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MOTIVATION

In more and more domains, Al is achieving superhuman performance




MOTIVATION

But we also want Al agents that can model humans well




MOTIVATION

Building Strong, Human-like Policies

/7 Policies

(s, a)



MOTIVATION

Building Strong, Human-like Policies

7/ Policies

(s, a)

“Human-like” Y
policies ¥




MOTIVATION

Building Strong, Human-like Policies

7/ Policies

(s, a)

“Human-like” Y
policies ¥

7(s,a) Human IL o
Policy



MOTIVATION

Building Strong, Human-like Policies

7/ Policies

(s, a)

“Human-like” Y
policies ¥

/ “Strong”

el pOIiCies
| (Search)

7(s,a) Human IL o
Policy



MOTIVATION

Building Strong, Human-like Policies

/" Policies (s, a)

“Human-like” Policy

policies

/ “Strong”
et B pOIiCies
| (Search)

7(s,a) HumanlIL
Policy



MOTIVATION

Building Strong, Human-like Policies

' POIiCieS ]z'* (S, a)

“Human-like” Policy

policies

/ “Strong”
et - pOIiCies

7(s,a) HumanlIL ez (Search)

Policy “Strong and Human-like” policies



MOTIVATION

Building Strong, Human- Ilke Policies

/IDKL(it H T)

; Policies (s, a)

“Human-like” Policy

policies

/ “Strong”
=" a policies
| (Search)

Policy —t “Strong and Human like” policies

10



SEQUENTIAL GAMES

Sequential Games

Chess

Monte Carlo Tree Search

O
O O O

0000

1



SEQUENTIAL GAMES

Sequential Games

Chess

Monte Carlo Tree Search

Selection /
0

12



SEQUENTIAL GAMES

Sequential Games

Chess

Monte Carlo Tree Search

Expansion

13



SEQUENTIAL GAMES

Sequential Games

Chess

Rollout

Monte Carlo Tree Search

E O O

14



SEQUENTIAL GAMES

Sequential Games

Chess

Monte Carlo Tree Search

Backprop. /

15



SEQUENTIAL GAMES

Sequential Games

Chess

Monte Carlo Tree Search

Selection /
0

16



SEQUENTIAL GAMES

Sequential Games

Human Policy Regularized
Monte Carlo Tree Search

Chess .E
Selection /

E
IL Policy \jO O O O




SEQUENTIAL GAMES

Strength —

100%

90% 1

Win% vs Raw Model

50% -

Chess

80% A

70% -

60% -

100%

90% 1

80% A

70% -

Win% vs Raw Model

60% -

50% - —o—

52.50%  53.00%

Chess Topl Human Prediction Accuracy %

53.50%

54.00%  54.50% 57.00% 57.50% 58.00% 58.50%
Go Topl Human Prediction Accuracy %

Human Action Prediction —

18



SEQUENTIAL GAMES

100%

T _90%

c =

ofd = 80% 1

o)) z

: a7

o 2 70% -

S

5 = 60%
50%

Human IL Policy

. &

5250%  53.00%  53.50% = 54.00%  54.50%
Chess Topl Human Prediction Accuracy %

Chess

Win% vs Raw Model

100%

90% 1

80% A

70% -

60% -

50% -

Human IL Policy

A&

57.00%

57.50% 58.00% 58.50%
Go Topl Human Prediction Accuracy %

Human Action Prediction —

19



SEQUENTIAL GAMES

Chess

100% 100%
T . 90% _ 90% 1}
c i :
s = 80% >
o0 2
c a7 a7 :
o 2 70% - £ 70% -
= 60% : | . 5 60%+ .
N ’ Human IL Policy Human Policy ’ Human IL Policy
50% - . & regularized 50% - .l
52.50%  53.00%  53.50%  54.00%  54.50% MCTS 57.00% 57.50% 58.00% 58.50%
Chess Topl Human Prediction Accuracy % Go Topl Human Prediction Accuracy %

Human Action Prediction —

20



SEQUENTIAL GAMES

100%
T _90%1f
c 2 |
o) = 80% 1}
o)) z
: a7
2
S s
5 = 60%
50% A

—

A0 8

o V3 8 B W PR O WO R PR e ’ v

! Kl-reqularized Search F?rociw:es stronger and more §

70% {

human-like agents in both Chess and 90! $
_ o _
_90%{f
=
2
a2

Human IL Policy

. &

5250%  53.00%  53.50% = 54.00%  54.50%
Chess Topl Human Prediction Accuracy %

/s
k=
=

Human Policy
regularized
MCTS

70% -

60% - H

50% 1 .

uman IL Policy

57.00% 57.50% 58.00% 58.50%
Go Topl Human Prediction Accuracy %

Human Action Prediction —

21



Imperfect-Information Games

22



Imperfect-Information Games

No-press
Diplomacy

Barents Sea .

North Atlantic Ocean

Mid-Atlantic Ocean : b hiEoh

@
Black Sea
ulgarla
Ankara

(sca Armenia

lonian Sea = Eastern Med

23



Imperfect-Information Games

No-press
Diplomacy Hedge

©

24



Imperfect-Information Games

No-press
Diplomacy Hedge

Strategy
Selection

%)

25



Imperfect-Information Games

No-press
Diplomacy Hedge

Sampling % \C/

26



Imperfect-Information Games

No-press
Diplomacy Hedge

Value
Updates

f\Ql(s, r,C)
r
"2 \0/

Q,(s,1,¢)

27



Imperfect-Information Games

No-press Human Policy Regularized
Diplomacy Hedge (piKL-Hedge)

Strategy
Selection

Human IL Policy

28



Imperfect-Information Games

No-press Human Policy Regularized
Diplomacy Hedge (piKL-Hedge)

Theorem 1: In two player zero sum games,

the average policy produced by piKL-Hedge
stays close to the anchor policy.
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Imperfect-Information Games

No-press Human Policy Regularized
Diplomacy Hedge (piKL-Hedge)

Theorem 2: In two player zero sum games, the
average policies of the players produced by piKL-
Hedge converges to an approx. Nash equilibrium

under the original non-regularized utilities.
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Conclusion

Can we build gameplay agents that are not
only strong but also one that better models
human actions?

Yes! By using KL-Regularization Search
towards a human imitation learned policy!
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