corresponding policy 𝜋1∗ 𝑠 ← argmax

.
 𝑄1∗ 𝑠, 𝑎

2. Policy Evaluation: (For all 𝑠, 𝑎)
§ Iterate (incrementing 𝑗, till convergence?):

§𝑄3
''
∗
(𝑠, 𝑎) ← 𝔼)%~+()%|),.)[𝑅 𝑠, 𝑎, 𝑠& + 𝛾𝑄37#

'' (𝑠&, 𝜋1 𝑠& )]
More concise expression for 𝑄-value iteration:

𝑄,-. 𝑠, 𝑎 ← 𝔼#!~%(#!|#,)) 𝑅 𝑠, 𝑎, 𝑠+ + 𝛾max
)!
𝑄,(𝑠+, 𝑎′)

Can also run only a single 
update: “Q value iteration”, 

or just “Q iteration”

Bellman Equation for 
𝑄∗ 𝑠, 𝑎  converted to an 

update rule! 11

𝑄!"# 𝑠, 𝑎 ←3
$%

𝑃(𝑠%|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠% + 𝛾	max
&!
𝑄!(𝑠%, 𝑎′)



Example of Q-Iteration (by default Q-Value Iteration)
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Q-Iteration example
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Store maxQ in each 
cell for easy reference



Q-Iteration example
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Q-Iteration example
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Q-Iteration example
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Q-Iteration example
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Q-Iteration example
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Q-Iteration example
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Q-Iteration example
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Q-Iteration example

0

0

0

0

0

0

0

0

0.09

0.72

0.09

0

-0.09

-0.72

-0.09

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0.8x[0+0]
+ 0.1x[0+0]
+0.1x[0+0]

=0

0 0.9

21



Q-Iteration example
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0 0.9

Store maxQ in each 
cell for easy reference



Q-Iteration example
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Q-Iteration example
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• Information propagates outward from terminal states
• Eventually all states have correct value estimates



Q-Iteration example
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Recap: Q-Value iteration

To find optimal 𝑄 value, given known 𝑃, 𝑅:
• Start with a random guess, e.g.,𝑄0 𝑠, 𝑎 ← 0 for all states 𝑠 and actions 𝑎
• Then repeat till convergence, for all 𝑠, 𝑎:

𝑄1"# 𝑠, 𝑎 ← 𝔼)%~+()%|),.) 𝑅 𝑠, 𝑎, 𝑠& + 𝛾max
.%
𝑄1(𝑠&, 𝑎′)

(Bellman Eq for optimal Q, converted to update rule)

Two extensions:
1. Can also do this to find the optimal 𝑉 value: called 𝑉 value iteration, or 

simply value iteration. 



𝑉 Value Iteration
Finding 𝑉∗ in “known environments”



𝑉-Value Iteration

Fully analogous to the 𝑄 value iteration we have already seen.
Bellman says optimal value functions 𝑉∗(𝑠) should obey:

𝑉∗ 𝑠 = max
.∈<

D
)%∈=

𝑃(𝑠&|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠& + 𝛾𝑉∗(𝑠′)  

Convert to an update rule!
Algorithm:
• Start with 𝑉0 𝑠 = 0 for all states 𝑠
• Iterate the Bellman update until convergence, sweeping over all states 𝑠:

𝑉1"# 𝑠 ← max
.∈<

D
)%∈=

𝑃(𝑠&|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠& + 𝛾𝑉1(𝑠′)  

 



Example: 𝑉- Value Iteration
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Example MDP
g=0.9, living cost=0

V0 V1

0 0

0

0

0

0 0 0

0

0

0 0 0 0

0

0

0

0 0 0

+1

-1

Start with 𝑉= 𝑠 = 0

Based on example by Dan Klein

𝑉"#$ 𝑠 ← max
%∈'

C
(!∈)

𝑃(𝑠*|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠* + 𝛾𝑉"(𝑠′)  



Example: 𝑉- Value Iteration
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Example MDP V1

0 0 0

0

0

0

0 0 0

+1

-1

V2

+1

-1

Based on example by Dan Klein

𝑉> 4,3 ← 1 𝑉> 4,2 ← −1

𝑉"#$ 𝑠 ← max
%∈'

C
(!∈)

𝑃(𝑠*|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠* + 𝛾𝑉"(𝑠′)  

g=0.9, living cost=0



Example: 𝑉- Value Iteration
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Example MDP

g=0.9, living cost=0, 
noise=0.2

V1

0 0 0

0

0

0

0 0 0

+1

-1

V2
Optimal action 
will be “E” (east)

Rewards given when in 
terminal state +1

-1

?0 0 0.72

0

0

0

0 0 0

Based on example by Dan Klein

𝑉> 3,3 ← ∑#!∈@𝑃(𝑠+| 3,3 , 𝐸) 𝑟 3,3 , 𝐸, 𝑠+ + 0.9𝑉,(𝑠′)
← 0.8 0 + 0.9×1 + 0.1 0 + 0.9×0 + 0.1[0 + 0.9×0] = 0.72

𝑉"#$ 𝑠 ← max
%∈'

C
(!∈)

𝑃(𝑠*|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠* + 𝛾𝑉"(𝑠′)  



Example: 𝑉- Value Iteration
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Example MDP

g=0.9, living cost=0, 
noise=0.2

V2

0 0 0.72

0

0

0

0 0 0

+1

-1

V3

Rewards given when in 
terminal state +1

-1

0 0.52 0.78

0

0

0.43

0 0 0

Eventually all states have correct 𝑉∗ estimates. 
What is the relationship between 𝑉∗(𝑠) and 𝑄∗ 𝑠, 𝑎 ?
Answer: 𝑉∗ 𝑠 = max

.
𝑄∗(𝑠, 𝑎)

Based on example by Dan Klein

𝑉"#$ 𝑠 ← max
%∈'

C
(!∈)

𝑃(𝑠*|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠* + 𝛾𝑉"(𝑠′)  



Your Very First RL Algorithm: 
𝑄 Learning

Replacing known transition function 𝑃 and known reward function 𝑅 
with samples from experience



Recap: 𝑸 Value Iteration

To find optimal Q value, given known 𝑃, 𝑅:
• Start with a random guess, e.g.,𝑄0 𝑠, 𝑎 ← 0 for all states 𝑠 and actions 𝑎
• Then repeat till convergence, for all 𝑠, 𝑎:

𝑄1"# 𝑠, 𝑎 ← 𝔼)%~+()%|),.) 𝑅 𝑠, 𝑎, 𝑠& + 𝛾max
.%
𝑄1(𝑠&, 𝑎′)

(Bellman Eq for optimal Q, converted to update rule)

• Two extensions:
1. Can also do this to find the optimal 𝑉 value: called 𝑉 value iteration, or 

simply value iteration. 
2. How about in the absence of known 𝑃, 𝑅 ? (i.e., the reinforcement 

learning setting)



Q Learning

Q-value iteration: 𝑄,-. 𝑠, 𝑎 ← ∑#+𝑃(𝑠+|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠+ + 𝛾	max
)!
𝑄,(𝑠+, 𝑎′)

36

How to extend this to when the functions 𝑃(𝑠&|𝑠, 𝑎) and 𝑅(𝑠, 𝑎, 𝑠&) are 
unknown and only revealed gradually through experience?

Note: Every time you take action 𝑎 from state 𝑠, you get one sample from 
the unknown 𝑃(𝑠&|𝑠, 𝑎) and the corresponding reward 𝑅(𝑠, 𝑎, 𝑠&)



Samples of the full Transition / Reward functions
For example, the full transition function 𝑃(𝑠&|𝑠, 𝑎) might look like:

In RL, if you perform action “N” from state (1,1), you might find out that you 
have ended up back at (1,1). 
- Until you try it, you have no knowledge at all about 𝑃(𝑠&|𝑠 = 1,1 , 𝑎 = 𝑁)
- Even after you try it, you only get a single sample. 

Can’t really do 𝑄1"# 𝑠, 𝑎 ← ∑)&𝑃(𝑠&|𝑠, 𝑎) 𝑅 𝑠, 𝑎, 𝑠& + 𝛾	max
.%
𝑄1(𝑠&, 𝑎′)  as in 

Q value iteration, because we don’t know 𝑃 𝑠& 𝑠, 𝑎  and 𝑅(𝑠, 𝑎, 𝑠&) for all 𝑠′! 
37

(1,1) (1,2) (1,3) (2,1) (2,2) (2,3) (3,1) (3,2) (3,3) (4,1) (4,2) (4,3)

(1,1), N 0.1 0.8 0 0.1 0 0 0 0 0 0 0 0

(1,1), E 0.1 0.1 0 0.8 0 0 0 0 0 0 0 0

(1,1), S 0.9 0 0 0.1 0 0 0 0 0 0 0 0

…



Solution: “Q Learning”

Q-value iteration: 𝑄,-. 𝑠, 𝑎 ← 𝔼#!~%(#!|#,)) 𝑅 𝑠, 𝑎, 𝑠+ + 𝛾max
)!
𝑄,(𝑠+, 𝑎′)

Idea: Treat the single sample you get as a rough estimate of the expectation, 
and apply an incremental update to reduce the “Bellman error”:
• Execute a single action 𝑎 from state 𝑠 and observe 𝑠′ and 𝑅: 

𝑠𝑎𝑚𝑝𝑙𝑒 = 𝑅 + 𝛾max
.%

𝑄IJK 𝑠&, 𝑎&

• Now, compare this sample to the LHS, and apply the incremental update:
𝑄 𝑠, 𝑎 ← 𝑄IJK 𝑠, 𝑎 + 𝛼 𝑅 + 𝛾max

.&
𝑄IJK 𝑠&, 𝑎& − 𝑄IJK(𝑠, 𝑎)

Thus, we can now get the optimal Q from the agent’s trial-and-error 
experience. This is called “Q-Learning”. Q iteration + 1-sample-based 
incremental update.

38

Bellman error



Q-Learning example step

0
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0
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0

0.09

0.78

0.09

0

-0.09

-0.72

-0.09

0

0

0

0

0

-0.72

-0.09

0

-0.09

0

0

0

0

0

0

0

0

0

0

0

0

Current Q=0.09 

Sample 𝑅 + 𝛾max𝑄 = 
0+0.9x0.78 = 0.702

New Q =
0.09+0.1X(0.702-0.09)

= 0.1512 And so on till 
convergence…

𝑄 𝑠, 𝑎 ← 𝑄 𝑠, 𝑎 + 𝛼 𝑅 𝑠, 𝑎, 𝑠′ + 𝛾max
&%

𝑄 𝑠%, 𝑎% − 𝑄(𝑠, 𝑎)

0.90.1
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Suppose we start at this cell, attempt to move north, and end up at same cell

0.1512



Q-Learning example

0.59

0.64

0.53

0.57

0.67

0.74

0.67

0.60

0.77

0.85

0.57

0.66

0.57

-0.60

0.30

0.53

0.48

0.29

0.41

0.40

-0.65

0.13

0.27

0.28

0.40

0.42

0.40

0.43

0.49

0.41

0.44

0.45

0.57

0.51

0.46

0.51

(after 100,000 actions)
𝑄 𝑠, 𝑎 ← 𝑄 𝑠, 𝑎 + 𝛼 𝑅 𝑠, 𝑎, 𝑠′ + 𝛾max

&%
𝑄 𝑠%, 𝑎% − 𝑄(𝑠, 𝑎)

Q Learning works! Recovers the true Q*, even with unknown P, R. 40



Exploration and Exploitation



How to Act During Q-Learning: “Off-policy” vs “On-Policy”

Note that we have said nothing about which actions to sample. 
• You can act any way you want, and as long as you “explore” the environment 

well, Q-Learning will eventually converge to the optimal 𝑄∗(𝑠, 𝑎). 
• This is not true for all RL approaches: many rely on executing actions from the 

current best policy. Those are “on-policy” approaches. 



Exploration vs Exploitation

• What happens if you execute only your current-best policy all the time?
§ Might not explore enough to discover other solutions. 
§ For example, you might never discover a shortcut if you only stick to a 

known route to a target.
• What happens if you only execute random actions all the time?

§ Wasteful. You mainly care about states and actions encountered by the 
optimal policy.

§ For example, if you keep exploring the city randomly, it will take a really 
long time for you to learn any meaningful route to your target.

 
Exploration vs. Exploitation Tradeoff 

43Based on slide by Dan Klein



Some Simple Schemes for Balancing Explore-Exploit
• 𝜖 −greedy:

§ At every state, 
§ With small probability 𝜖, perform a random action
§ Otherwise, follow current best 𝑎∗ = argmax.[𝑄 𝑠, 𝑎 ]

§ Can anneal 𝜖 over time
§ Intuition: should explore more when you know very little about the 

city. After having lots of experience navigating it, there isn’t much 
value to exploration any more.

• Track Visitation Counts:
§ Maintain a running count of the number of times 𝑁(𝑠, 𝑎) that you have 

tried executing 𝑎 from state 𝑠.
§ Select 𝑎∗ = argmax.[𝑄 𝑠, 𝑎 + 1/𝑁(𝑠, 𝑎)], inflating the return of states 

that you have not visited.



Q-Learning and More in HW4

• In HW4, you will implement Q-Learning. 
• Also, you will see an algorithm called “behavior cloning” through which 

sequential decision making problems can be made to look like supervised 
learning problems.
§ Suppose that you had an “expert” who could label each state with the 

optimal action …
§ Not always possible, and has many issues. 
§ When possible, often works surprisingly well.



From here on out: not covered in class

• This material is provided only for your reference, and we will not actively 
test it (unless it is taught through homework or in a future lecture).
• Deep Q Learning
• Real-World Applications Of RL



From Tabular to Deep Q Learning



High-dimensional states example: Pacman

• Let’s say we discover through 
experience that this state is bad:

• In naïve Q-learning, we know nothing 
about this state or its Q states:

• Or even about this one!

48Slide by Dan Klein



Q-Learning

• In many real situations, we cannot possibly learn about every single 
state+action!
§ Too many state-action pairs to visit them all in training
§ Too many state-action pairs to hold the Q-tables in memory

• Instead, we want to generalize:
§ Learn about some small number of training Q-states from experience
§ Generalize that experience to new, similar Q-states
§ This is a fundamental idea in machine learning, and we see it over and 

over again

49Based on slide by Dan Klein



Feature-Based Representations

• Solution: describe a state using a vector of features
§ Features are functions from states to real numbers (often 0/1) that 

capture important properties of the state
§ Example features:

§ Distance to closest ghost
§ Distance to closest dot
§ Number of ghosts
§ 1 / (dist to dot)2

§ Is Pacman in a tunnel? (0/1)
§ …… etc.

§ Can also describe a q-state (s, a) with features 
§ e.g. action moves closer to food

50Based on slide by Dan Klein

As we now do in computer vision/NLP, can we avoid engineering these features?



Predict Q-values with a deep neural network

• Input: the state, e.g. an image
• Output: Q-values of various actions

• Learning: 
 gradient descent* with the squared Bellman error loss:

𝑅 + 𝛾max
)!

𝑄C 𝑠+, 𝑎+ 	− 𝑄C 𝑠, 𝑎
>

As always, the policy action is the one with the highest predicted Q-value

A Neural Network to Predict Q from “Raw” State 
Input

51
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𝑄' 𝑠, 𝑎#
𝑄' 𝑠, 𝑎(

:
:

𝑠



Deep Q-Learning v1

1. take some action ai and observe (si,ai, s0i, ri)
2. yi = ri + �maxa0 Q� (s0i,a

0
i)

3. � �� ↵dQ�(si,ai)
d� (Q� (si,ai)� yi)

<latexit sha1_base64="DJnX0ArsyveA9Cd3LLS4PbLyAJA="></latexit>

Based on slide by Sergey Levine

=
𝑑
𝑑𝜙

𝑄+ − 𝑦"
,

Incremental update step → gradient descent* on the squared Bellman error loss!
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𝑄' 𝑠, 𝑎#
𝑄' 𝑠, 𝑎(

:
:

𝑠

Closely connected to the tabular Q learning update. Hint: if you replace the 
neural network with a Q table, its parameters 𝝓 are just Q value entries? 

Note: we pretend that 𝑦, is a constant while computing the gradient, to resemble regression



Problems with Deep Q-Learning v1

Problems:
1. sequential states are strongly correlated (not i.i.d.)

1. take some action ai and observe (si,ai, s0i, ri)

2. � �� ↵dQ�(si,ai)
d�

⇣
Q� (si,ai)� [ri + �maxa0 Q� (s0i,a

0
i)]
⌘

<latexit sha1_base64="gUYJ+r6tSABBRr0Aujsj4N6sV4U="></latexit>

Based on slide by Sergey Levine 54

So consecutive Q updates drive the network to overfit to 
recently encountered states and forget previous experiences



Addressing Correlations: Experience Replay

• Q-Learning is “off-policy”: we don’t say anything about the specific actions 
that need to be executed, and we don’t need the transitions to be in 
sequence.

• Maintain a “replay buffer” of previous experiences

• Perform Q-updates based on a
sample from the replay buffer

• Advantages:
§ Breaks correlations between consecutive samples
§ Each experience step may influence multiple gradient updates

Based on slide by Sergey Levine

Replay Buffer

FIFO or Priority Queue

𝑠., 𝑎., 𝑟., 𝑠>

𝑠>, 𝑎>, 𝑟>, 𝑠E

𝑠F, 𝑎F, 𝑟F, 𝑠F-.

⋯

55



Deep Q Learning v2 (with replay buffer 𝓓)

𝐾	 = 	1 is common, though larger K may sometimes be more efficient

1. collect dataset {(si,ai, s0i, ri)} using some policy, add it to D
2. Loop K times, do:

3. sample a batch of (si,ai, s0i, ri)’s from D
4. � �� ↵

P
i
dQ�(si,ai)

d�

⇣
Q� (si,ai)� [ri + �maxa0 Q� (s0i,a

0
i)]
⌘

<latexit sha1_base64="C8r4/SY6OxgefSMX0NNXgJlMgWo="></latexit>

Based on slide by Sergey Levine

replay buffer
Q-learning
(off-policy)

𝒔, 𝒂, 𝒔&, 𝑟

𝜋 𝒂 𝒔  (e.g., 𝜖-greedy)

Deep Q Learning v2

56



Problems with Deep Q-Learning v1

Problems:
1. sequential states are strongly correlated (not i.i.d.)
2. Target value is always changing!

1. take some action ai and observe (si,ai, s0i, ri)

2. � �� ↵dQ�(si,ai)
d�

⇣
Q� (si,ai)� [ri + �maxa0 Q� (s0i,a

0
i)]
⌘

<latexit sha1_base64="gUYJ+r6tSABBRr0Aujsj4N6sV4U="></latexit>

Based on slide by Sergey Levine 57



Problem: Moving Target for Q-regression

Problem: Instability (e.g., rapid changes) in Q(·) can cause it to diverge
• Q-learning is not gradient descent on any fixed objective!

no gradient through target value

Solution: use two nets to provide stability
• The Q-network is updated regularly
• The target network is an older version of the Q-

network, updated occasionally 

1. take some action ai and observe (si,ai, s0i, ri)

2. � �� ↵dQ�(si,ai)
d�

⇣
Q� (si,ai)� [ri + �maxa0 Q� (s0i,a

0
i)]
⌘

<latexit sha1_base64="wWSnV9mQj8UdTbnBlsE6mXSMAWI="></latexit>

computed via
target network

computed via
Q-network

⇣
Q�(s, a)�

�
ri + �max

a0
Q�0(s0, a0)

�⌘2

<latexit sha1_base64="ujWXA6kLHVtWjrzbN8Bsk4vJetE="></latexit>

Based on slide by Sergey Levine 58



1. save target network parameters: �0  �
2. collect dataset {(si,ai, s0i, ri)} using some policy, add it to D

3. sample a batch (si,ai, s0i, ri) from D
4. � �� ↵

P
i
dQ�(si,ai)

d� (Q� (si,ai)� [ri + �maxa0 Q�0 (s0i,a
0
i)])

<latexit sha1_base64="dwsVPnJmVsDPGGHkHg/GkwOy05c="></latexit>

Deep Q Learning v3

targets don’t change in inner loop!

supervised 
regression

Deep Q Learning v3

This is the “classic” deep Q Learning algorithm from 2015!* 
*(usually K=1) 

Based on slide by Sergey Levine 59



DQN on Atari Games

Image Sources:
https://towardsdatascience.com/tutorial-double-deep-q-learning-with-dueling-network-architectures-4c1b3fb7f756
https://deepmind.com/blog/going-beyond-average-reinforcement-learning/
https://jaromiru.com/2016/11/07/lets-make-a-dqn-double-learning-and-prioritized-experience-replay/ 60

https://towardsdatascience.com/tutorial-double-deep-q-learning-with-dueling-network-architectures-4c1b3fb7f756
https://deepmind.com/blog/going-beyond-average-reinforcement-learning/


DQN on Atari Games

https://www.youtube.com/watch?v=rQIShnTz1kU 61

https://www.youtube.com/watch?v=rQIShnTz1kU


DQN for Continuous Control (DDPG)

62



Test Bed: Video Games and Board Games

63

Deep Q Learning (2013)

Image: Google via Getty Images

AlphaGo (2016).TD-Gammon (1992).

GT Sophy (2023)



Robotics
Robotics

Open AI Dactyl (2018) Reinforcement Learning for Robust Parameterized 
Locomotion Control of Bipedal Robots, 2022



● Guiness world record in 100 meters by biped robots  (Oregon State University)

● Learned quadrupedal locomotion in challenging environments (ETH Zurich)

● Autonomous Navigation of Stratospheric Balloons (Google AI), blog (was real, just Google canceled the whole project.. sadly..)

● Not yet perching (article), but soon? Just for inspiration..

● Video games; car racing in video games, competing with humans

● Vision-based autonomous drone racing (video, UZH RPG)

● Commanding robots using natural language to perform tasks (SayCan project, Google)

● behavioral cloning/imitation learning (not RL) is doing well with transformers in the kitchen (Google)

● Yet it is not enough to learn to drive well

● Quadruped learns to walk in the park in 20 minutes, model-free (UC Berkeley)

○ More of this

● Still, dexterous manipulation is not easy.. (Berkeley, Meta, UW)

● Visual Navigation (Berkeley)

● In the need for resets (Berkeley)

More RL for Robotics

Credit: Csaba Szepasvari

https://today.oregonstate.edu/news/bipedal-robot-developed-oregon-state-achieves-guinness-world-record-100-meters
https://www.youtube.com/@AgilityRobotics/videos
https://www.youtube.com/watch?v=9j2a1oAHDL8
https://www.nature.com/articles/s41586-020-2939-8.epdf?sharing_token=JYZ0ZlvEivoTq9RkGfWPQtRgN0jAjWel9jnR3ZoTv0Mh-6OgaxBwChMnw6EOI9v07nMOMJGBruSSDc8BFPfwkG1QQ0R-p9CwTuKA6ZO41aQ8e-Y-ffoWrsFX1cztOZfL5cL1mwXL8qU58Plz4GAzu_SLyawhPWS5QV6GieUEDig%3D
https://ai.googleblog.com/2022/02/the-balloon-learning-environment.html
https://www.youtube.com/watch?v=Kd04quryVPI
https://www.nature.com/articles/s41467-022-35356-5
https://www.wired.com/story/sony-ai-drives-race-car-champ/
https://www.gran-turismo.com/us/gran-turismo-sophy/race-together/
https://www.youtube.com/watch?v=nPlGR83bC0Q
https://say-can.github.io/
https://robotics-transformer.github.io/
https://arxiv.org/abs/2212.11419
https://sites.google.com/berkeley.edu/walk-in-the-park
https://sites.google.com/berkeley.edu/fine-tuning-locomotion
https://sites.google.com/view/dexterous-avail/
https://sites.google.com/view/revind
https://architsharma97.github.io/earl_benchmark/overview.html


Subtractive Manufacturing
Microscopy

(steering a microscope to separate molecules)

https://www.science.org/doi/10.1126/sciadv.abb6987

https://www.science.org/doi/10.1126/sciadv.abb6987


Finetuning Conversational Agents

https://openai.com/research/instruction-following

https://openai.com/research/instruction-following


Finetuning Other Pretrained ML Models

• Like ChatGPT, can also use RL to finetune other 
models to maximize some performance score. 

Aside: Why would these models not have been 
trained directly to maximize the performance 
scores in the first place?

https://arxiv.org/pdf/2302.08242.pdf

https://arxiv.org/pdf/2302.08242.pdf


Web Assistants
Web navigation

(e.g. navigating a flight-booking website to make a purchase)

Gur et al 2021, Environment Generation for Zero-Shot Compositional Reinforcement Learning



Real-world applications using RL: Already working

• Applications to algorithms:
§ Video compression on Youtube using nuzero (DeepMind)
§ Faster matrix multiplication (blog, article) (DeepMind)
§ Faster std::sort in the LLVM compiler toolchain, background:, the new 

part (DeepMind) 
§ Chip design applied to Google TPUs (Google AI)

• Industrial automation:
§ Cooling the interior of large commercial buildings (DeepMind), 

(Vector&Telus, prelim)
§ Amazon “deep” inventory management

Credit: Csaba Szepasvari

https://www.deepmind.com/blog/muzeros-first-step-from-research-into-the-real-world
https://www.nature.com/articles/d41586-022-03166-w
https://www.nature.com/articles/s41586-022-05172-4
https://danlark.org/2022/04/20/changing-stdsort-at-googles-scale-and-beyond
https://reviews.llvm.org/D118029
https://reviews.llvm.org/D118029
https://www.nature.com/articles/s41586-021-03544-w
https://arxiv.org/abs/2211.07357
https://www.telus.com/en/about/news-and-events/media-releases/using-ai-for-good-telus-and-vector-institute-partner-to-reduce-climate-impacts-from-data-centres
https://arxiv.org/abs/2210.03137


Real-world applications using RL: In the works
• Control: Nuclear fusion (DeepMind)
• Education (2021 paper)
• Healthcare (2020 survey)
• Power grids: Reinforcement learning for demand response: A review of 

algorithms and modeling techniques José R. Vázquez-Canteli, Z. Nagy
• Recommender systems: https://github.com/google-research/recsim
• Automated stock trading: https://github.com/AI4Finance-LLC/FinRL-Library
• And many other “real-world” applications

§ https://arxiv.org/abs/1904.12901
§ https://arxiv.org/abs/2202.11296
RL is not yet “just working”, but there is hope. Several important open 
problems with potential for impact in large numbers of applications!

Credit: Csaba Szepasvari

https://www.nature.com/articles/s41586-021-04301-9
https://arxiv.org/pdf/2107.08828.pdf
https://arxiv.org/abs/1908.08796
https://www.semanticscholar.org/paper/648ea87fe7f99ca8ea5090cb1ba40242299ef4c4
https://www.semanticscholar.org/paper/648ea87fe7f99ca8ea5090cb1ba40242299ef4c4
https://github.com/google-research/recsim
https://github.com/AI4Finance-LLC/FinRL-Library
https://arxiv.org/abs/1904.12901
https://arxiv.org/abs/2202.11296


McKinsey HBR



Credit: Yuxi Li


