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Background: AlphaZero

Many recent breakthroughs in artificial intelligence have been driven by the
AlphaZero algorithm, which consists of self-play and NN training:
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AlphaZero’s self-play process remains inefficient

(1) Value labels have high variance, as (2) A few positions exhibit high-uncertainty,

they are derived from a single result.
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but these positions are not further explored.
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(3) When deeper search changes the best move, 79% of

the new best moves come from the top-3 runners-up. 0/8




Uncertainty-Guided Exploration during Self-play

@ main sequence

O branched sequence

O high-uncertainty position
unplayed position

Which move to play? @

How many to branch? @

Where to branch? @

time step
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Label Change Rate (LCR)

Gameresult: Z ~ Bernoulli(w) Gameplays: Z1, ..., 4, Wz

Uncertainty metric: 8 = LCR(s)
For anyindependent plays ¢ #* j ,

0 = 2v(1 — v) for MCTS value v € [0, 1] 4/8



Bayesian Inference

Bayesian view: modelthe LCR 6 as arandom variable.

Labelchange: X =1 7,7

Observeddata: D = {X{, Xo,..., X} where X; ~ Bernoulli(0)
: . o
Prior LCR: E[g] =
a—+ B where 6 ~ Beta(a, 5)
Posterior LCR: a+ S
E0| D| =
[ | ] a+ B+m where 0 | D ~ Beta(a+ 5,8+ m — s)

with S§ observed result changes
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Uncertainty-Guided Branching

Algorithm 1: Uncertainty-Guided Branching

Input: G number of states to collect
9 Output: G ={(state, policy label, value label)}
2 S8,
Sptl 1 G« 0
O O» Z2 2 while |G| < G do
3 (s,a) < initial state and action
“(5(2421) 4 | fori<+1toV do
Z1+22+23 Z1+29 . 5 {(s',m(s"),2) | s € Si} +
(1) (1) (1) 8(1) S1 6 play episode from (s, a)
ntl,. » Z1 7 Compute LCR and sampling weights
u (defined in Equation 4)
(1) 8 s ~ Y (u) (defined in Equation 5)
7T(Sn+1) A 9 a ~ 7'('( ) | S)
S value label ' while (s, a) has been played do
3 11 s < preceding state of s
w2 12 a~m(-|s)
13 S = U:;l S;
Zi: s/ S; Zi
14 g%gU{(S,,W(S,),m)‘SIES}

15 return G
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Evaluation

2.

3.

End-to-end training: improves sample efficiency up to 58.5% in 9x9 Go

and 47.3% in 19x19 Go.
LCR uncertainty estimator closely matches the empirical results with

an average RMSE of 0.02.
Our design space exploration shows that V=10 achieves the best

balance for exploration within and between games.
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For more details... Please check our papetr!

type 1 type 2 type 3 type 4 50%
100% i
2 40% N
o : NN
g O )
'8 60% %D 30% 1 Simulations NS
= 0 < | \
2 = —5 100 \ \
=R 9 20% 11 e
z 0% - — 10 — 200 \
A 3 1L \
T 2 SN
ﬁ— !
O% T T T T T O% T T T
0 50 100 150 200 250 0 50 100 150 200 250
0% 10% 20% 30% 40% 50% Move Move
400 40%
1.00% 100%
) [ Data distribution \ \ LCRg = 0.180 (v=0.90)
300 F39% % 0.80% [ Sample distribution | 80% ™ — LCR(=0.320 (v=0.80)
&n N~ = \ N \ — LCRg = 0.420 (v=0.70)
= r38% oD -% 0.60% -% 60% ~ AN — LCRg = 0.480 (v=0.60)
2 i i I [N B
Eo -37% % % 0.40% Ll \H H i | “" I % 40% \:\\\ N — LCRg=0.493 (v=0.56)
— LCRy=0.497 (v=0.54
iy e SR AN o
L 36% — 0.20% g B, 20% NN N LCR( =0.499 (v=10.52)
' - IS
Do 0
N s HHHH I 0% —
Baseline Random Ours ’ 0 30 100 150 200 250 300 0 50 100 150 200 250 300
Move Move 8/8




Thank you

Acknowledgements to:
* DOE grant and NSF grants™
 National Science and Technology Council of Taiwan

* Taiwan National Center for High-performance Computing (NCHC)
* Anonymous reviewers for their valuable comments

*The opinions expressed in this paper are those of the authors and not necessarily the views of the NSF or the DOE.

;.‘.’r?.{:;.\.".
;!. NEURAL INFORMATION

",:i'.x PROCESSING SYSTEMS
Q2

0o




	Slide 0
	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9

