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Topics

- Temporal-difference Learning
« n-step TD

- Planning



Temporal-difference learning

Bootstrap method (update value estimates from other value estimates)

Os
On-policy prediction: 9
V(8) + V(8) + a[R+ V(S — V(s)] 5
Policy control:
Sarsa: Téﬁf\f
Q(S;, As) + Q(S:, Ay) + a[Rerq + — Q(St, Ar)] ¢ A,

. et Cet)
Q-learning: /1&\:
Q(StaAt) < Q(StaAt) _|_a[Rt—|—1 + Y — Q(StaAt)] o RSL,AJC

€1\
Expected Sarsa: /ik“‘

Q(St, Ar) < Q(St, Ar) + a|Ripq + 7y — Q(St, Ar)]



Maximization bias

max Q(9', a) overestimates the max Q value
a

Solution:
Keep two Qs whose estimates are independent: Q;, Q-

Unbiased estimate of max Q value:
Q1(5", argmaz,Q2(S,a))

or.

Q2 (S, argmaz,Q1(5',a))



Double Q-learning, for estimating ()1 ~ ()2 =~ ¢.

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q1(s,a) and Q2(s,a), for all s € 8T, a € A(s), such that Q(terminal,-) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using the policy e-greedy in Q1 + Q2

Take action A, observe R, S’
With 0.5 probabilility:

Q1(S, A) < Q,(S, A) + a(R + Q2 (S, argmax, Q1(5, a)) — Q1(S. A))
else:

Qo(S, A) — Qs(S, A) + a(R +4Q1 (S, argmax, Qo(S',a)) — Qa (S, A))
S « 5

until S i1s terminal




n-step 1D
n-step TD prediction:

Total reward from ¢t to t + n;:
Gitin = Rey1 + yRepa + ’)’2 Rijg+---+ ’)/n_lRt+n + ’)’nV(St+n)
Update function: V(St) — V(St) + a[Gt:t—l—n — V(St)]




n-step TD for estimating V =~ v,

Input: a policy =

Algorithm parameters: step size a € (0, 1], a positive integer n

Initialize V (s) arbitrarily, for all s € §

All store and access operations (for S; and R;) can take their index mod n + 1

Loop for each episode:
Initialize and store Sy # terminal
T ¢ oo
Loop for t =0,1,2,...:
If t <7, then:
Take an action according to m(-|.S;)
Observe and store the next reward as R;11 and the next state as S;i1
If S;yq is terminal, then 7" <t 41
T+ t—n+1 (7 is the time whose state’s estimate is being updated)
It r>0:

G — Zzn:l:lf:;‘n,’r) ,y’i—T—lRi
Ifr+n< T, then: G+ G + ’YnV(ST+n) (G’r:'r—l—n)
V(S;) < V(S;)+alG—-V(S;)]

Until =T —1




LA, Qf’e,Ae
p TD control ﬁ%;;;;‘ %

94.4/\

Gty . Total reward from time ¢tto ¢t +n (%‘fﬁ?”" N

arsa: Avin

Riv1 +YRii2 + Y Regs + -+ ¥ Ryyn +9"

xpected Sarsa:
: Rt—l—l -+ 7Rt+2 =+ 'Yth—I—S R o ")’n_lRt_|_n + 'Yn

function for both: Q(S;, A:) < Q(Ss, At) + a[Giitrn — Q(St, Ay))]



n-step Sarsa for estimating () ~ ¢, or ¢,

Initialize (s, a) arbitrarily, for all s € §,a € A

Initialize 7 to be e-greedy with respect to (), or to a fixed given policy

Algorithm parameters: step size a € (0, 1], small € > 0, a positive integer n

All store and access operations (for S¢, A;, and R;) can take their index mod n + 1

Loop for each episode:
Initialize and store Sy # terminal
Select and store an action Ag ~ 7(:|.Sp)

T + oo
Loop for t =0,1,2,...:
If t <T, then:

Take action A;
Observe and store the next reward as R;, 1 and the next state as Sy
If S;yq is terminal, then:
T'+—t+1
else:
Select and store an action A;pq ~ 7(+|Si41)

T+ t—n+1 (7 is the time whose estimate is being updated)
If - >0:

min(7+n,1T") ;—7—
G Ei:Tg—l-i_ | )7 lRi

Ifr7+n<T,then G+ G+Y"Q(Srin,Arin) (Gririn)
Q(S’H AT) — Q(S’T7 A’T) + [G o Q(S’T7 AT)]

If 7 is being learned, then ensure that =« (:|S;) is e-greedy wrt Q)

Until 7 =T —1




n-step Off-policy prediction

min(h,T—1)

B 7(Ag|Sk)
Pt:h — L[t b(Ak|Sk)
V(St) — V(St) A Pt:t+n—1 [Gt:t—l—n — V(St)]




n-step Off-Policy control

Sarsa:

Getrn = Rip1 +yRep2 + ’)’2 Riig+ .-+ ’Yn_lRt+n + ’YnQ (St+n, At—l—n)
Q(St7 At) A Q(Sta At) T APt +1:t+n [Gt:t—l—n o Q(St7 At)]

Expected Sarsa:
Gitin = Rey1 +YRiya + 7 Reys + -+ Riyn +" Z m(alStin)Q(Stin,a)

a

Q(St, At) — Q(St, At) T APt +1:t+n—1 [Gt:t—l—n — Q(Sta At)]



n-step TD: Off-policy Per-decision Methods:
State value

Without control variate:

Gt:h — Pt (Rt+1 =+ ’YGt+1:h)

With control variate:

Gen = pt(Rir1 +YGer1:n) + (1 — pr)V(St)

In both cases:
Ghr.r = V(Sh)
V(St) < V(St) -+ Oé[Gt;t+n — V(St)]



n-step TD: Off-policy Per-decision Methods:
Action value

Without control variate:

Gt:h — Rt—|—1 =+ YPt+1 Gt—l—lzh

With control variate:

Gy = Rt+1 + YPt+1 (Gt—l—lzh — Q(St+1 3 At+1)) + ’YV(SH—l)

where V(s) =Y (als)Q(s,a)



Se,AJ:
Reay
/ oy

Off-Policy learning without importance /é\

sampling: n-step Tree Backup /{4\,
n-step: »

Gitin = Rip1 + 7y Z m(a|Si+1)Q(Sty1,a) + ¥ (Ait1, St+1)Gititin
a# At



n-step Q(o)

A blend between tree-backup and per-decision importance sampling



Types of Models

« Distributional model

- Sample model



What is planning?

model ->(planning) -> policy



Random-sample one-step tabular Q-planning

Loop forever:
1. Select a state, S, and an action A at random

2. Send S, A to a sample model and obtain a sample next reward R, and a
sample next state, S’

3. Apply one-step tabular Q-learning to S, A, R, S’
Q(S,A) « Q(S, 4) + o[R + ymax,Q(S',a) — Q(S, 4)]



Online planning

value/policy

acting
planning direct
RL
model experlence

model
learning



Tabular Dyna-Q Overview

- Direct RL method: one-step tabular Q-learning
- Model-learning method:
- Assumes environment is deterministic

« Table-based

« Given A4;,S5; — Rii1,S5:+1, stores
model[(S;, A¢)] = (Ret1, St41)



Tabular Dyna-Q Algorithm

Initialize Q(s,a) and Model(s, a) for all a, s
Loop forever:
1. S < current (nonterminal) state
2. A < e — greedy(S, Q)
3. Take action A; observe resultant reward R and state S
4.Q(S,A) + Q(S,A) + a[R + ymax,Q(S’,a) — Q(S, A)]
5. Model(S, A) «+ (R, S") (assumes deterministic envirnoment)
6. Loop repeat n times

S + random previously observed state

A « random action previously taken in S

R, S’ + Model(S, A)

Q(S,A4) + Q(S,4) + a|R + "YmaXaQ(Slv a) —Q(S,4)]



Dyna-Q+: Dyna-Q + heuristics for encouraging

- Provide an implicit reward to exploring stale transitions

Q(S,4)  Q(S, A) + a[R + ky /7(S, A) + ymax,Q(S',a) — Q(S, A)

« Allow actions that had never been tried from a state to be considered in
planning (initial model was that such an action led back to the same state
with a reward of 0)



Sampling

« Uniform
« Prioritized Sweeping

« Trajectory



Monte Carlo Tree Search (MCTS)

Improves the decision that would be made by the rollout policy (or at least no
worse)

Repeat while time remaining starting with current state:

1. Selection: Select a leaf node in the expanded tree

2. Expansion: Expand a child of the leaf node

3. Simulation: Follow rollout-policy from expanded node to simulate complete
episode

4. Backup: Backup action values to nodes in the tree




Selection: choose a leaf node Iin the MCTS tree

Traverse MCTS tree until reach a node with unexpanded children.

Use Upper Confidence Bound for Trees (UCT) to decide most promising child.

g(v): Total simulation reward for node v
n(v): Total number of visits (simulation backups) for node v

UCT(v) = q(v) e \/ logn(:;.(z;rent)



Expansion: expand selected node

If selected node is not terminal, choose an untried action and and create a new
MCTS node for the state that generates



Simulation: rollout starting at expanded node

Monte Carlo simulation using rollout policy until terminal state is reached.

Record total reward.



Backup: backup action values to nodes in the
MCTS tree

Update n(v) and ¢(v) for each node » in the MCTS tree from simulation node up
to root.

Note: If two-player competitive game, adjust reward to reflect who made the
IovVe.

For example, if reward is +1 (player 1 won):

« Forwreached from player 1 move, increment g(v)

« Forwvreached from player 2 move, decrement g(v)



Selecting a final action

Probably don't want exploration term in UCT

. Child with highest 3% or
n(v)

» Child of root with highest N(v)—it's the one that was explored the most so
must have been most promising overall.




