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CSCI 5622 Machine Learning 
Reinforcement Learning 

DATE  TOPIC  DUE 
   Peer Feedback Overdue 

Wed, Dec 9  Reinforcement Learning  Peer Feedback Grades 

Fri, Dec 11  ‐‐‐‐‐‐‐‐‐‐  Final Paper Due 

W 16th 4PM  1777 Exposi9on Dr, Room 102  Final PresentaKons 
.. (Dec 16)  Mandatory aBendance & par9cipa9on Ask Ques9ons 

www.RodneyNielsen.com/teaching/CSCI5622‐F09/ 
Instructor: Rodney Nielsen 

Assistant Professor Adjunct, CU Dept. of Computer Science 

Research Assistant Professor, DU, Dept. of Electrical & Computer Engr. 
Research ScienKst, Boulder Language Technologies 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Reinforcement Learning 

•  Control learning 
•  Control policies that choose op#mal acKons 

•  Q‐Learning 
•  Convergence 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Control Learning 

•  Learning to choose acKons: 
•  Robot learning to dock with ba\ery charger, … 
•  Learning opKmal factory machine se^ngs 

•  Learning to play a game like backgammon 

•  Problem characterisKcs 
•  Delayed reward 
•  Opportunity for exploraKon 
•  State may only be parKally observable 

•  Possibly mulK‐task learning from same inputs 
Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Ex: TD‐Gammon 

•  Learn to play backgammon 

•  Immediate reward 
•  Win: +100 

•  Lose: ‐100 
•  Else: 0 

•  Trained by playing 1.5M games against itself 

•  Reached world‐class player status 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Reinforcement Learning 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 

Agent 

Environment 

Action Reward State 

s0 
a0 

r0 
s1 

a1 
r1 

s2 
a2 

r2 

•  Goal: Learn an acKon policy that maximizes 
reward:  r0 + γr1 + γ2r2 + …; 0 ≤ γ < 1 



ML 

Dec‐9‐09  © Rodney D. Nielsen  6 

Reinforcement Learning 

•  Finite set of states, S 
•  Finite set of acKons, A 
•  At Kme, t, the agent observes the state, st in S  

•  Chooses an acKon at in A 
•  Receives the immediate reward rt 

•  With a change of state to st+1 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Markov Decision Processes 

•  Markov assumpKon: st+1=δ(st,at) and rt=r(st,at) 

•  st+1 and rt depend only on the current state 
and acKon 

•  The funcKons δ and r might be 
nondeterminisKc 

•  δ and r are not necessarily known to the agent 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Agent’s Learning Task 

•  Execute acKons in environment, observe, and 
•  Learn acKon policy π : S  A, maximizing  
E[rt + γrt+1 + γ2rt+2 + …], starKng anywhere in S 

•  0 ≤ γ < 1 is the discount factor for future rewards 
•  No training examples of the form <s, a> 

•  Instead, training examlples are <<s, a>, r> 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Value FuncKon 

•  Consider determinisKc worlds 

•  For each possible policy funcKon π, define the 
evaluaKon funcKon Vπ(s) = rt + γrt+1 + γ2rt+2 + … 
= Σi=0..∞ γirt+i 

•  Where the rk are generated by policy π 
starKng at state s 

•  Goal: Learn the opKmal policy π* 
   π* = argmaxπ Vπ(s) 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Rewards 

G 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 

r(s, a) values: immediate reward 

0 100 0 

0 

0 

0 

0 

0 

0 
0 

0 
0 100 

G 
Q(s, a) values 

0 100 90 

81 

81 

72 

90 

81 

81 
90 

72 
81 100 
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Rewards 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 

G 
Q(s, a) values 

0 100 90 

81 

81 

72 

90 

81 

81 
90 

72 
81 100 

G 
V*(s) values 

0 
100 

100 

90 

90 81 
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Rewards 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 

G 
An optimal policy 

V*(s) values 
G 0 

100 

100 

90 

90 81 
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What to Learn 

•  OpKon 1: Vπ* = V* 

•  It could then do a lookahead search to choose 
best acKon from any state s because 
π*(s) = argmaxa [r(s,a) + γV*(δ(s,a))] 

•  Problem: 
•  Works well if agent knows δ : S × A  S and  
r : S × A  R 

•  But when it doesn’t it can’t choose acKons this 
way


Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Q FuncKon 

•  Define a new funcKon similar to V* 
   Q(s,a) = r(s,a) + γV*(δ(s,a)) 

•  If agent learns Q, it can choose opKmal acKon 
even without knowing δ 

π*(s) = argmaxa [r(s,a) + γV*(δ(s,a))] 
π*(s) = argmaxa Q(s,a) 

•  Q is the evaluaKon funcKon the agent will 
learn 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Training Rule to Learn Q 

•  Note Q and V* closely related 
V*(s) = maxa’ Q(s,a’) 

•  Which allows us to write Q recursively as 
Q(st,at) = r(st,at) + γV*(δ(st,at)) 
= r(st,at) + γ maxa’ Q(st+1,a’) 

•  Let Q^ denote learner’s current approximaKon to 
Q. Consider training rule: 

Q^(s,a) = r + γ maxa’ Q^(s’,a’) 
 where s’ is the state resulKng from applying 
acKon a in state s 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Q Learning in DeterminisKc Cases 

•  For each s, a iniKalize table entry Q^(s,a)  0 
•  Observe current state s 
•  Do forever: 

•  Select an acKon a and execute it 
•  Receive immediate reward r 
•  Observe the new state s’ 
•  Update the table entry for Q^(s,a) as follows: 

Q^(s,a)  r + γ maxa’ Q^(s’,a’) 
s  s’ 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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UpdaKng Q  ̂

Q^(s1,aright)  r + γ maxa’ Q^(s2,a’) 
= 0 + 0.9 max {63, 81, 100) = 90 

•  If reward is non‐negaKve, then for all <s,a,n> 
Q^

n+1(s,a) ≥ Q^
n(s,a), and 

0 ≤ Q^
n(s,a) ≤ Q(s,a) 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 

R  G 
100 72 

63 
81 

aright 

R  G 
100 90 

63 
81 
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Convergence 

•  Q^ converges to Q. 

•  The book shows a proof for the case of a 
determinisKc world where we see each <s,a> 
visited infinitely ouen 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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NondeterminisKc Case 

•  What if reward and next state are non‐
determinisKc? 

•  We redefine V, Q by taking expected values 

Vπ(s)  E[rt + γrt+1 + γ2rt+2 + …] 
= E[Σi=0..∞ γirt+i] 

Q(s,a)  E[r(s,a) + γV*(δ(s,a))] 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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NondeterminisKc Case 

•  Q learning generalizes to nondeterminisKc 
worlds 

•  Alter training rule to: 
Q^

n(s,a)  (1‐αn)Q^
n‐1(s,a) + αn[r + maxa’ Q^

n‐1(s’,a’)] 

•  where 
αn = 1 / (1 + visitsn(s,a)) 

•  Can sKll prove convergence of Q^ to Q 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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Temporal Difference (TD) Learning 

•  Q learning: reduce discrepancy between 
successive Q esKmates 

•  One step Kme difference: 
Q(1)(st,at)  rt + γ maxa Q^(st+1,a) 

•  Why not two steps? 
Q(2)(st,at)  rt + γrt+1 + γ2maxa Q^(st+2,a) 

•  Or n? 
Q(n)(st,at)  rt + γrt+1 +…+ γ(n‐1)rt+n‐1 + γnmaxa Q^(st+n,a) 

•  Blend all of these 
Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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TD Learning 

•  Blend all of Kme steps: 
Qλ(st,at)  (1‐λ)[Q(1)(st,at) + λQ(2)(st,at) + λ2Q(3)(st,at) +…] 

= rt + γ[(1‐λ)maxa Q^(st,at) + λQλ(st+1,at+1)] 

•  TD(λ) algorithm uses above training rule 

•  SomeKmes converges faster than Q learning 

•  Converges for learning V* for any 0 ≤ λ ≤ 1 
•  TD‐Gammon used this algorithm 

Adapted from Mitchell http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-20/www/mlbook/ch13.pdf 
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QuesKons 

QuesKons??? 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PresentaKons 

– Wed, Dec 9: Tony & Xinyu 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Projects 

•  Will stay unKl all quesKons are addressed, or 

•  Please make an appointment if you have any 
quesKons at all regarding your project 


