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Him e L O RS

e “Al = Thinking Machine”: Can machines think? (Alan Turing)
« 1950F XH H1980F K £ T, HERBIFAED T HE
. 1990&1&& & [ROBR] &N EBRIZABELAZ 77—
« 2010 FERITEBEBICL D HAIT—LE
« 2023F L Y élzmzAW ING)|
« 2023F7RB EH B I F— (2T [ERRAIRFKRITKD 5N 5 HEEmET
« ZNHL2ERSHWND BIZE



5. RO DEL

 Large Reasoning Models (LRMs) (year: 2025)

OpenAl o1, 03-mini, DeepSeek R1, Claude 3.7 Sonnet, Alibaba QwQ-32B, xAl Groc 3, etc.

Xu, F. et al.: Towards Large Reasoning Models: A Survey of Reinforced Reasoning with Large
Language Models (Jan 23)

Fahey, J.: Large Reasoning Models (LRMs): An Overview (Jan 29)

Li et al.: From System 1 to System 2: A Survey of Reasoning Large Language Models (Feb 24)
OpenAl: Competitive Programming with Large Reasoning Models (Feb 18)

Tim, D.: The Dawn of Large Reasoning Models: Al's Quantum Leap Forward (Feb 28)

Huang et al.: Safety Tax: Safety Alignment Makes Your Large Reasoning Models Less Reasonable
(Mar 1)

Yin, H. et al.: Towards Widening the Distillation Bottleneck for Reasoning Models (Mar 3)
Smith, M.S.: It’s Not Just Us: Al Models Struggle With Overthinking (Mar 5)

Sui, Y. et al.: Stop Overthinking: A Survey on Efficient Reasoning for Large Language Models (Mar
20)

Mitchell, M.: Artificial Intelligence Learns to Reason (Mar 20)



B )i (Automated Reasoning) D &G 1T

* Martin Davis: Presburger’s decision procedure (1954)
BEOMEBEEICE T 2:mER (ex. 2B OM IXBE) DFERA
* Newell, Shaw & Simon: “Logic Theorist” program (1955)

M DB - FiM EHEim - BAITHmEE > T, BEWIC
“Principia Mathematica” (by Alfred North Whitehead & Bertrand Russell)
FL2EICHDH520TFIED D B38% AR, 5 b —DIIFTEERA

* Davis & Putnam: Satisfiability problem (1958)

* 1960-1970s: B BNiE EEAFRAHT 22 O B

» Davis, M.: The Early History of Automated Deduction, in: A. Robinson & A. Voronkov:
Handbook of Automated Reasoning (2001)



AllCET S5 (GRIERY) HEER (Reasoning)

X X HEF® (meta-reasoning)
= J|# 5% (case-based reasoning)

o JEEMEER (deductive reasoning)
o JZHNHEER (inductive reasoning)
- X8HEw (TT7X I av) TE 4 HE 5 (qualitative reasoning)

g:abductive reasoning) 1780 & 21V ICB8 T % HEER (reasoning
 JAHE (analogical reasoning) about action and change)

o EEIEER (commonsense reasoning) « 77> =7 (planning)

« JEEAHEEE (nonmonotonic reasoning) * FFZE B HEAR (spatiotemporal reasoning)
« T 7 # )L MR (default reasoning) FFEEERICET SR Sreasonmg
o HHIHESR (constraint reasoning) about k_n/c\)wledge and belief

o EUIEER (distributed reasoning) » BIR 5 (causal reasoning)

« HESKHESH (probabilistic reasoning) ° etc.

> HERE, RETFI, EERM#HEwmEAITOT 7 100, A\ITHgEF R, 34(5):703-713 (2019).



Al (BWMEZ/LM) [CH T D HEER (Inference)

« AN /BRI L. BRMEBEET LA
ElEZRTE., AlD [#HEmwm] L7cedb s

« ETILADAS  T—X, B BREX, 7
0> 7 k. etc.

s TETFILOHES 0. T, BERE. 1T, 5?””
[ etc. '

s ETINNIET TV IRy IVRTHDIELH S
N, HAICHT 2BIZEETH D (XAl

e LLMIZEHMEROBEEN 2 —EEA TCWLWHD EDHWR D




LRM THH N 5 “Reasoning”

« V—FT 7 F a7V * STEM (Science, Technology,
« (Dense) Transformers Engineering, Mathematics) 737
* Fine-tuned for domains * AIME, IMG, MATH‘\?&‘?
* Mixture of Experts (MoE) * Codeforces: 1 — R LAk

e GPQA O: 184 L ~NIL RS F0E
« BIENXIL I pEREBE TR AMEE

Distilled models
Chain-of-Thought Self-Verification
Reinforcement Learning (RLHF)

« Macro Action « AkD GRENL) BRToO CEE)

o =12 LRI/ N X IV IEANIERE A% L
e BMEBIHE->TWBDITTIEA W



CNFE COMEEE &

1981.04: 3£ F (search) [REPAKZF]
1984.04: TX¥ R/8— F S X T L [T EEEZE]
1986.10: 1R EitEsm - FEEHFHER It o> £ 2 — 2 BB s (coT)]

1993.04:
1997.04:
2004.03:
2007tE-:
2012tB-:
2017tB-:

+T7 TR ay /mEBEIOST IS [EEEiNRIEARFE]
+ SAT/JZERIET 072 2 v 7 [MEKRE]
+ TATFI—V v b RT L [EILIERFEPRAT (NI)]
+ AT LEYE
+ LYVI VR RAFT I RAFHE
+ AR - HER L EHTE ORE
LI EI T, #:m(reasoning) (ZFE1R



72— l, *;’I_'E§ Artificial Intelligence )
g N e 4

Volume 6, Issue 4, Winter 1975, Pages 293-326
(ARRFRLEICK HIEE)
An analysis of alpha-beta

* RFAFE THO TREIICHAT®  pruning «
X T, 7 —LAK (MinimaxK) %%
Co-p77 /LT X L% IBRE Showmore v

¢ 7;_1)\7'(%%743: < Ea— U AT A 7 + Add to Mendeley o2 Share 99 Cite
j%?ﬁ? 7L X L DHFZT ’—Q—;EE{?H? * https://doi.org/10.1016/0004-3702(75)90019-3 Get rights and content 2
EmRIicEWT, BIFRRFED
ae%x LRSI ) XL DFAFEE  Abstra

E ?EIJ L/ g_é EEJ L/ 7_: The alpha-beta technique for searching game trees is analyzed,
in an attempt to provide some insight into its behavior. The first

° /7'\'\ —_ .ZA 7|( O) J?L 73: l\o ’d;\\ —ﬁ O) %—ggé c: portion of this paper is an expository presentation of the
< R 33548 5 method together with a proof of its correctness and a historical
:FD Lj— % 7I‘§Z>“J U i /f % = 'fﬂ: L/ 71 discussion. The alpha-beta procedure is shown to be optimal in a
certain sense, and bounds are obtained for its running time with

° 'TE_I- J: U Eﬁ;‘i (/: S(TJ- —d_ %) % %Eg' 7& i /\/ 7L£ various kinds of random data.

Donald E. Knuth, Ronald W. Moore




BRER DRI HED ?

* “Intelligence = Search”

« SHRIEICED K EEARAEE T T — ARNERICLI=R R E [1]
(AND/ORAKIEZE ~ Minimax KIER)

c BEMMRIIFRELTHY., FEELNICEIRLE TS D [2]

« 212, IR - HamAER - fINFTRE - BNERLREZ L DORHT
%?ﬁi;f%%tﬁ?b MENBITENT ZENTET

[1] James R. Slagle: Artificial Intelligence: The Heuristic Programming Approach (1971)
[2] Herbert A. Simon: Search and Reasoning in Problem Solving, Artificial Intelligence, 27 (1983)



I#Z/\o— Is °/X7_'A THURSDAY, NOVEMBER 17, 1-3 PM
EDWARD A. FEIGENBAUM

« 1980FEMITRITL. AI7 —LZZFES] AND

« ZAX I a =L FFRAH D H. PENNY NI
FiHm AT “IF-THEN” 2D )L — Will sign copies of
JILTCRIB, IL—ILDIFER (fEEE) M The Rise of the Expert Company
BEDODRETHI-ENE EZDIL— it Koot Probunl et B
IS FEK L(fire) JL— L DTHENER

(SE1TER) AEBEAND

« BHRE T JV(blackboard model) |2 £ D

(T Y (xb) %usp?éﬁ

Edward Feigenboum is
Professor of Computer
Science ot Stanford

H. Penny Nii, o senicr
research scientist at
Stanford University, was
one of the first

= Ally L — University and is Scien-
'—‘I‘ [_/ ;Fj: I-j(] % ;E LLB t H T IJ %EDE 3 tific Director of the 3 ""knowledge engineers’’
H H g Heuristic Programming —"5 working on the delicate
p Project, also at ‘;’ task of transforming
DX I:l—l_l # X / \ — l\ \/ X 7_ A % E:ﬁ j% _f-:’ fSranford. He is a co- 3 human expertise into
S ounder of two start-up 3 the novel computer
firms in applied data structures eventual-
- ortificial intelligence, ly known os expert
L L__ 0) I\E %E T — : Intellicorp ond systems.
K Teknowledge; and
H}E%?’j % ﬁ }E @Eg |§E% serves as Chairman of
I:l’L:\ Fl the board of directors
of Intellicorp.

https://stacks.stanford.edu/file/druid:rv242tg3987/rv242tq3987.pdf



https://stacks.stanford.edu/file/druid:rv242tq3987/rv242tq3987.pdf

_— ‘ L
1& :ﬁ =A Invocation of hypothetical Tensoning
A nf
n Knowledge Bases

(Hypothetical Reasoning) T o \
- MBEEORF TRFZ I TTHRL. e o e\ osatins

B WEERofRGEERYT (AT Batrsction | T iete

of hypotheses

¥R POEE) [ \(

Problem selving

« BT BIREADEE T (nogood) L2 (C opethess |, g k:ﬂ:m
CSP/SATIERAL D EHE % 729 [1] (= =1 R
« WHFHER EEKLTRERICE D < B Eruning tacomalsact
MR X T L (ATMS) 5 £ MR ER HE Eﬁ% % Ehmmm" e N
AT LAPRICOTZRIR L [2]. & 1@ S———
r & ICVLSIEREH SIS " — mT:!fl‘;:l‘;ELﬂ
C NS ORI S, SRR e mﬁiﬁf ?Zlm
(advanced reasoning) & FE SN 7= DY, @ Scheduler (including DDS) )
EE E/‘] 7'_6: ﬁ: %ﬂ 97‘ 75‘;1\—* Hﬂ < 27) > 7LC Management of data dependencies

Management of multiple consistent contexts

[1] # LR E :SATEAL (BERALEE, 57(8) (2016)
[2] Katsumi Inoue: Problem Solving with Hypothetical Reasoning. FGCS 1988



=L SA SA “ -
(REnHErmIImIE TR TZ S |
« ATMS|Zprime implicate (£83) & & EG{R (Reiter & de Kleer, AAAI-87)
c FEZFET AL THBREBLOT 7RO a VAN ERIRTES
- MEMMENEGN L DIEWMAERNMEZ LT &b -7z
Example 5.3 Let an ATMS be {{a, b,¢,z,-y}, {z,~y}, ) where
E={ -aV-bve (1),

~zV-bva (2),
yVbve 3) }.

The following deduction finds ¢’s label {z A —y}:

(0, =¢), top clause
(O, =aV-bv[=c]), resolution with (1)
(O, —zVApVv[{-a]v-bv[=cl), resolution with (2) and factoring
(=, VabV[=el), skip and truncation
{(—z, yVvg/ vi=bjv[=c]), resolution with (3) and reduction
(-=zVvy, (HY|V[I]) . skip and truncation |

» Katsumi Inoue: An Abductive Procedure for the CMS/ATMS. Truth Maintenance Systems (ECAI Workshop), LNAI 515 (1990)



Artificial Intelligence F

= Volume 56, Issues 2-3, August 1992, Pages 301-353

o o 7 (consequence flndlng)

 EIFHER CTHOTH, MONTULVEWEEZ  Linear resolution for
EJ&T%(ZJ:%E&EZ_% consequence finding

- AMHWEBEIIAN? ZTNEEEDELSIT  wommers
HRTESAM? ot more

° %*Li -—Ciﬁﬁg;k—c&j-f_%j—_“)l/;ﬁ £;£ (3(':)] + Add to Mendeley o9 Share 99 Cite

BRI ) ORI H T DIERRE R s v
FHEEREL . TORLIET

= . . >
¢ ﬂz E‘Zﬂﬁiﬁ( p rOd uction fl € l d ) L \ j *EE T % ﬁj\ In this paper, we re-evaluate the consequence finding problem
L, N ;'_E IE 0) r E E éj % '_._I within first-order logic. Firstly, consequence finding is

generalized to the problem in which only interesting clauses

L] %:— ﬁ\ﬁ% % EﬁiiEL EIHH IE?b\ b BE L = nﬁ IE [ 1:}1[\ ?,E having a certain property (called characteristic clauses) should

be found. The use of characteristic clauses enables

° *)J &) 't UCA' ( 199 1) ‘ :E’I%‘ K 75\1:“' *R éh . % 0) characterization of various reasoning problems of interest to Al,
S —_ including abduction, nonmonotonic reasoning, prime implicates
*JJ[\ aEH& b\AI J ourna | "1:% ﬁ é;h-' T: and truth maintenance systems. Secondly, an extension of the

Model Elimination theorem proving procedure (SOL-resolution)




EiiEimic BT S iEmAE RS

AAB B: ERM@E (—FEREENER

C: BINE N BHH (—FEREEER
P:SB/N14 7R (AERFEIE, production field)
HA s: LU &9 1R/NED
B —
e B U C = S nl:l?:ﬁ S
‘B S — RE® [
__—
SIEPICET c ==
®SOLEH (Inoue, AlJ 1992) —

@®SOLAR (Nabeshima, Iwanuma & Inoue, TABLEAUX 2003; AIC 2010)

OADZIEFBEANDILH @ EEAAP = {}). KT EEMISE (JEUA 2002),
TR 3 (AN1992), A X 73> (MU2004), T 7 4L b HER
(JIIS2004), W/ FLT— x> b3 XF L (AMAI 2004). C/x%AH%? etc.



BmicR T S EEAER

Cl: p(e, x, x) e (eox)=x [AEBENIT]

C2: p(i(x),x,e) e (i(x)ox) =e [EETT]

C3:p(x,y,u) Ap(y,z,v) A c (xoy)oz=w-oxo0(yoz) =w [{EEE]
p(u,z,w) = plx, v, w) cexo(yoz)=w-o(xoy)oz=w [{EFEEE]

Ca:p(x,y,u) Ap(y,z,v) A
p(x,v,w) = p(u,z,w)

s (xoi(x)) =e |[EETIFABFETTHH B]
C5: p(x, i(x), e) * (xoe)=x [ EEAMTIIAEMNITTHH D]

Ce: 6
p(x,e,x) B ={C1,02,C3},C={C44XFTHL,BUCEpC5AC6

AR P = ({p}*, length < 1 & term_depth < 1)

» Richard C.T. Lee: A completeness theorem and a computer program for finding theorems derivable from given axioms.
Doctoral dissertation, Dept. Electrical Engineering and Computer Science, University of California, Berkeley, 1967



T7X9<3

T TAE WA i

Aﬂ:
. R AN
E . EEIEIJ ==
HAh:

H: RO% % w14 (R

e B NANHEE
e BAHIIEFEF

WIEHESE (Inverse Entailment: IE)

REn H DETE ILERERIICETETE D -

B
DX,

AN EFE —H

EwmAERFHEEZAVWE LN TES
> HEwmE: 7

TR aveEA Ry ay, A\THEEFSE,

=
— 4pkes—» H
—

25(3):389-399 (2010)



CFlm#niE (Inoue, 2001) 1]

BANEF TH
WIREEICEWT, L—ILEELRIAH 2185 F5mE
— SR EESERRICT L TREEN DTS
* BATE DFHEI & fEmAE R Fit & TFrE
. ;Mlcifﬁmg Z M L 7=—M1t
BEICIREBEINLZIRTCOFRGEEZSE L -—M :

B EH: WINH 7ILDO—FEREEHER GER—VEZ &)
. JZ¥E (entailment) % BIE(subsumption) ICB =12 5 Z & ATEE [2]

[1] Katsumi Inoue: Induction as Consequence Finding. Machine Learning, 55(2): 109-135 (2004)
[2] Yoshitaka Yamamoto, Katsumi Inoue, Koji Iwanuma: Inverse subsumption for complete
explanatory induction. Machine Learning, 86(1): 115-139 (2012)



HRFER - #7057

o NIIEE#ZE Z 8 C TEWN T20EI2H 7= CSPSATI I 2 =7 1 2Rk - HEHF
« SATICEDKHIINET Y v 7 (ANEEEE K]S & DHBEFHE)

> imIED FERHESAT) z AW-aRAaEeERERE L

> H# 7T RME(CSP) - R E LB DSATE: (C L 2 ik & WL
c BEST 077 IV I (ASP)IR (BREE[BK]S & DHREME)

« 10-Year Test-of-Time=& (ICLP 2023)

» Mutsunori Banbara, Takehide Soh, Naoyuki Tamura, Katsumi Inoue, Torsten Schaub: Answer set programming
as a modeling language for course timetabling, TPLP 13, 2013.

« IREE - BRET - PWTFA DI

SAT Competition 28 V/ JL/N— (GREFA[LEK] S & DHRFE)

e glueminisat (SAT2017): #{ILBDIC L % 1) R & — b (App UNSAT 20110J & ¥ , 2013 ¥ )
« ManyGlucose (SAT 2020): JRE M%7 ¢ 5 A FISAT Y JL /X — (2020 Parallel ¥ )
 DPS:ManyGlucoseZ —fxft L Kissat &1 (2022 Main Parallel iﬁ?)



FH—EiEE=saaxv L
[FREE & HESHPRAT © MFiHicDER]

F=1111]
T

FEEAY & IREREZIRY AN T
WMEB7A7I713ESYEboT=2D?

+| IR ST RT
IR v TR R

ERmB
55 - AT LIRS
200746108208 B SL15 R G S P




1993.
1994.
1995.
1996.
1997.
1998.
19909.
2000.
2001.
2002.
2003.
2004.
2005.
2006.
2007.
2008.
20009.

WE7Nns73
(Inoue & Sakama / Sakama & Inoue)

_~

ICLP’93

ICLP’93
JAR

LPNMR’93
KR'94

ICLP’95

JLP

KR98
AMAI

AlJ

JICSLP'96

JLP
LPNMR'99

ICLP’02

JELIA'04

CLIMA-05

ACM.TOCL

TPLP

IJCAI-05
LJ.IGPL

ILP'05
CLIMA-06

AAMAS'07

ILP’08
MLJ

-k

|IJCAI-95 [ &

ICLP’94
L4 (| PNMR95 JLC

1| [JCAI-99
ICLP’06 LOPSTR’'06
AAAI-07

* negation

e disjunction

* circumscription
* paraconsistency
* abduction

* preference

e update

* negotiation
 coordination

* equivalence
 generality

* induction




T7X9<3v [H]

S=AEBIPIOEHAEN S b- & T,
TR a3 IZ U TOBRRE -
G DA H A HHmT 2

1. BUH E E
2. BUH IZEFG

> FEEE. 77847 arvoRE ATHEFESEE 7(1):48-59 (1992)



R 7 747 av

E2MEB B LUEAEN S oz & Z,
WaET7 7R 7> a VI ToORE®RE ST
G DA (P, N) :

(BA\N)UP E E
e« £7=13 G DxERAA (P, N) :

(BA\N)UP ¥ E
AR T Do 7-7-L (BA\N)UP [ZHEFH

» Katsumi Inoue, Chiaki Sakama: Abductive Framework for Nonmonotonic Theory Change. IJCAI 1995
» Katsumi Inoue, Chiaki Sakama: Specifying Transactions for Extended Abduction. KR 1998



kT 7 X723 DiuH

« JEEFIBFICH T AT 7 X 7 3~ (Inoue & Sakama, 1JCAI-95)

¢ T—XN—=X|ZH|TBE 1 —FH (Sakama & Inoue, LPNMR 1999)

« B D(Z1E - T (Inoue & Sakama, ICLP 2002)

« &K% (Sakama & Inoue, TPLP 2003)

« VRT LEIE - ETIVIEE (¥)

* ILP (inductive logic programming)

c JEEFAMET OV I LICBITRIERT TR I a v oBEDTTHX
g avyA~O7AY 7 LZEE (Inoue, CL-2000)

(*) Bashar Nuseibeh & Alessandra Russo: Using Abduction to Evolve Inconsistent Requirements Specification.
Australas. J. Inf. Syst. 6(2) (1999)



HIR—kE & &S

Canterbury Cathedral, St., UK (Machine Intelligence Workshop 19), 2002



ARLRIV-TTRI 3V

c ARXRTATITLETT IR 3>y %EITH
« 3R 7 7 & 2 < 3 (law abduction) D —F%:

a. wERBIZENIBFRIICKY BT
BEOIyvT - D IPRRERERRET S

C. 'JFE%Z@EEB'$9—E/§7FE7&HH—; AR,/ EIRT B
d. #FH= %*ﬁ ZE L TELZENTE S

-EH%E %%fﬁ&mwzvﬁﬁﬁﬁéﬁ CHE ST
%75575:]\% EERy T T =2 b0ORFHNEREICER
X ERIFE (MIL) (Muggleton et al., 2013-) D FLEXAIAF T

=

»  Katsumi Inoue, Koichi Furukawa, Ikuo Kobayashi, Hidetomo Nabeshima: Discovering Rules by Meta-
level Abduction, Post-Proc. ILP 2009, LNAI 5989, pp.49-64 (2010)

» Tomonobu Ozaki, Randy Goebel, Katsumi Inoue: From Fifth Generation Computing to Skill Science —A
Biographical Essay of Koichi Furukawa, New Generation Computing, 37(2):141-158 (2019)



increase_sound_

)( 9 l//\‘)l/7'7“$?“7 :/ 3 L_ J: %*ﬁnﬂﬂ 71: volume

B: linked(increase_sound, bow_close_to_the_ bridge).

bow_close_to
linked(bow_close _to_the_ bridge, stable_bow_movement) v _the_ bridge

linked(bow_close to_the bridge, smooth _bow_direction_change).

linked(smooth _bow_direction_change, flexible_wrist).

smooth_bow_
direction_ change

& linked(inc_sound, keep_arm_close).

& linked(stable_bow_movement, keep_arm_close).

& linked(smooth_bow_direction_change, keep_arm_close).
A: caused(X,Y) & linked(X,Y). : .
caused(X,Y) < linked(X,Z) A caused(ZY). 0) ®

G: <& caused(increase_sound, keep_arm_close).

H: SOLAR 7515 L 7252 D RER D —2 (XIEHTAREE ICHY) - -y
X (linked(stable_bow_movement, X) @ kee;;_one’s_ @
A linked(flexible _wrist, X) @ IECE

A linked(X, keep_arm_close) ). @ =




BOMRZLDOY 78T ET 7 I MR

promoted(X, Y) € triggered(X, Y) A no_inhibitor(X).

promoted(X, Y) & triggered(X, Z) A no_inhibitor(X) A promoted(Z, Y). * IE/%\ U)&ﬁ% zH D . %Z\\ v '\ |7 —7
promoted(X, Y) & inhibited(X, Z) A\ suppressed(Z, Y). © X Q L~y 7 ﬂ 7>axl j' %
T 7 AL R

suppressed(X, Y) < inhibited(X, Y).

TEi’%I?b‘b@%ﬁ*i?i &I T A
DEENTWERELTEFEL
7ZL WIGEIC DA E <

suppressed(X, Y) & inhibited(X, Z) A promoted(Z, Y).
suppressed(X, Y) & triggered(X, Z) A no_inhibitor(X) A suppressed(Z, Y).
& promoted(X, Y) A suppressed(X, Y).

-——-____--------~

uv uv ~

cancer NC cancer

triggered(x,uv) A 3C (jointly_triggered(C,mdm2,x) A inhibited(b,C))  triggered(x,uv) A 3C (jointly_triggered(C,p53,x) A inhibited(b,C))
»Inoue, K., Doncescu, A., Nabeshima, H.: Completing causal networks by meta-level abduction, Machine Learning, 91(2):239-277 (2013)



03EFEAIHMEFELERE

) 5

=HBg & A -
BEZNEREHILSLIYIT VAN
ESRVE =E s

BRFE7Y) v TILFRFR A

+ =B




eI

> HEwmBE: ATHIEE

T7X7yaryTEON-IRRER
2F L. A@%%ﬁﬁﬁﬁmb\ﬁt
WA ZS TRz EH L TIT<

;7&7/3/9M&9%%@ﬁ4
DR REIN, BIFERmILE
INnTWL<

EREwECEREENEE

I—TEED R WIS ERS S &
HEORRIC iﬁvoﬁﬁw

Robot Scientist (King et al., 2004-2009)
TEEB TINLDERZHEIEL.
T TR 3 IISOLE Y & F

mDER - FRY A7)

fit

IBEGER
N AN

Rl

(F185)

CLARFENERE, BFIEHRBEFSEE 98(1):35-39 (2015)



Egg

VAT LENFI I BERER - F
BERL

& S5 (B) P T

i (FENE / SR EE &)
IRz AT —X
(P ZTHEER / KEGG)

CEAGIESS

BAHEO

B ILIRGER

e, Taisuke Sato, Masakazu Ishihata, Yoshitaka Kameya, Hidetomo Nabeshima:
bductlve Hypotheses using an EM Algorithm on BDDs. [JCAI 2009

»  Katsumi In
Evaluating

)>O



i ° i A EE % — U y 7‘ BIOENGINEERING AND HEALTH SCIENCE SERIES
H F'

Logical Modeling

- EEREOBGZRAEHKWCEGRE L L TEEWICR® otiBlglogical Syatems
. FHEBEZEOSE—ELE L TROEMRIE % #HH |
® E/_\EE E/j EFE Hﬂ _ U E F”ﬂ %_'2 0) EE%Z'I:’: b§§ % Luis F:::‘it:sdd:‘: Cerro

- B=Em BEFEEYZEAHE -DB) 2#-7-%H Katsumi Inoue
. 7f_ /\ﬁ IZB T B IR &

. IR Tﬁ%@@%ﬁﬂia?ﬁ@?&%

. BEENMIFEIC & B EERETEER
-y\lv—yaytﬁb%%?wﬁﬁi

s MEXREFEBEOEEICLDHER - FEY —

. LTK?/K.:%T%TTONFHEE@T?Z\ v kT — 7 A EmIBRIR
s XY NT—VUR TR avIlELBIy T oREB

» Luis Farifias del Cerro, Katsumi Inoue (eds.): Logical Modeling of Biological Systems, Wiley (2014)



R D ERRE
*2011F3H  EHAKENX

«20208E3H : COVID-19/%>F I v ¥

c FERICHEIRICEmL -, ffEEE LT HE5WLIE—AD
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> LR, #H LR, BILE, BEE, BECE, miliR: Y X7 LX - LY YT VR,
F1EIEBRRIZHANT 7 + — 7 L (FIT2012)

> Moshe Vardi: “Efficiency vs. resilience: what COVID-19 teaches computing”,
Communications of the ACM, 63(5):9 (2020)
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1. EXEOBREABRARERE/ABRIC, BELICTL T
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o LR - SiEEN
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NUHC

® H/LME SYSTEMS RESILIENCE ; ’Z& 5

2. LYY Iv b ROERE ~ AT & 2 56k SEx
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» Nicolas Schwind, Morgan Magnin, Katsumi Inoue, Tenda Okimoto, Taisuke Sato, Kazuhiro Minami, Hiroshi Maruyama:
Formalization of resilience for constraint-based dynamic systems, J. Reliable Intelligent Environments, 2(1):17-35 (2016)
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7=U7 2y b7—7ICET5HE
— Y72y b 7—2 (Boolean Network): Bi=TFH{H « 7 FILEE
®i7&$WZ/F7 IR F— T N FOEER, SV RT

EHFRBTHD-DOEE (7 —ILE) EFU T
s FEB 74 —FKNy IL—T%2ELKAF I XDEHN

D < Q. 3 IE7D77A@E”7_E|:FFH
’ G pAT @LE)T\ T TR —DFE
Attractor #1: (p,q,r) =
A’ I < —p. 101 = 010 = 101 =...
Attractor #2: (p,q,r) =
001 = 001 = ..
—><@

» Katsumi Inoue: Logic Programming for Boolean Networks. 1JCAI 2011: 924-930.

ze

» KatsumiInoue, Chiaki Sakama: Oscillating Behavior of Logic Programs. Correct Reasoning (Lifschitz Festschrift), 2012
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Learning from Interpretation Transition (LFIT)

>

Agent

Internal
History/ State
Experience

Attractor

1 1 1

101]11]21..‘1100 1 0 0 0
x3 — 0 ...... 1 1 1 1

Time-Series : : : : : : :
Data Xn 0 1 1 1 1 1

Vector t=0, t=1, - t=k—1,t=k t=k+1, t=k+2,---

Extensions:

* delays: Markov(k) system

* multi-valued variables™

* asynchronous update™

* nondeterministic™ /
probabilistic transitions 2
polynomial-time algorithm
continuous domains
neural semantics

noise tolerance

Input: pairs of interpretations of the form (I, I,,,) € 2H8x 2HB
Output: logic program P such that I, = Tp (I;) for any (I;, I:41)

[*1] Inoue, K., Ribeiro, T., Sakama, C.: Learning from interpretation transition. Machine Learning, 94(1): 51-79 (2014)

Applications:

* biology (identification of
gene regulatory networks)"?

* DREAM challenges

* physics (cellular automata)™

* robots’ actions in uncertain
environments™?

* learning agents’ logics

* strategies in games

* intention recognition

. etc.

[*2] Martinez, D. AIenya G., Ribeiro, T., Inoue, K., Torras, C BﬁIaIanaLBﬂniqmemgnlLﬂammgiQLELanmnthjxogﬂnD_us_Eﬁed& J. Mach Learn. Res., 18: 78:1-78:44 (2017)

[*3] Ribeiro, T., Folschette, M., Magnin, M., Inoue K.:
3593-3670 (2022)

grams. Machine Learning, 111(10):



https://doi.org/10.1007/s10994-013-5353-8
http://jmlr.org/papers/v18/16-326.html
https://doi.org/10.1007/s10994-021-06105-4

AN M7=y b 7—9D%H

Ezli

o 2R DRREEBORED (EE—D77 S0
S —MD5|E ZH9EE (basin of attraction)
(CETD

« LFIT (ver. 2013) (FCDIREEBFEHS 54
B#Ral%E 0.8 W THEHUIZ

» Li,F, Long, T, Ly, Y, Ouyang, Q. and Tang, C.: The yeast cell-cycle network « BDDZHRHU\/ZREJTZ)LTD X‘A(ZO 14)(;
is robustly designed, PNAS, 101(14):4781-4786 (2004). B U RB)%0. 180 T8

Inoue, K., Ribeiro T., Sakama, C.: Learning from Interpretation Transition, Machine Learning, 94(1):51-79 (2014).

Ribeiro, T., Inoue, K., Sakama, C.: A BDD-Based Algorithm for Learning from Interpretation Transition, ILP 2013, LNA/, Vol.8812,
pp.47-63 (2014).
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Integrating Machine Learning and Symbolic Reasoning

NOUE

aboratory

nference & ‘earning
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c Bon/ERzMEE L TEE LAAREE

TS XN

s HIFEVESRIILRAY 7 i ELWHEZE D Z & OREME
c X —SEYT 4 - JAXMME (ANX M) X0
o BEMER C NTRBEERD O ORI IETHY

\l

:> iWF Y (machine learning) OB EICEYRIRT S
ELJ‘&W%EOMJEIEEHE??’E REEATAHLETHLESES
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> Neurosymbolic Al

LLM/LRM
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SIS AIREL RIS - 8
SHEBFENDESHPYDEA

Al 5 F
+ BB - AR
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Neuro(-)symbolic Al

FE - #EERICED <GREAI 2 | Neuro-symbolic Al

« MIAVITAICH T 52D DFRAAVEIME (Leslie Valiant, 2003):
« RERA LDFE (FRIREIEEAE)
cFE L2 e oDHm (BE=UIE)

EIETAHI-HIC, —a—TJIAICEEFAI ARSI AT 7A—F
* Artur Garcez et al. (2019); Gary Marcus (2022); Francesca Rossi (2022), etc.
« RARIFRIC X, OBy T 7' 0 —F & Xt (Daniel Kahneman, 2011):
YAFLL (Za—FIU/RED) & YATL2 (RESUE/HE)



BEO=_2—AYYFEYy IA

« 79 IRy IV RBB AT LDI-HDAET IV
« Za—JLFxYy FT—=Ih5DIL—ILHE
s WHFEETIINERLUIRS2EVWE T 2mEREDOEE
c Ta— 7w&£?®n47UvbvaA
e T a—TI/NR— R naﬁi'%fﬁ—’uaﬁ—?ﬁ 12 & B IR R
- WHFBETILOHDEZLZSHERICL YR
o “a—TI)L/INR— /m,n*k%na??& T@ﬁ'ft (=B EBOHIKE)
o EESHFEDONRT FILERIANDIRSHIA M (embedding)
o EBiEEICHIT A TR, MBI O IIVT, TR 3V
« M7 7 7 (Knowledge Graph)if & A &
« AT IZLER WaRgEIns7 vy

» C.f. 6 patterns of neuro-symbolic systems by Henry Kautz (2020)
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A) KB FEICED GRIBRIR - #EEG (%)
1. &A% (linear algebra)# AW -@mEB 7077 I v
2. |, o EIgE(differentiable)i@E Ao > o
| RBEFiEOER “) BEENS Al AT A

§ Trusted quality Al systems
B) #l# &Y A=Al - EEFEBEXT L |[:> :
1. BENEE - MERFREEZE~DFFIDEA M -
2. B AEEE L 7-EA

(*) Katsumi Inoue: Algebraic Connection Between Logic Programming and Machine Learning (Keynote), FLOPS 2024



https://doi.org/10.1007/978-981-97-2300-3_1
https://ml-sr.nii.ac.jp/

REMWIFEICED { RERIF - #: u)
— B #eAWESRE7 070

- Hi@ET B[EE (Sakama, Inoue & Sato, 2017;2020):
. RIERB(encoding): X7 FIL - (TH] - FrUIILERAWS
« Et& (computation): TN O DERICX L TRERECEE 2 BHT 5

- P (GHRE) 0T T L - HE—1T5 M,

o [ (EB)EZR Y L T/# (interpretation) =X 7 Ly,

«J=T,()={h€HB | (h < b;&..&b_)EPand{b,,..,b }CI}: 1A T v TH

c ZDEE, JIFITH - XY MILELREBER#OZAWTRON TETER B
v,=08(M;, * v))

Il %‘$

- HIGFEhBFHE:
o THDRA/NRN—=MEZFIA L 7-E®RETE (Nguyen, Inoue & Sakama, 2022)
« GPURTEICLZWHNME - AT —FED T4 +BRETEICK 2SR
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o Hi@BI BAFEE (Sato & Kojima, 2019):

 }85<B9%4(loss function) J] D EXE aJ (x)

C FUYLNRTA—R xEHD ] OEHERIMLEIES LTERME L 9%
o HEXRHILBCPET % (SDG)/NewtonBIC LY JAHTR/INET 5 x #51E

c Jx) =07l x 3 (EBERYHT - ZEETI - XFETILE)
e x Z2ET >~V ILICEEt (thresholding) (FEMI BIEESRSY)

- HiF SN 53 E:
e HEEMICLBZONZ ME - /A M
o WIILFAT/GPUILHIFTEICLE AR T —ZEY T4
« Ta—JIR - HEMFEELOEERSME
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— ks

REBET 7 X

27 < 3~ (Sato,

Inoue & Sakama,
IJCAI 2018)

lgél l_mzl /ﬁﬁ\%ﬂr—'
(Sato, TPLP 2017)

P77 Ry 3y
(Nguyen, Inoue &
Sakama, ICTAI 2021,
PADL 2023; ICTAI
2024)

M9 Al BE ASP
(supported
models)
(Takemura &
Inoue, LPNMR
2022; ECAI 2024)

M RIBE LFIT AN
(transformer-based)
(Phua & Inoue, ILP

2019; ILP 2021; NeSy
2024)

Al BE LFIT

(matrix learning)
(Gao, Wang, Cao
& Inoue, MLJ
2022)

mE/R T I
7 (LP) "By = ETE
(Sakama, Inoue &

Sato, KSEM 2017;
AMAI 2021)

5> RIBE ASP
(stable models)
(Sato, Takemura

& Inoue, arXiv
2024)

—FE R P FE

(Gao, Inoue, Cao
& Wang, [JCAI
2022; AlJ 2024)

AN — ZE (T
% LPETE
(Nguyen, Inoue &
Sakama, ICLP
2021)

ASP (supported
models) (Sato,

Inoue & Sakama,
ICAART 2020)

T—V)T o2y
fO—OFE
(Sato & Kojima, KR
2021)

SAT (MatSat)
(Sato &
Kojima, PoS
2021)

BRI T— 25
D7 0 b L\.—LJ?

(Gao, Inoue, Cao,
Wang & Yang, ICLR
2025)

DNF =& (Sato

& Inoue, MLJ
2023)
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% ROAD-R Challenge for NeurIPS 2023

REPE L 2k e apEE~0GA | [N T S
. v1b9‘-7&ll«%ﬁ:mﬁk
cMMEXTIaryxAayr— 3 yoRH
* ROAD: ROad Awareness Dataset
« BEN— FHIK (WESRHE) OEA
-Eﬁmuﬁﬁfﬁnm
s EFIZRIFFICHREFICIE RSN
e T — 1V Fb‘ﬁ‘ﬁﬁLﬁL’Cb\#’Lti\
HITENBEREICE->TWD

* ROAD-R: ROAD with Requirements [1]
o Tk I FRIEFAMERM 7 ILTY X L%EYLR [2], Partial Weighted MaxSAT % & A
« NIF— LR Task 2 (@9 & 05 BES. Task 1 HEREDOH) 347

« S, MOMEEIC BT B HIFIT T BEIRAEC BT T EER - BEEKAICER

[1] Eleonora Giunchiglia, et al.: ROAD-R: the autonomous driving dataset with logical requirements. Machine Learning, 112 (2022)
[2] Moriyama, S., Watanabe, K., Inoue, K., Takemura, A.: MOD-CL: Multi-label Object Detection with Constrained Loss. arXiv (2024)

https://sites.google.com/view/road-r/dataset



https://sites.google.com/view/road-r/winners
https://sites.google.com/view/road-r/
https://sites.google.com/view/road-r/dataset
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