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TH PDDL 7’3 & FICL D BFHTETEE.

(:action move-up ...
:precondition (and (empty ?x ?y-old) ..
ceffects (and (not (empty ?x ?y-o0ld))...

PDDL : Planning Domain Description Language
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6. Latplan O BIE: MGEFF FILF v O DEH

RKEEROHRMF—2 - PDDL Model

Before-state After-state

(:action move-up
:precondition

(and (empty ?x ?y-old)
ceffects

(and (not (empty ?x ?y-o0ld))..

Latplan 'EEIL TR ZTEEIT 2D HDH. CNSIEFIOE RV

1. EBSERK: 2. 7723 ETIES:

<27/l = PDDLAT{ED REEBIL—IE
hem= SOFRNEHNT
Ty!:es Examples fﬁ?é - Z
A 7F=2 1~ panel;, Xo. Yo - When Empty(x, Yoia) A\ - ;
ihEE (empty ?x ?y)
i e P28 = (empty xg Yo) Then -Empty(x,yoid) /\ -

723> (slide-up panely xg y1q)




7.

Latplan | PDDL % B #j-

IS\ ZI)VERD 5 BENER L 7-PDDL

(define (domain Llatent)
(:predicates (z0) (z1) ... (z199))
(:action al :parameters ()
:precondition (and (not (z16)) (z36) ... ))
reffect (and (z60) (not (z87)) ... ))
(:action a4 ...)

(:action a398 ...))

(define (problem problem-2020-1-13-9-53-6)
(:init (z5) ... (z199))
(:goal (and (z3) (not (z7)) ... (z199))))

AF EREnico VR

= h% (IJCAI20, JAIR22)



7.1. Latplan (& PDDL Z BEIERX (1JCAI20, JAIR22)

IS\ ZI)VERD 5 BENER L 7-PDDL

(define (domain Llatent)
(:predicates (z0) (z1) ...
(:action al :parameters ()

:precondition (and (not (z16)) (z36) ... ))
reffect (and (z60) (not (z87)) ... ))
(:action a4 ...)

(z199))

(:action a398 ...))
(define (problem problem-2020-1-13-9-53-6)
(:init (z5) ... (z199))
(:goal (and (z3) (not (z7)) ... (z199))))
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7.2. Latplan (& PDDL Z BEIERX (IJCAI20, JAIR22)

ISINZI)LVEBRD 5 BEERL L 7-PDDL Ed)ﬁ@%NNT: /ﬂf?*ﬁﬂ:bt%@
(define (domain Llatent) \/)l//\o) L/TC i ¥ [ PN = & 1l & ]
(:predicates (z0) (z1) ... (z199)) 73 /§IJ(7°5 ‘/)

(:action al :parameters ()
:precondition (and (not (z16)) (z36) ... )) (ad)
reffect (and (z60) (not (z87)) ... )) (a37)
(:action a4 ...) (a10)
.. (a7)
(:action a398 ...)) (a109)

(define (problem problem-2020-1-13-9-53-6) ..
(:init (z5) ... (z199)) (a15)
(:goal (and (z3) (not (z7)) ... (z199))))

AF EREnico VR

ABDES BAEE AR (ZF|H 2L
BHRASEY VRILADEMIZ FEMN SSEM(*) KN
I2H: A\BDOE-T-HADOBELICKFEL TWLWSH5 (F: TFIE768?)

(*) Taddeo, Mariarosaria, and Luciano Floridi. "Solving the symbol grounding
problem a critical review of fifteen years of research.” Journal of
Experimental & Theoretical Artificial Intelligence 17.4 (2005): 419-445.
Created: 2024-09-06 Fri 14:46



8. Latplan BMEITAINII/ITS =2 REDH

8-puzzle, 15-puzzle, Lights-Out, Twisted Lights-out, Blocksworld, Sokoban



8.1. NINE (1R XM HT=D40EXR D)

Cube-Space AE (1JCAI20) Bidirectional Cube-Space AE (JAIR22)
found valid optimal found valid optimal
Blocks 1 1 - Blocks 33 32 -
LOut 40 40 35 LOut 40 40 40
Twisted 40 40 36 Twisted 40 40 40
Mandrill 38 38 20 Mandrill 25 23 23
MNIST 39 39 5 MNIST 40 39 6
Random MNIST 39 39 4 Random MNIST 36 34 11
Sokoban 14 14 12 Sokoban 40 39 38
Total | 211 211 112 Total | 254 247 158

Significantly better & accurate
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9.

CDOIYRTLOF: EMETIT +

EpAETHRTS - TDLEMET S L

Latplan | PDDLE BN H D377 aET M LZEEGED S FEETS.
'PDDLE BE#ftED'H D1 o TES VWS EMK ?

72 3Y>:a = Eat(pizza¥)

A% pre(a) = —full() A have(pizza¥) — ZEHIDEHHNH S
R BIBREIR: del(a) = {have(pizza¥ )} — EHFIEHR<E-T
ZhER: IBMFHR: add(a) = {full()} —HEICHS

KEEEZIL—I: 21 = (2 \ del(a) ) U add(a)

R del(a),add(a) & z; ICHEKTFELEL.
FSHBIEFETIIEECEZEDD>THEW! (BHFFEDANVERL)

FSBEIMRETN: 2001 = BED=2—F5 1% v M2, 0)
PDDLICE#TER o BELZYVIINEEX L)



10. BEYVILNDT-HICPDDLEEEETFILEEE
LEEOHNIE NNEFILICEDAEFLGWVLE LT

PDDLTIE. 723D RERRE z; IFMIILTWS.
Loz CHNBREH e xBATIRINEHD,

< HBRAMHBREFIL Cube- SPace AE
(PDDLE BE#at%72 L) (2% PDDLICZHER]RE)

g

Ch%x BEAENZH (Gumbel-Softmax) + EH%Y Till#E,
G574 NILETIHDEENRILEEZ S




11. BEEYRIREY: Gumbel-Softmax VAE (D

Reconstruction

x:Inputimage z=Encode(x) x=Decode(Encode(x))




11.1. BEEIRIREY : Gumbel-Softmax VAE (D

Reconstruction

x:Inputimage z=Encode(X) 3_pecode(Encode(x))

2017FE< B VAR, ZROFENERZINTULS
(REBAR, RELAX, VQVAE, SQVAE, ..)

—a— ORI %Z9B3REBEFT VY



12. > 2R I F—BEREITTIEZ WL

inied s 205l (handempty, ...) vs. 722 3 > > 4)L (pickup,...).
Cube-Space AE - e O s -
(SB#PODL I ZHEATEE) o DB EMICTEFEET S.

roray
>R

BARSEEY Y RILB Rk
| like an apple : &5

@ @ Thanks for the Jike on Facebook! : %47

Common Lisp (Lisp-2) vs. Scheme (Lisp-1)

S HDBMZER ICHB VRILIE
D ERWHDBE,



13. PDDL: 620 DHFIZERM, 62D AXH=X L

(define (domain )
(:predicates (handempty)
(:action pick-up

:precondition ...

reffect o))
(define (problem )

(:objects cel)

(:init ...)

(:goal ...))



13.1. PDDL: 6 DD HFIZERM, 62D AXAH =X L

(define (domain )
(:predicates (handempty) (on ?x?y)
(:action pick-up

:precondition ...

reffect o))
(define (problem )

(:objects cel)

(:init ...)

(:goal ...))



13.2.

PDDL: 6D DHBIZERM, 62D XH=X L

(define (domain )
(:predicates (handempty) (on?x?y)
(:action pick-up

:precondition ...
ceffect ca2))
Uik (define (problem )
ORI (:objects ABC ...)
(:init ...)

(:goal ...))



13.3. PDDL: 6D DHFIZERM, 62D XD =X L

(define (domain )
(:predicates (handempty) (on?x?y) ...)
(:action pick-up

:precondition ...
ceffect o))

i iﬂ_‘%’% (define (problem world-1986)
72 ] 4 (:objects ABC ...)

(:init ...)
(:goal ...))

M FI: [RUADIXAT—2%KRTI VNIV - BIDIRREZER Z £ X
Stage 1-1, Stage 1-2, ...



13.4. PDDL: 6D DHFIZERM, 62D AXH =X L

(define (domain blocksworld)
(:predicates (handempty) (on?x?y)
(:action pick-up

:precondition ...

ceffect cel))
(define (problem world-1986)

(:objects ABC ...)

(:init ...)

(:goal ...))

MBS HRI: [NVADIAT—DV%RT I VRILL - BIOREZERZ £

Stage 1-1, Stage 1-2, ...

FXAL2ODE I TR0 —LZRTIURILL - o770 a>aE R

<A EILE. R>F—2>4. F-Zero ..



13.5. PDDL: 6 D DHFIZERM, 6 2D AXAH =X L

(define (domain blocksworld)

(:predicates (handempty) (on?x?y) ...)
(:action pick-up

:precondition ...

reffect o))
(define (problem world-1986)

(:objects ABC...)

(:init ...)

(:goal ...))

BREI—JIv 3. ChS2Tx
ACHESTERTEITHRLSTIEEWTIEWL

M FI: [RUADIXAT—2%KRTI VNIV - BIDIRREZER Z £ X
Stage 1-1, Stage 1-2, ...

RXL228 N RO —LZzRTURILL - BOT7o 3> z5Emk
A, EILE. RF—3>7J. F-Zero ..



14. SE[E Latplan ZhiEERIEICHLERA] (ICLR2021 workshop)

Latplan/FOSAE++ : B RADERZ ATV MIER D702 3 /%’:—T—E

- . — i.0 i1 State Action Lifted action rule in PDDL
MEE o" 0 manual
WEED5 |1 %E ETILE 1 time Step modellng (clear 1) (move162) (:action move
5 (on 1 2) 2block=1,  :parameter (?block ?from ?to) ...
( clear 5) ?from=6, effects (and (on ?block ?to)
@ ns4). 2o =2 (not (on ?block ?from))...
‘h D CSAE++
ya 3 (automated) (p, 1) (a;162)  (actio
2) par ame t r(?x

a (P21 X, ?xg)
Transition dataset ml gp1 2)4) =1, -effects (and (pz )
i i i i i P %,=6,
(observation + segmentation pairs) 23 ?Xz 3 (n t(pz 1 7%))-.e
nel..0

IBINHEY: Successor State Axiom (FERIBEMRDELL [Reiter, 1991])
72> aY:a = Eat(pizza¥) : 5|8 pizza¥
YhR: X (Z70O4L, F—— I T DFHIME)
t pizza®¥ ZEHBRVLDTEILE
FIERBHD BEI RN DI SO T > %ZvgEICLT




15. Extending the generative model (unpublished)

Lifted actions,
Parameters x

Predicates, too.

Compatible with
First Order Logic.

Temporal actions, Domain symbol D,
Action durations d Problem symbol P

. . Allows mixed-
Compatible with domain training?

LTL.



16. Part 1: Conclusion

Goal: BN LEEHRI—- b Latplan TEE5iEih

Hmph::

B2 VR 4 ORBIDBE ERETIICEST
(define (domain blocksworld) *um%ﬁﬂ ‘: %Eﬁﬂaﬁ

(:predicates (handempty) (on?x?y) ...)

oo™ F<HBHHRAETI Cube- SPace AE
ek ) (PDDLE B L) (5 B%PDDLICZIRPTE)
(define (problem world-1986) e
(:objects ABC...)
(:init ...)
(:goal ...))

BEI—-ozrv ki, choseTs
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18. BN LAEHBRIT—-Sz MO 7—FT0F v
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18.1. BN AR T - MOT7—FTO0F v

{ JAXEBITDEMRERT—2

( SDEMEE & VILNIC & BEEKER
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)
move(A, B):
preconditions: handempty, clear(A) ...
effects: ...




182. BN AR T -z MO7—FTO0F v

JAXEBITDEMRERT—2

s gy (II3714ANETIICES
CER T Lo L siamin =m)

( SDEMEE & VILNIC & BEEKER
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)
move(A, B):
preconditions: handempty, clear(A) ...
effects: ...




18.3. BN AR T -z MO7—FTO0F v

JAXEBITDEMRERT—2

s gy (II3714ANETIICES
CER T Lo L siamin =m)

( SDEMEE & VILNIC & BEEKER
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)
move(A, B):
preconditions: handempty, clear(A) ...
effects: ...

REea—UXT14 IR
memmn%m)




18.4. BN AEHBRT - MOT7—FTO0F v

JAXEBITDEMRERT—2

s gy (II3714ANETIICES
CER T Lo L siamin =m)

( SDEMEE & VILNIC & BEEKER )
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)
move(A, B):
preconditions: handempty, clear(A) ...
effects: ...

h(s), V(s), t(a), Q(s, a) A*, GBFS, MCTS

[ﬁ%t:—ux*«ﬁzj[ RETZILIVI L
\_




185. BN AREHRBR T -z MOT7—FTO0F v

JAXEBITDEMRERT—2

s gy (II3714ANETIICES
CER T Lo L siamin =m)

( SDEMEE & VILNIC & BEEKER
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)
move(A, B):
preconditions: handempty, clear(A) ...
effects: ...

7514 >0%5
(Reinforcement Learning {
Un/Semi/Supervised Learning)

REEa—=VURT1I2R RRF7ILIV XL
| \_h(s), V(s), m(a), Q(s, a) A*, GBFS, MCTS




18.6. BN AREHRBR T -z MOT7—FTO0F v

JAXEBITDEMRERT—2

s gy (II3714ANETIICES
CER T Lo L siamin =m)

( SEMERE & VILNIC K BEERER
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)

move(A, B):
preconditions: handempty, clear(A) ...
effects: ...
—_— AP — ] N
A7 54 V%8 A2 51 BN

(Reinforcement Learning { | 9 .
Un/Semi/Supervised Learn?ng) (Multi-Armed Bandit)

REEa—=VURT1I2R RRF7ILIV XL
| \_h(s), V(s), m(a), Q(s, a) A*, GBFS, MCTS
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JAXEBITDEMRERT—2

s gy (II3714ANETIICES
CER T Lo L siamin =m)

SEMERE & VILNIC K BEERER )
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)

move(A, B):
preconditions: handempty, clear(A) ...
effects: ...
—_— AL— P! N
A7 54 V%8 A2 51 BN

(Reinforcement Learning 8 \yuifi-Armed Bandit)

Un/Semi/Supervised Learning)

(

h(s), V(s), Tt(a), Q(s, a) A*, GBFS, MCTS

ﬁ%t:—UZ?fﬁZ)[ BRETZIIIVIL




19. FERea—VRXAF1I7XADEY:

RL SL
(ICAPS 2022) (IJCAI 2024)



20. ICAPS22

Reinforcement Learning for Classical Planning:
Viewing Heuristics as Dense Reward Generators
Clement Gehring, Masataro Asai(*),

Rohan Chitnis, Tom Silver,
Leslie Kaelbling, Shirin Sohrabi, Michael Katz

MIT '
E W Cooatory HH| MIT-IBM

Watson
Al Lab




21. Value function learning

SGD Loss function:

B : batches in the experience replay
Research Questions:

Q:RLIEEIFITHMT ST %RITED? (A: FH)
Q:RLIEIIT T30 ZBELTESD? (A: 7))
Q: 7=y JnEAEYICHAEDENIE? (A: 7))

Lessons learned: TS =V HC RBA %



22. Why Classical Plannning is difficult for RL?

Rewards in Classical Planning:

/
r(s,a,s ) =
(5,,5) {O otherwise.
This is extremely sparse.

1 if s’is a goal,

Any non-goal states are equally worthless
No guidance for RL until a goal,

which is difficult to find in the first place!



23. Potential-Based Reward Shaping (PBRS)
for Sparse Rewards

Given a potential function ¢(s) , redefine rewards as:

I'AQ(Sa a, sl) — ’l"(S, a, 3,) + ,y¢(8’) o ¢(S)

Important: PBRS preserves the optimal value function

VX(s) =V (s) + ¢(s).

= learning the residual from ¢(s)

Ng, Harada, Russell. "Policy invariance under reward transformations: Theory and
application to reward shaping.” ICML. Vol. 99. 1999.
Created: 2024-09-06 Fri 14:46



24. Heuristic Function h(s) in classical planning

Distance estimate
h(s)=5 <+— §—81— 82— 83— 84— goal (BH&KZ)

Many implementations: padd pFF pCEA
(Bonet&Geffner 01, Hoffmann 01, Helmert 08) H o Y FiLLVOH H 3

Heuristics satisfies the
PBRS requirements

Let's use h(s) for PBRS!



25. Issue 1: Discounting

RL : discounted rewards - Planning : undiscounted costs

Our solution:

Training : Convert h(s) — h.(s) : discounting h(s) for PBRS

Planning : Convert V. (s) — V/(s) : undiscounting a learned V,(s)

1 -~V
V,(s) = - & V(s) =log, (1 - (1—7)V,(s)).




26. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]

z/0 ﬂ

z/1
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ol L0
ol | | || s



26.1. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]
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26.2. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]

2/0 'J:H (horizontal copying)
expand

a b c

"G

N
[l

| |u
ol L0
all 11 | s

z/1

NN T o
Q)



26.3. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]

2/0 ":H (horizontal copying)
expand

C ~abc
z/1 ] ){_{Im 1 WH
alld O HIEE
bl L] W T'reduce
c/ll M WY (vertical max)
7/2 a b c (= Exist 3)



26.4. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]

2/0 ":H (horizontal copying)

d
b ¢ expan{-abc abc
1m0 . > 1L alaa ab ac
b|ba bb bc
= reduceI:I . clcacbcc
B Y (vertical max) 3x3x4
C (= Exist 3) (0=3, |P/2| =4)




26.5. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]

2/0 ":H (horizontal copying)
expand

b ¢ £ a b c abc
1m0 . > 1L a[aa ab ac|
b|ba bb bclfiV!
= reduceD L. C [ca cb ccl:
B Y (vertical max) 3x3x4 i
c (= Exist 3) (0=3, |P/2|=4)




26.6. Issue 2: Handling First-Order Logic Input

Our solution: Neural Logic Machine (NLM) [Dong et. al. ICLR 2019]

2/0 'J:H (horizontal copying)

pointwise conv p=output

eXpand (shared Welght)g..:f:&..).(. .........
b c { a b c .a b ¢ oo Perm ..... ._ feegeres g
HE | )zr 1M 3 'éa b ac (12 output) ? , ]
o|ba b be| [V ea — collk
= reduceD L. C [ca cb ccl: gab ~ i
B Y (vertical max) 3x3x4 i $ac - CC
C (= Exist 3) (0=3,|P/2|=4) : 3x3x(!12 - 4)

Size & Permutation invariant to FOL binary inputs

Quite useful for various FOL tasks
ILP [Dong et. al. ICLR 2019]

Regression (our work)



27. Results

Skipped



28. ICAPS 2022 : Conclusion

Sparse Rewards Potential-Based
r(s) = {1 if s is a goal, Reward Shaping
0 otherwise. %  Trx
d—=)LICTcEDEBEL DY V7 (3) _+V’7 (s) + ¢(S)
ETHEHLL od(s) = EEREDRFEDH D h(s)

Sparse Reward % fi#;R

Discounting First-Order Logic Input
1 . ,)/h(S) 2/0 .—_|| (hong)(zgildcopymg) X c(s_ha(r)edtxeséjﬁto)"';g?"gm?m
h”Y(S) — 1 — ~ @O l’
.$ educe
V(S) — ]'Og’y(]‘ o (]‘ o ’Y)V’Y(S)) 72/2a b ¢ (e(rtéi:sTg)) (0= 3|P);2| -4y 5 ¢
cnhmune

27 SRR
h(s) = co B 335 27371 XDBBAICL

Q:RLEIFITEHRTISVYZ VT EBITBD? (A: FH)
Q:RLEIIT 730725 LTESH? (A: F7)
Q7= InEAEYICHAEDENIE? (A: 7))

Lessons learned: TS Z 20 HS R3%



29.

IJCAI24

On Using Admissible Bounds
for Learning Forward Search Heuristics

Carlos Nufiez-Molina*, Masataro Asai*,
Pablo Mesejo, Juan Fernandez-Olivares

MIT-IBM
UNIVERSIDAD Watson

RLIEEWERAT.. #Efdh b FEY!



30. Task: Learn the shortest path cost

Current Unknown
state goal state

5 LG



30.1. Task: Learn the shortest path cost

Current Unknown
state goal state

O W@



30.2. Task: Learn the shortest path cost

Current Unknown
state goal state

@ O<h§h*@

We know a certain lower bound of h*;:
Admissible heuristics h
obtained by solving a relaxed problem

Q: Can we exploit the admissibility of heuristics in training?



31. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)



31.1. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)

(x — 11)” : Square error



31.2. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)
(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

(

— log p(x)



31.3. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)
(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

(

— log p(x)



31.4. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)
(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

(

—logp(x)



31.5. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)

(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

( p(x) = —log N (1, 0)



31.6. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)

(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

( of a |
Llogp(x) = —log N (1, o)



31.7. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)

(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

( of a |
Llogp(x) = —log N (1, o)
N2
— Cnlll) + log V27?2,

202




31.8. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)
(x — 11)” : Square error

because it is just a special case of

Negative Likelihood (NLL)

( of a |
Llogp(x) = —log N (1, o)
N2
(& —p + log V27?2,

- 202
which contains the square error



31.9. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)
(x — 11)” : Square error

because it is just a special case of
It is a special case because

Negative Likelihood (NLL) 1

( of a | it sets an arbitrary fixed o=
—logp(x) = —log N (1, 0)

o 2
[z — 1 + log Voro2.

- 202
which contains the square error



31.10. Stop using (Mean) Square Errors!

x : data point (optimal solution cost, x=h¥*)
i . prediction (from s, @)
(x — 11)” : Square error

because it is just a special case of
Negative Likelihood (NLL) It is a special case because
it sets an arbitrary fixed o=—
( /of a ) 2 V2
1 xr — 1
“logp(z) = —log N (y1,0) —log/\/'(,u,—)zu /f) +log /27 - =
(& — ul s v :
_ 2
T 952 + log vV2mo©. = (2 — p1)” + Const.

which contains the square error



32.

Choosing a loss function
< Choosing a distribution



32.1.

Choosing a loss function
< Choosing a distribution

Shoutout: don't "innovate" a new loss!
Innovate a instead!



32.2.

Choosing a loss function
< Choosing a distribution

Shoutout: don't "innovate" a new loss!
Innovate a distribution instead!

(Mean) Squared error & Gaussian NLL
T~

log N (11.0) = L1 4 1og v/mo?
—log N (1, 0) = 5 + log V270

0'2




32.3.

Choosing a loss function
« Choosing a distribution

Shoutout: don't "innovate" a new loss!
Innovate a distribution instead!

(Mean) Squared error & Gaussian NLL
~—a

l0g A (1) = “ 1 | 1og V3ro?
—log N (1, 0) = 5 + log V2o

0'2

(Mean) Absolute error & Laplacian NLL
N

—log L(11,b) = ; + log 2b




33. Thinking with Distributions

Is N'(u, o) the correct distribution for h* ?

— N0, 1)

N(u,0) assigns
non-zero probability
to all values x € R




33.1. Thinking with Distributions

Is N'(u, o) the correct distribution for h* ?

0_

— N(x |0, 1)

Admissible

h

=1

RN

-2

1
0

*We know h* = 0
*We know h* = h : admissible heuristics

N(u,0) assigns
non-zero probability
to all values x € R



33.2. Thinking with Distributions

Is N'(u, o) the correct distribution for h* ?

— N[0, 1) | i i
Admissible | N(u,0) assigns

non-zero probability
to all values x € R

+
oF h* should be
' ' somewhere around here

-2 -1 0 1

*We know h* = 0
*We know h* = h : admissible heuristics



33.3. Thinking with Distributions

Is N'(u, o) the correct distribution for h* ?

o FWhy p(x=h*)>0 here?

— N&]0.D Adrrr\]issible

- /\,x,

1

-2 -1 0

*We know h* = 0

1

N(u,0) assigns
non-zero probability
to all values x € R

+
h* should be
somewhere around here

*We know h* = h : admissible heuristics
*Why do we assign non-zero probability to h*<h?



33.4. Thinking with Distributions

Is N'(u, o) the correct distribution for h* ?

o FWhy p(x=h*)>0 here?

— N&]0.D Adrrr\]issible

- /\,;

1

-2 -1 0

*We know h* = 0

1

N(u,0) assigns
non-zero probability
to all values x € R

+
h* should be
somewhere around here

*We know h* = h : admissible heuristics
*Why do we assign non-zero probability to h*<h?
*i.e. N(1,0) ignores our expert knowledge on h*



33.5. Thinking with Distributions

Is N'(u, o) the correct distribution for h* ?

— N[0, 1) | i i
Admissible | N(u,0) assigns

/\ non-zero probability
- _ (\_ _)to all values x € R

o FWhy p(x=h*)>0 here? | h* should be
somewhere around here

-2 -1 0 1

*We know h* = 0

*We know h* = h : admissible heuristics

*Why do we assign non-zero probability to h*<h?
' i.e. N(u,0) ignores our expert knowledge on h*

* It is not the correct distribution



34. What is the correct distribution?

Follow the Maximum Entropy Principle (Jaynes 1957):

Choose the distribution with the largest entropy

among those that satisfy the expert knowledge / constraint.

— We know a lower bound h < h* |
This is our expert knowledge!



35. What is the max-ent distribution for our assumption?

Truncated-Gaussian distribution TN(p, o, |, u): " wag
Max-ent distribution under [0 h ' |
— TN(x |0, 1,-1.1, 0.4)
*mean [, g N 0026’1?;)) |
- variance 0%, a
* lower/upper bound |, u /“\\
(U= o is permissible) ) —

(I = LMcut heuristics) 5 R 0 ! >



35.1. What is the max-ent distribution for our assumption?

Truncated-Gaussian distribution TN(Y, o, |, u): " Wag
Max-ent distribution under [—xxjoh) ' |
— TN(x |0, 1,-1.1, 0.4)

*mean H, gl ¥§E§ 8 i 0026’1?;)) |
- variance 02, R
* lower/upper bound |, u T

(U = o is permissible) ) \\

(I = LMcut heuristics) 5 _'1 0 ! )
NLL Loss: —log TN (x|, 0,1, u) = <w2_—'u)2 + log V2mo?

+log(P(54) — D(FH)).

g
I=LMcut is different across the dataset



35.2. What is the max-ent distribution for our assumption?

Truncated-Gaussian distribution TN(p, o, |, u): " wag
Max-ent distribution under [—xxjoh) ' |
— TN(x |0, 1,-1.1, 0.4)

*mean \, 5 gl %Ei 8 i 0026’1?;)) Elx] |
- variance o<, B | g
* lower/upper bound |, u ]

(U = o is permissible) ) \\

(I = LMcut heuristics) 5 _'1 0 ! )
NLL Loss: —log TN (x|, 0,1, u) = (w2—_,u)2 + log V2mo?

Flog(B(54) — @(51)).

I=LMcut is different across the dataset

We use E[x] as the heuristics for GBFS. | = E[x] = u

given by a different formula (omitted due to space)



35.3. Results

5. Results

Data generation details

+ On 4 domains, we generated train, validation, test problems separately
+ Train: 456-1536 instances, val/test: 132-384 instances

« The test instances are larger than the training instances. - Evaluate problem-size generalization 03
+h* : A*+LMcut on Fast Downward under 5min/8GB (train/val) or 30min/8GB (test)

TN training: faster & more accurate .. =5 o "

Training details:

08 Validation losses
0.7
0.6

05 it il

0.4

el
“ TN
0 1k 2k 3k 4k 5k 6k 7k 8k 9k 10k

NN output

Vs. :
+clip: Clip u with Imcut when computing the MSE.

- 40K steps learn//)" ! learn/none fixed//! fixed/none
- AdamW batch-size 256 decay 107 domain  metric  hFF - plMeut N TN N TN N TN N TN
- gradient clip 0.1, Ir=10" blocks ~ MSE 228 2506 .76+ .65+l 32646 27144 83E1 .66+ 297+9 24413
+0.5-2 hours / training +clip 7642 291+4 83+.2 274+.6
Findings: Ty MSE 977 1110 3.73+.7 34558 [ 141.05:204 86327 29814 385+0 [ 118.59:104 9.58+L5
" +clip 3.72+.6 10.44428.4 298+1.1 10.50+9.6
+Nvs TN: TN outperforms N ) wier MSE 993 1582 36559 37059 SGSI20160 S6SEL3 369L9 3729 w4161 119722
* N often completely fails esp. w/o f +clip 3.65+.7 13.37+15.2 3.69+.8 13.38+14.5
= reci P 5
Residual learning (h™) s effective visall  MSE 139 364  7.67+4 53046 2531479 9.70£16 649+6 6.62+9 2171426 14.11+10
* Learning ¢ is crucial for TN +clip 7.60+.4 18.79+7.3 6.35+.6 16.38+2.3

« Nerclip vs TN: Clipping is not enough

Test metrics for NLM (smaller the better). Each number represents the meanzstd of 5 random seeds. For each configuration,
we performed 10* training steps, saving the checkpoints with the best validation MSE metric.

TN searches faster

learn/h*'* (proposed) fixed/none (baseline)

domain N N+clip TN N Nclip TN
* Instances: 100 instances subsampled from test Ratio of solved instances under 10 evaluations (higher the better)
< Larger than training
- Pyerplan GBFS with early-stopping (added blocks | .13 8419 85+.19 88:+.14 7929 5035 55+.33
yerplan with early-stopping (added) ferry 82 | 9119 91+.19 9805 01£01 57410 58413
« Limited to 10k node evaluations gripper | .96 1 0 92412 1
+ Compared success ratio and avg. evaluations visitall .86 97+.07 98+.06 98+.05 82433 1 1
Findings: Average node evaluations (smaller the better)
- TN outperforms N, N-+clip blocks | 9309 | 26902128 268142121 20601607 | 4118+2663 62682675 5903+2685
-TN also outperforms h* forry | 5152 | 32161964 311741967 2477+1093 | 9933£92  6675+582  6475+725
X . . gripper | 3918 | 16424139 1643141 1637492 | 10000£0 29411513 1709658
Better to learn ¢ and learn the residual from h visitall | 3321 | 2156£1451 21481511 1683+1290 | 338443448 5914216 6124363
= TN's heuristics E[x] depends on o

* Model-agnostic: tested NLM, GNN, linear regression
- Comparable performance to rank-based approach

notes:

« Chrestein et. al. uses HGN - we compared our HGN models vs Chrestein et. al. ~ domain | "

+ Our HGN models is not our best model (it performs worse than NLM

learn/h*F (Chrestien et al., 2023)
N TN LCBFS

models.) ns (higher the better)

blocks | .13 72429 A48+26 24
fery | 82 01402 0206 61
gripper | .96 A7£15 39£13 -
visiall | .86 £03  97E04  97E04 0
Average node evaluations (smaller the better)
blocks | 9309 3906-:2649 584412088 8282.6
fery | 5152 99154134 983442 51035
gripper | 3918 7008+1058 69491020 -
visitall | 3321 155561149 14721182 10000




36. IJCAI 2024 : Conclusion

We learn h*
Current Unknown
state goal state

OF /11 510

We know a certain lower bound of h*:
Admissible heuristics h
obtained by solving a relaxed problem

Gaussian is a lie

—N&lo.h Admissible
h=1 1

N(u,0) assigns
non-zero probability
_ to all values x € R

» EWhy p(x=h*)>0 here? | h* should be
somewhere around here

<
-

-2 -1 0 1

*We know h* =z 0

* We know h* = h : admissible heuristics

* Why do we assign non-zero probability to h*<h?
*i.e. N(i,0) ignores our expert knowledge on h*

* It is not the correct distribution

Square error = Gaussian

Choosing a loss function
¢ Choosing a distribution

Shoutout: don't "innovate" a new loss!
Innovate a distribution instead!

(Mean) Squared error < Gaussian NLL
\(:1: — p)?
—log N (11, 0) = ~———="— +log V2mo?

202
(Mean) Absolute error\@LLapIacian NLL
—log L(p,b) = % + log 2b

Max-ent: Truncated Gaussian

Truncated-Gaussian distribution TN(y, o, |, u): 50, 1973
Max-ent distribution under o] ‘

)

0,1,-1.1,0.4)

0,1,-0.6, =)

0,1,0.2,1.7) E[‘Xl

*mean |,

-variance o2, B
* lower/upper bound |, u
(u= = is permissible)

(I = LMcut heuristics) 2 S 0 i 2

—
zZ
=

N2
NLL Loss: —log TN (z|u,0,1,u) = (ngg) + log V2mo?
+ log(Q(**) - ‘1’(%))
I=LMcut is different across the dataset

We use E[x] as the heuristics for GBFS. | = E[x]=u

given by a different formula (omitted due to space)




Take-home message: Whenever you see a square error, doubt it!
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E
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i EHIRIE & VILNIC K D EIEKAE
above(A,B): on(A,C), above(C, B)
above(A,B): on(A,B)

move(A, B):
preconditions: handempty, clear(A) ...
effects: ...
—_— AL— P! N
A7 54 V%8 A2 51 BN

(Reinforcement Learning { | 9 .
Un/Semi/Supervised Learn?ng) (Multi-Armed Bandit)

h(s), V(s), Tt(a), Q(s, a)

A*, GBFS, MCTS
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MCTS + MCTS +
Gaussian Power Bandit
Bandit (SoCS 2024

(ECAI 2024) extended
abstract)
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40. Monte Carlo Tree Search (General version)

Action
selection



40.1. Monte Carlo Tree Search (General version)

Action
selection



40.2. Monte Carlo Tree Search (General version)

Action
selection

expansioné < ‘

\ ’ \



40.3. Monte Carlo Tree Search (General version)

Action
selection

expansion

eaf state



40.4. Monte Carlo Tree Search (General version)

Action Node
selection evaluation

expansion

eaf state o(h(s))
distribution of quality of s



40.5. Monte Carlo Tree Search (General version)

Action Node Backpropagate
selection evaluation statistics
Sxpansion m % %
eaf state
p(h(s))

distribution of quality of s



40.6. Monte Carlo Tree Search (General version)

Action Node Backpropagate
selection evaluation statistics

; i update the statistics,2
e.g., average |, var 07,

max u, min |

expansion m
eaf state
p(h(s))

distribution of quality of s



40.7. Monte Carlo Tree Search (General version)

Action Node Backpropagate
selection evaluation statistics
update the statlstlcs
€.g., average |, var 0
max u, min |
Uy +h
uN+l N+1
expansion Uns1=max(uy, h)
Iy =min(ly, h)
eaf state

dlstrlbutlon ofquallty of s



40.8. Monte Carlo Tree Search (General version)

Action Node Backpropagate
selection evaluation statistics
update the statlstlcs
€.g., average |, var 0
max u, min |
Uy +h
'J'N+l N+1
expansion Uns1=max(uy, h)
Iy =min(ly, h)
eaf state

dlstrlbutlon ofquallty of s

Heuristic function
Game X Hand-coded
(e.g., Go) X Not accurate




40.9. Monte Carlo Tree Search (General version)

Action Node Backpropagate
selection evaluation statistics

update the statlstlcs
€.g., average |, var 0

max u, min |

Npy +h
( Mn+1= N+1
expansion Uy+1=max(uy, h)
m ly+:=min(ly, h)
eaf state

dlstrlbutlon ofquallty of s

Heuristic function Simulation / Rollout
Game X Hand-coded v Finite horizon (9x9)
(e.g., Go) X Not accurate




40.10. Monte Carlo Tree Search (General version)

Action
selection

expansion

eaf state

Node
evaluation

m

Backpropagate
statistics
update the statlstlcs

e.g.,average |, var 0
max u, min |

Npy +h
'J'N+l N+1
Uns1=max(uy, h)

Iy« =min(ly, h)

dlstrlbutlon ofquallty of s

Heuristic function

Simulation / Rollout

Game
(e.g., Go)

X Hand-coded
X Not accurate

v Finite horizon (9x9)
v Dense reward




40.11. Monte Carlo Tree Search (General version)

Action
selection

expansion

eaf state

Node
evaluation

m

Backpropagate
statistics
update the statlstlcs

e.g.,average |, var 0
max u, min |

Npy +h
IJ'N+1 N+1
Un:1=max(uy, h)

Iy« =min(ly, h)

dlstrlbutlon ofquallty of s

Heuristic function

Simulation / Rollout

Game
(e.g., Go)

X Hand-coded
X Not accurate

v Finite horizon (9x9)
v Dense reward

Classical
Planning




40.12. Monte Carlo Tree Search (General version)

Action
selection

expansion

eaf state

Node
evaluation

m

Backpropagate
statistics
update the statlstlcs

e.g.,average |, var 0
max u, min |

Npy +h
IJ'N+1 N+1
Un:1=max(uy, h)

Iy« =min(ly, h)

dlstrlbutlon ofquallty of s

Heuristic function

Simulation / Rollout

Game
(e.g., Go)

X Hand-coded
X Not accurate

v Finite horizon (9x9)
v Dense reward

Classical
Planning

X Infinite horizon




40.13. Monte Carlo Tree Search (General version)

Action
selection

expansion

eaf state

Node
evaluation

m

Backpropagate
statistics
update the statlstlcs

e.g.,average |, var 0
max u, min |

Npy +h
IJ'N+1 N+1
Un:1=max(uy, h)
Iy« =min(ly, h)

dlstrlbutlon ofquallty of s

Heuristic function

Simulation / Rollout

Game
(e.g., Go)

X Hand-coded
X Not accurate

v Finite horizon (9x9)
v Dense reward

Classical
Planning

X Infinite horizon
X Sparse reward




40.14. Monte Carlo Tree Search (General version)

Action
selection

expansion

eaf state

Node
evaluation

m

Backpropagate
statistics

update the statlstlcs
e.g.,average |, var o2,

max u, min |

Npy +h
IJ'N+1 N+1
Un:1=max(uy, h)

Iy« =min(ly, h)

dlstrlbutlon ofquallty of s

Heuristic function

Simulation / Rollout

Game
(e.g., Go)

X Hand-coded
X Not accurate

v Finite horizon (9x9)
v Dense reward

Classical
Planning

v Automated

X Infinite horizon

X Sparse reward




40.15. Monte Carlo Tree Search (General version)

Action Node Backpropagate
selection evaluation statistics

update the statlstlcs
€.g., average |, var 0

max u, min |

3 _Npy+h
expansion Uy+1=max(uy, h)
Iy« =min(ly, h)
eaf state

dlstrlbutlon ofquallty of s

Heuristic function Simulation / Rollout
Game X Hand-coded v Finite horizon (9x9)
(e.g., Go) X Not accurate v Dense reward
Classical v Automated X Infinite horizon

Planning v Domain-Independent X Sparse reward




41. Backup in MCTS : Avg

avg(hy,hy,hs,hy)

avg(hy,h,) avg(hs,hy)



41.1. Backup in MCTS : Avg vs. Min

avg(hy,hy,hs,hy)

avg(hy,h,) avg(hs,hy)  min(hy,h,)

min(hy,hy,hs,hy)




41.2. Backup in MCTS : Avg vs. Min = GBFS, A*

avg(hy,hy,hs,hy) min(hy,h,,hs,h,)

avg(hy,h,) %E? avg(hy,h,)  min(hy,h, Q/:Bmgnmm (hs,h,)
RR% R RaG

implicit priority queue

Equivalent to GBFS/A*!

GBFS: Traditional SotA

UCT has been bad
(UCT = MCTS+UCB1)




Schulte and Keller. "Balancing exploration and exploitation in classical planning.”
SOCS, 2014
Created: 2024-09-06 Fri 14:46



42. Why: Poor theoretical understanding of bandits.

UCB]_,L = WU; — C\/ loiiN ) for |97, c [O,C]

N : parent visit, n; : visit for child ¢

(; : mean over the subtree of 7

Rewards must have a known, fixed, shared reward range.

But h(s) have no known range!
Requirments unsatisfied. All theoretical guarantees violated.

Our solution: Gaussian Bandit defined on Entire R = |—00, o0]

UCB1-Normal2; = pu; — g;4/log N ,for u; € R

Wi, o; : mean / stdev over the subtree of 2



43.

Results (ECAI 2024)

h = hFF hadd pmax hGC

c= 0.5 1 0.5 1 0.5 1 0.5 1
GUCT 442.8 412.0 435.8 397.8 237.0 228.4 306.6 285.2
* 542.0 458.6 529.2 480.8 248.4 242.2 317.8 310.4
-01 399.8 368.0 375.4 328.8 256.8 237.4 318.4 302.4
*-01 425.6 388.0 404.8 364.4 246.8 2334 318.0 297.6
-V 361.2 317.4 354.0 310.6 226.2 208.6 278.4 255.4
-Normal - 283.4 - 265.0 - 212.0 - 2334
*_-Normal - 318.8 - 300.0 - 215.2 - 246.2
-Normal2 - 581.8 - 535.8 - 316.6 - 379.0
*_Normal2 - 567.2 - 533.8 - 263.0 - 341.0
TTTS-Normal - 181.0 - 180.0 - 171.4 - 170.8
TTTS-Normal* - 189.4 - 186.4 - 177.4 - 174.4
GBFS(Pyperplan/FastDownward)  538/539 - 518/517 - 224/226 - 354/349
WA* (w = 5) (FastDownward) 528 - 522 - 211 - 319
Softmin-Type(h) (FastDownward) 576.0 - 542.6 - 297.2 - 357.6




44. New Algorithm : Model the minimum correctly

Fit the data to...

UCB1 a known finite support distribution [0, 1] , [3, 5]

UCB1-Normal a Gaussian distribution [—00, 0]

Do heuristics have known bounds e.g. [3, 5] ? No!

Are heuristic samples € [—00, 00| ? No! It is non-negative!

0 > h(s)

Gaussian assumption is ST/LL WRONG



45.

What distribution is the right answer?

Range How it is distributed?

Gaussian Unbounded X

Exponential Half-Bounded
Uniform Bounded

Distribution that look like this?

Or like this?

very large value

exp

Uniform




45.1. What distribution is the right answer?

Range How it is distributed?

Gaussian Unbounded X

Exponential Half-Bounded Smallest value is most common X

Uniform Bounded Equally likely around min and max

Distribution that look like this?

Or like this?

very large value

exp

Uniform




45.2. What distribution is the right answer?

Range How it is distributed?

Gaussian Unbounded X

Exponential Half-Bounded Smallest value is most common X

Uniform Bounded Equally likely around min and max
Power Bounded Smallest value is rare
14 _l T T T T T T i
1.2 F power(3, 1.0) |
power(3, 1.3) —
1r power(3, 2.0) 7
0.8 | power(3, 4.0) N
0.6 - _
0.4 ______:T’_"_,,-—»;i;~* —— —
02 — . .
0F— | | T
_02 | 1 1 | 1 1 |

0 0.5 1 1.5 2 2.5 3



46. But Why? What theory justifies Power?

Central Limit Theorem: Given i.i.d. RVs x,...x, , there is a sequence
ap, > 0,0, s.t. du,o




46.1. But Why? What theory justifies Power?

Central Limit Theorem: Given i.i.d. RVs z,...x, , there is a sequence
an, > 0,0, s.t. du, o

n ZEi—bn
S’”:Z . > N(u,0)

Extreme Value Theorem type 1: Given i.i.d. RVs xg,...x, , thereis a
sequence a, > 0,b,, s.t. du,0,&

» EVD(p, 0,¢)



46.2. But Why? What theory justifies Power?

Central Limit Theorem: Given i.i.d. RVs z,...x, , there is a sequence
a, > 0,b, s.t. u, o

n CEi—bn
S”:Z . > N(u,0)

Extreme Value Theorem type 1: Given i.i.d. RVs xg,...x, , thereis a
sequence a, > 0,b,, s.t. du,0,&

» EVD(p, 0,¢)

Extreme Value Theorem type 2. Given i.i.d. RVs
g <...<zxp <...<ax,,thereis a sequence a, > 0,b, s.t. du,o0,¢&

p(z|z > z) — GPD(u,0,§)

GPD : Generalized Pareto Distribution is the way to go. Why?



46.3. Power, Uniform, Exponential, Pareto are special cases
of Generalized Pareto GPD(6, 0, ) .

min max
§ > 0 = Pareto 0 oo
¢ = 0 = Exponential 0 o
¢ < 0 = (Flipped) Power 6 60 — %
¢ = —1 = Uniform 0 60— =

£

E<—1 0 9—%







47. Modeling the average

Modeling the center from data




47.1. Modeling the average = Fitting the dist. with Gaussian

Modeling the center from data
= fit the mean of Gaussian

E[X]




47.2. Modeling the maximum

Modeling the center from data
= fit the mean of Gaussian

E[X]

Modeling the maximum from data
=Ignore almost all data, fit the tail to GP

95% percentile



47.3. Modeling the maximum = Fitting the tail dist. with GP

Modeling the center from data
= fit the mean of Gaussian

E[X]

Modeling the maximum from data
=Ignore almost all data, fit the tail to GP

95% percentile

Power Uniform
\

onential/Pareto

e —

& ve o




48. New Algorithm : Model the minimum correctly

Fitting GPD itself is difficult (computational issue)
— fit subclasses: Uniform and Power

Lower bound Upper bound Shape

UCB1 Known () Known 1
UCB1-Normal —oo 00
UCB1-Uniform Unknown{ Unknownu Fixed, Flat
UCB1-Power Known( Unknown u Rare near goals
. i+l
UCB1-Uniform; = % — (u; — 1;)4/6n;log N

UCBI1-Power; = ujj’l — u;4/6n;log N



49.

Results (SoCS 2024 Extended Abstract)

h = hFF hadd Jmax hGC
GBFS(Pyperplan/FD)  538/539  518/517 224/226  354/349
Softmin-Type(h) 576 542.6 297.2 357.6
GUCT 412 397.8 228.4 285.2
-Normal2 5818 5358 3166 379
*-Normal2 567.2 533.8 263 341
+-Normal2 582.8 549.2 433 474.6

CHK-Normal 352.8 332.4 220 274.4
CHK-Uniform 359.2 343.4 214.7 284.6
MaxSearch 253.75 243 4 259.8 255.2
RobustUCT 265.6 262.4 232.6 229.8

ThresholdAscent 162.2 163.8 170.4 164.4




50. ECAI 2024 + SoCS 2024: Conclusion

UCT is slow in (ECAI 2024) (SoCS 2024)
Classical Planning Use Gaussian Use Uniform /
log N Bandit! Power!
— C .
- i 1 — o4/log N ul;lz — (u; — 1;)4/6n; log N
Why? Uia; \/
o — w4/ 61 log N
h(s) £ [0,¢] h(s) € [~00, 0] ki

(fixed range)

STILL WRONG!
0 < h(s)

Use bandits correctly!
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50 = fE i
PDDLZ IEL K EFJ)L{EL &£ 5!
TS T714hILETI

Ea—JRXAFq4 0 RFEHE:

RL : Reward Shaping Z IEL { 3 5!

Discouning , Undiscounting

L:h*(s) Z IELL EFT/ILEL & D!

Truncated Gaussian
HFER7J)LD) X LHE / Bandit:
h(s) # ELK EFILLL & S!

- Gaussian, Power

Conclusion & Take-home message

IR blfﬂ)iﬁﬁéﬁﬂ; El

(TS3714hLETFLICES
RS U Sen | samn 25

R h(s), V(s), T(a), Q(s, @)

EE?E‘H%I% & VILNIC & BEEK AR
above(A,B): on(A,C), above(C, B)
abuve( B): on(A.B)
move(A, B):
preconditions: handem pty, clear| (A) ...
effects: ...
754078 Rl e Lo k)
(Reinforcement Learnin II i3 z
Un/Semi/Supervised Lea g (Multi-Armed Ban

Rzka— Jquaz ZFZIIVIL
A GBFS, MCTS

IELEAD
<EHbiX
Vwoh
RER/BIITT
(REITY)



52. DeepRL (& IEL W H*?

MREDPOHICHERH D LS ICEDLOND

JAZXESITOEERERT—&

== 12OZXETLEIEEEIIS

il 0111 BEMRER B oDD hH5

( TEMRE & VILNICE3SERE ) . N
Shovlfv Bk cnlch bovut. ) 78 < 7R L\?
move(A, B):
preconditions: handempty, clear(A) ...

7]‘754‘/;;:““: FYS54 2B HND Eﬁﬁ@fﬂgé A 5 5 ooo

(Reinforcement Learning { i3 i i
Un/Semi/Supervised Learn?ng) (Multi-Armed Bandit)

mxta-v2r2 ) (D Leslie Kaelbring: RL D &l | & 5% &

> g 20— RZWVWEEROH R !

Deep RL % £EC o 1= & The science as a sane researcher:
FRIFZFH Split the architecture into parts
Ea—UXFq4wvy Study each part individually
EE7I)LJdU X L Correct mathematical modeling
Active Learning COWVWDS77O0—FICIIBRDD

ALWEBWFET..
Contiual Learning =Y



53. LLM + Planning (, Reasoning) H'EIhd 3 IC13?

BRXTIEE 5L FZ =V FA by Rao (Subbarao Kambhampati)

EESLERLLAIL LS BEEZHHZITLS (C27tR)
2HW—EICCHES> LTV
R|PY : CRIFBETHALELLTWVS
% . £< LTuia L\ (Reflex Agent) H* FEE ICRIBRY (CoT)
Ea—=VRXRF14 2R : TEHI DOHIHEEEC
TSI JICXT B BIRE HHEL
Gundawar, Atharva, et al. "Robust Planning with LLM-Modulo Framework: Case

Study in Travel Planning.” arXiv

Kambhampati, Subbarao, et al. "LLMs Can't Plan, But Can Help Planning in LLM-
Modulo Frameworks." arXiv

Valmeekam, Karthik, et al. "On the planning abilities of large language models-a
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54. HADRRMICPD ES LR

RINFY : LLM % £ > TPDDLAER (LatplanZ [FE L)
Ea—UXF<4 IR LLMEZfFE>TORY bDAHA R
Planning Modulo LLM : IRZEDHH SLLMZFE S

{#5% :LLM T CDCL & h"® 3 LEHEES

WEHEDAFZ—2VIFFEALTULWERWVWD, HEHAZEIEAIEE!
MIT-IBM Watson Al Lab

‘ | ‘ ‘ |_ \I\//IVQ;IOBnM
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