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1. INTRODUCTION

- IRRDAIFATOEFEE . 2. BFRAIgEE. SRIAE(EICEAL T, —ft=ERIFER
TRabEEF>TLB[1]

[1 Y. Yang, et al.(2021); "Multiple knowledge representation for big data Al: framework, applications, and case studies,"

¢ AIFFE%EE@Zj(/ /JII..
> Symbolism

> Connectionism : DNN. ##2RNDEEZ, fault-tolerant. J%‘ﬂ’ﬂEl’J?E'
BRETNACEEIE R+ T —F LR, FRIENICTE

[2] J. Haugeland (1989) ; "Artificial Intelligence: The very idea".

[3] J. Zhang, et al.(2021); "Neural, symbolic and neural-symbolic reasoning on knowledge graphs".

mEDREHES : Neural-Symbolic Computing
ST (BN 52NN EHR AR EN SHRT BEEN) £\ D 2 DDEAMRNAE
[12, 13]DHMEERR
(P EFRICE D <HETHRINNFE & BATEZRIRICE D <SRIERVERERHER)
[10] B. M. Lake, et al. (2017); "Building machines that learn and think like people".
[11] G. Marcus(2018); "Deep learning: A critical appraisal".
[12] L G.Valiant(2003) ; "Three problemsin computer science".
[13] A Garcez (2019); "Neural-symbolic computing: An effective methodology for principled integration of machine
learning and reasoning".
[23] V. Belle (2020); "Symbolic logic meets machine learning: A brief survey in infinite domains".
[24] L C. Lamb, et al. (2021); "Graph neural networks meet neural-symbolic computing: A survey and perspective".
[25] D. Yu, et al. (2021); "A survey on neural-symbolic systems".
[26] E. Giunchiglia, et al. (2022); "Deep learning with logical constraints".
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1—1. Neural-Symbolic Computing

- B - TEEBRYSFNEE]) SR (FATRCEN SRR T ©8E7]) D12 13
(VUM ZXLEDARTIIAZXLDINAT )Y E)
(D EEREICE D <HETRIRNEVFE + BRTEIRIRICE D GRERVEZENHER. F)

- IFSREE:
> HREHERIEARS, 16]
> REMNERIGEN7. 18, 19]
> fHE— > fRF120, 21]
> Ot AHER22)
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1—2. Symbolism (JL—ILR—ZDEEEHTETIV)

© ELEmEET IV
: [EES I ABREDERE(L
D RS RRICKDNIIN IV EERIEEE 12T B3R TOERMES &8 E ]S

- TSR
. 19507 tIE~1980FRELDAINS < THFFA
> &

: DIHRANT I TIVUDBEE LTS,
. EESHEEERIT & T BB OBRERIERIEN AI6E

> Re
 )—IUR—R (FEBRENIC L DSBS e )
- )= IUA\BARER A B9 A IO ND—R%{LEENICRR &L
: BRI EESRIBEN—IDEEIC. Z<DIN\IRF1—ZUTEENNE
: BBER T/ M ADNZW\T—Y IR U TAES (REFROMEZIRD ICIE A19)
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2. History : NeSyzs%iz

- NeSyi#=%17(20055F)
Neural-Symbolic Learning and Reasoning Association

> XOAYRTSUR-IT4 VNS THEIESNIZIJCALI 20050—1R&EULTHIHTH
fESNi=J—o3vJTNeSy 2005 1Hh2R

> I BEMIE. Symbolism(Ge5imiBEMR) & Connectionism(DNN) Z#&&
L7z“Computational Methodologies“Z#gERd s _& 14l

[14] T. R Besold (2022); Neural-symbolic learning and reasoning: A survey and interpretation”.

> Executive Board :

Artur d’ Avila Garcez, City St George’s, University of London, UK
Tarek R. Besold, Sony Al, Barcelona, Spain

Ernesto Jimenez-Ruiz, City St George’s, University of London, UK
Leilani H. Gilpin, UC Santa Cruz, CA, USA
Pascal Hitzler, Kansas State University, USA

> Sponsor :

Carnegie Bosch Institute (H—%F—XOKZE, RIVIIVINZT)
AllegroGraph Franz Inc.

> 2010FR. DNN7—F70FvODrINICELY . NeSYDFEHEK T
> Nesy-2025 (3198, 9H8~10H) : https://2025.nesyconf.org/
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2. History (NeSydD#Ffg& E:a D))

- McCulloch & PittsD1943FMzmX I TRUTZ. [Z2—F bRy NE T—IUAK
B(BRA—MEY) EEHMGRBEEEITITDIEDRERIL.

Symbolism&ConnectionismDEEDEFE R Z 07228, 29,141
[9] W.S. McCulloch and W. Pitts (1943); “A logical calculus of the ideas immanent in nervous activity”.

[14] T. R. Besold (2022); Neural-symbolic learning and reasoning: A survey and interpretation”.
[28] S. Bader and P. Hitzler (2005); “Dimensions of neural-symbolic integration - a structured survey”.
[29] A. S. Garcez, et al.(2009); “Neural-symbolic cognitive reasoning’.

+ 1990FNN 5. NeSYyH AR DEF &RV IR,
2000FMRAFAIC. NeSyICBIT 3 ARMRHZE N AE /=311 1301
[31] G. G. Towell, et al. (1990); “Refinement of approximate domain theories by knowledge-based neural networks”".
[30] S.Shi, et al. (2020); “Neural logic reasoning’”.
[32] J. B. Pollack (1990); "Recursive distributed representations,”".
[33] L Shastri and V. Ajjanagadde (1993); “From simple associations to systematic reasoning: A connectionist
representation of rules, variables and dynamic bindings using temporal synchrony".
[34] S. Holldobler, et al. (1991); "Towards a new massively parallel computational model for logic programming".
[35] A Garcez and G. Zaverucha, "The connectionist inductive learning and logic programming system".
[36] G. G. Towell & J. W, Shavlik (1994); "Knowledge-based artificial neural networks".
[37] T. A Plate (1995); "Holographic reduced representations".
[38] I. Cloete & J. M. Zurada (2000); "Knowledge-based neurocomputing".
[39] A. Browne, & R. Sun (2001); "Connectionist inference models".
[40] A S. d. Garcez, et al. (2002); "Neural-symbolic learning systems: foundations and applications".

c NS T—FTOFvIE EIT/N—RODYIOHRDI=HIZEHRTINTULD =6,
RIBFERES 0. KEET —Y DO#EEREE N NAMEN o /2301,
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(%) [28] S. Bader and P. Hitzler (2005);

"Dimensions of neural-symbolic integration - a structured survey”

B U TOSEIC, —a1—SIb-V UMy EICRAT dBFERE = ARNICHELE
a) 335 (Representation)
HEPRIEEEDLDICZ1—IIIRY N T—IIZTRFE{E1T D
IR\, fpREsmiE, — S EERIERE T E DRI T DN,
b) ElksE (Semantics)
Za1—TIbRY D DEAEMELEERIC. SmIENRKRE R E O NS D,
HRIBETETIVEDEEENHDINE DD,
c) #im(Reasoning)
Za1—JIbRYEI—=0ZRAWT, EDKDRMESRH RIEEN S
HRIBNIEEEET 2D\ BINAHEENN TS DD,
d) & (Learning)
SEEMNHESESDINET. Z1—IIRYNIEETE AL,
HEMBHY -HERRUFEE. IV —IVDOFER. INSA—FFRRLE,
e) EX(Implementation)
HEO7 IV XL —F T I0F v (IR SN/ZRBFRY R T—0712 &),
VIOV —ILF Y DERME,
B ERECEE
« 2 —ZE )T DES - BRFREJREE S TSV IRV I RAEDINT IR
- FEEHROFE—HIEROMHEE - BSTETIVONBMEOELE
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(%) [30] S. Shi, et al. (2020); "Neural logic reasoning".

REFE AV GRENERZITO IEZRSE

> Za1—J)IbRYMERIEBRNRERIZEDEIDICI/ROMN ?
C ERIBET — b ERRBULERY N =0T 12— I EEO T —FTIOF v C.
nRAmIRtEEm ZIT\\ #HEEmIERZER UL D & LT,

> TNZEEIIFRT DN ?
b FE AV RIEERZERFETED
GREEFMEERD I RV (CH W CEFEZR_TIRINALNT)

> N\—ROIYIHERDIZHITHREBICEZESTIN LD S, KIRZ=FEIT D8E
O, KIRETEBEBRED /1 XDZ\T—9%H#mdT DEENICRIFT T,

> Z1—=JIRYNT—IR=RTHBH R TOLANTSVIRYIRT
&Y HESRIGROBERIEN RIL T LV,
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(&%) [28] S. Bader and P. Hitzler (2005);

"Dimensions of neural-symbolic integration - a structured survey”

Training
Refined Knowledge
Representation
Reasoning T Reasoning
symbolic System Connectionist System
Expert Knowledge Extraction

Figure 1. Neural-symbolic learning cycle

F114E ARATIHERZE BE HAERE 2025/7/30



P-3ZF~AL

3. Background and Context

AITFREDNeSYDEZ 25T DK D ITR DTz ;
3.1 ABEDZBHMDET IV
3.2 ORVVAZRLED IR XLDRE
3.3 AAAI-2020M#/& — 3.3 Current Debate on Al [Z1§#
> VAT -RIIF TA)—-R—HADEIRIA—IVAIT 1 R—bDFE 45]

> AAAI-2020 TJ7Av—tAbxak (EVRARDIFAIVAD)
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3.1.1 IERHERM TS DD HREEIEEN 7 dhEEmEYI DN 7?7

+ ANEDSRHIL. [FEA SRR AR (RE) [CTET S, 0T AT=1—0Y
TIRERZOIEEERCINIE, DV 1—9—CHRENRIET DE
(ARDVIAZRDRER)

. :Jj_j Zﬁﬁt%*/\g Jb\\ /I ﬁ:ﬁéﬁq:/;%\ I:IE'| I8N %E\ %EE?\/;&A-E\ Eﬁ%\
. K 8IS, RERHRE S DS £ ABIERE SRR T\ D,

- ANEIDBE(, VUMLK —RAD@EBICHKFL LS ERHRFEZEDRER)
: ECmamiEld. RN ER ISR E 1T DBRDIRE I 2RI LIz E D44

» [2DOHWRIE (FERREIE EhEEamIEY I D) 2 iU DT fi— 921, BHULIZE,
[P RO SEESIRMFE LIRS E D1 DVLINHADTERIERDEFIZAS 14,

[14] T. R. Besold (2022); Neural-symbolic learning and reasoning: A survey and interpretation”.
[45] G. Marcus (2020); "The next decade in Al: Four steps towards robust artificial intelligence".

[YoK]) I D IEEEEDIELE X ARIVI AN TOEA EDESE L MU —ZH] ?
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3.1.2. Deduction ;E#E) vs Induction (J@##) [46]

CEETIE, TRERIEIC & BEL AL ORI BHIES S
L AR SHRT BHDIEERY R T LB S~y FELTREE.
L ATITON Bl B SOBIROBSD S S EIR B 2 40
| HBERRT 30 OIREEORRNEREBHEL TR,

- IBIERIE. T Z1—S IRV N D —D(C L DHETEE | CEAMEN 5 D (48]
D Za1—JI RV =D BRETRIC AN EFRIR | =2FE T D,
. REBOEHRHNSRELT Y THIRR LR A TH =231,

- EENHERCIRINZEEOBRREBE T ENTAIR

: MEERAECEZO0NAMEEETIANE
: ABIDERHD E DR NESHI T, EDERDHIRETHIRDOMNI DB TT AN

['YoK(] i PR 760 % [B] % 0D AT 3 445 (LR AR C L 0= 75 & DI | 0EERY 7
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3.1.3. Compositionality (D fErIgelME) vs Continuity (59 RIgEE)

- RELVRF—DIEBFRORBEER (Central Paradox of Cognition)] 59

[55] P. Smolensky (1988); "On the proper treatment of connectionism".

: ANEIDERHIE, 587V REBRETNALRE N EHRF 5 BEERICERICTFET SHRD
RREZRDS CENTETDOIN, XEEMKIL. BRI REESHE CTH D,

D DEGHEIRIE GEHAN D MVZEEARDMREETR) 1 & BT IRE (Bt L5 S
BEIE) | OmAICERISLT DHUVWVEBEANZIXLNBEE LD,

L &18
= Neurocompositional Computing &zl
EGHSZ1—ZI - A 1—T A VI K> THEIEENIEZ BREERULELOETD
[7] P. Smolensky, et al.(2022); "Neurocompositional computing: From the central paradox of cognition
to a new generation of ai systems".

- Continuity GElE / Mo rTsEEDIRR,. R EEFHRLICEDRER)

- Compositionality (9 g2agelE. TR & RMNEIFEHIRIICE D<K BfZ)[51,52,53,54]
- NeSYDO BB EREIL. AEL VA F—EDULE >TSS,
NeSyl&. Za1—3J)U-770O0—F(DNN) &)W o - Po7O0—F(TOT L)%=
wEETELE/NMT)YR-IRFTLEBIELTLS,

[YoK] Neurocompositional Computingld. [Z1—2 LR vrcTJ—0ZB\ /=B R 17255,
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3.1.4. System 1 vs System 2.

- Kahneman’s ‘fast and slow thinking’ theory!(57

> A=Y UOLEWES (B, F5RN. BEEN) & \VEZ GRIER., S5
B 16, NeSy’(‘DP SmolenskyDFFZIC LB 56]

AT LN EVRTL2O8EIE. ORI VIZRAMED IR YO DEFEELD
> BRAENEIR. VAT LATDRBEEIZATL2OBZEOWAICRSNDT],

> BIFIRATL2ICESRVWERRTEH BN, Y RTLTIC K> TR
TEBLDIIRBDENH B [56])

> JZTAZE—EL/TW%E'JLEFH?%L_KT VAT ZHETDIEMNT
T FOER. VRATL2HMEESN., D4 —RINY D )L—TICDeh B,
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3.2 NeSy: Best-of-Both Worlds FAZE RERAEE

- NeSy#HEDHFEB R
. IRV RhEEEmRBEHAENETZComputing7—F 7o F v

: DNN&EESHHE(TOT 5 L) DR/ B ZE 5T

Ax9a=—X i (Connectionism) | SE58972’0—F (Symbolism)
RFT | - £57 9D SDFHETRINI—2DDFEEN | - mIBAHE R/ RIBNEIETICENS

/8=

== - AERICEVVERBAETREE S D
P JAADZNT=FICHUTEONRN || spesetm -m\ZS==E451F
- EREVSHIRT (B DRR. F) ICH/X A3
KGR |« TYEREITHET D - FIRATBETEDYE LY
c TIVIMYI W © FRIBAMCHEL Y,

(RRRRE 7O XDIEEHHREE)

[YOK] IZa—ZILR YLD —UTERIETIT RV ERRUTVWSDIITEEE.
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3.3 Current Debate on Al sl

- ORI ZAS7PT7O0—F(T14—T35—Z07) JICIE. FZR S b dr B 168l
> TR
> IR AR
> FERBEYNE
[45] G. Marcus (2020); "The next decade in Al: Four steps towards robust artificial intelligence”.
[68] N. C. Thompson, et al.(2020); "The computational limits of deep learning".

c AZTIV-H—RX VT -0 . 327 RODA N2 )VOIICKBAAAL-
2020 TJ7AV—H1ARYE8 (https://wwwyoutube.com/watch?v=UX80ubxsY8w )

>NV—AX 1 IATIYRIRTLOEZ R Z5H ( TO/NANIATHEEZRIR
9 DO MR L T HERICES/RIB/IRIFCEDVRTLERERT
BIZHDIV—LT=IONEHD)

> bR 1 DRAEDTZOICIE BTSRRI ZFS. TREREIN TV SBE
531 [EEENHTRENG<TE. DLTEESDRIEDZ<Z/DIENTET DI,
[EESUIETIE, ToICEMNGRIE RSN ]

> D=V VRATL2GESRF)OEZEZMEHE (ORI ZXLEIIR
UXLDINAT)YRDOERRDETIEERNAHNDSN LWINICLTE, Ftdk
DAY AT LTRSS ER D BESHREITOCENTEDIRETH D))
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4. NeSy: Taxonomy and State of the Art

F4.181 © NeSyDhn3a%
LUR & COTE TORaDIRFRER

EA2E © Za1—3JI-IURUYIORE
£4.381 @ KR

F4.45 1 FEBEDIAH

£4.581 © HEElE
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4.1 Za21—J)- IRy IR EaIREDDEE

Sebastian &Hitzler (2005) [28][F, Za1—3IL- IR OBmERARICIEL.
AZRRE (AREEREE. &3 “dimension” &L\ ) Wb B & Uz,

[28] S. Bader and P. Hitzler (2005);"Dimensions of neural-symbolic integration - a structured survey".

4280 1 Z1—32)- IRy IRE (neural-symbolic integration)®
& E(7—FT0Fv) IICKDHEE 58]

[58] H. Kautz (2022); "The third Al summer: AAAI Robert s. Engelmore memorial lecture".

4 .38  HEDFRITAEICLDDEE (knowledge representation)
: FIEERIAIL. Ee BN RIBRYDN ?

4487 @ HEIBSDIAFENAICLDHEE (knowledge embedding)
C Za2—JI- NI UDEDEDICEESRNREN e INS D ?

A 581 : BeEMIC KB D%E (functionality)
: %Dn&@ig&bﬂﬁmt@L*ET\ naﬁm%unﬁkb\%bm < n%b\ ?

: TSDRIE, v I —ODRL—=U T FY NI —ODT—ETITF b,
RISBVRHER DR BRATTENRINTUVZ (DY, +2 ICTHR AR
BB TS EENWATEL), - BEORYFI—2. 65 CH
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Figure 2: Our four-dimensional taxonomy for NeSy.
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=T OF v DIASE! Pt

[58] H. Kautz (2022); "The third Al summer: AAAI Robert s. Engelmore memorial lecture®.

Neuro SymbolicO#HEEIE. XV T—0 - P—FFO0F v EULTOHEELIAICE
—SDEIIE, RV T —0DRL—Z27T, jﬁnﬁﬂx:—%@l*IT:E)*ﬁ:j_‘vnTL\éo

- Type 1 : Symbolic Neuro Symbolic
GEEBALEAERFOZ1—JIRVET—0, BREODDLOZERRE

- Type 2 : Symbolic[Neuro]
(BEBUIBATOO7E. Z1—JIVRY N ZERNE I DT T —F NSRBI T L)

- Type 3 : Neuro|Symbolic
(Za—3Z)IAABED R OUBAEE/ERU. TRV ZEITOVRAT L)

- Type 4 : Neuro: Symbolic=Neuro
(Za—3SIby b T—I 05 EPHAAF DRI, M E 2L —ILE U THRAAD I T L)

- Type 5 : NeuroSYMBOLIC
(ECEHIHNEZ DNNDEFRICER TN D IEREEDEMR R T E U TR,
DNNOEADHIZHI#ZIEDIAL YD)

- Type 6 : Neuro[Symbolic]
(Za—Z )by hRBEDHPICEESHRRIE T HHAAATETBDORIE )

£1140E NAAIHeEimsie HY HEEE 2025/7/30



Type 1 : Symbolic — Neuro — Symbolic (FR1Z&88)

B I78(Z1—2I)bxvkD—2) + EBS5ALEH OY91T

NEURAL NETWOEK

e — H

E

-

O
035>0

dm crizel o
v

word2vec[59]. GloVel[60]&&IC VIRV O REEICEK>TESOATI
KO TRINVIEDIAHCELEINSD, ) —FKIEESHICEBEIND,

- NLPZH. IREEDDLOZERRE (ZDYM1TENeSyEIXIFEUDIS5L))
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= 1

Type-1 & Type-2 @

Neural-Symbolic Knowledge Knowledge Functionality
: Method . .
Integration Representation | Embedding Learning | Reasoning
word2vec [59] - - v
TYPE-T [
Glove [60] - - v
SymboLlic NeUro SymBDOLiC [ s
GPT-3 [61] - - v
AlphaGo [62] - - v v
NeSS [63] - - v
_ Programming B
Type-2 PLANS [64] Language v
Symbolic[Neuro] VisProg [65] } _ Y v
HuggingGPT [66] - - v v
ViperGPT [67] - - v v

5£114[1B] JNAAT &g

By HEEE
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https://arxiv.org/html/2210.15889v5#bib.bib61
https://arxiv.org/html/2210.15889v5#bib.bib62
https://arxiv.org/html/2210.15889v5#bib.bib63
https://arxiv.org/html/2210.15889v5#bib.bib64
https://arxiv.org/html/2210.15889v5#bib.bib65
https://arxiv.org/html/2210.15889v5#bib.bib66
https://arxiv.org/html/2210.15889v5#bib.bib67

Type 2: Symbolic[Neuro] (Neuro Subroutines) rexF

(F128)

B O7EGEESUEZIVOVXL) + ST —F(Za1—F LRV EARE) DR T I
(—f%IC . EEBUIEERE — 1 —ZIVALEEERDfE S [ENarrow)

SYMBOLIC MODEL

T:t.' NEURAL NETWORK

- DeepMindMAlphaGo 62! : [V ILIN—IEE T HIOKRZFER7ILVIT) X
RSN a2 —S IRy T —2,

- NESS 631 : Z3—F )by bT—2(seq2seq)ICL D TERITAL—RAZER L. ERZEL S
BR7IIVTIVXLTET. (FEROBAREIO—M{EEELE.)
[63] X. Chen, et al.(2020); "Compositional generalization via neural-symbolic stack machines".
- Plansté4]l : Z1—3I)LbRyREDADEIEN SRR SELNILDERZE L.
M ERERC, SESemEBER 7T XL TERZEITD.
[64] R. Dang-Nhu (2020); "Plans: Neuro-symbolic program learning from videos".
- VisProgl65l, HuggingGPT66], ViperGPT TR E Dl D ARFIRSZET I
(LLM)R—=RDAIT—I TV hZFHFE BRI R IDE T T IR DFCHERLU TUE




Type 3: Neuro|Symbolic (Neural Learning + Symbolic Solver.)

(R2ZR) P6ET

- Za1—JIABED R OUMBAEBEERU. 5SHICYRIZITO VAT Lo
(Type-2—1—0OFIFTF TIV—Fz>7=h\ Type-3ldmEBNREBEERIT2IN—F2,)

SYMEBOLIC MODEL NEURAL NETWOERK
N ©
o oZ3>0
O
[84] : TV UINKIVMBEFEBE DV NIVGRIBHRZMREEAMICIT I OL—LT0—0
[84] W.-Z. Dai, et al.(2019); "Bridging machine learning and logical reasoning by abductive learning".
[18] : Za1—3JIHMEEY 1—ILHARERNESEFE,
SLERHERTEY 1—IUAEEENTOI S LEETLU. BREICIRE TS
[18] J. Mao(2019); "The neuro-symbolic concept learner: Interpreting scenes, words, and sentences from natural supervision".
[70, 71, 69, 72,74, 78, 85] | T4—TJ5—Z20%KM&EERALT. GLANILDY RO
Rzmicdees 07 3L IV—IVIRTLZEERT D,
[79, 75, 76, 77, 80, 81, 73, 83] : Neural-Symbolic Reinforcement Learning
RLICK > TERINSIEESHETHEIICTYRIMETIN, FERN O EESHETEZRET Do

- Neural Theorem Provers(NTP)[86]. Conditional Theorem Provers(CTP)[87].
NLProlog[88]. DeepProbLog[89]. NeuroLog[90]. DiffLog[91]

Fig. 5
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HENRO—E

Neural-Symbolic Method Knowledgg Knowlec:!ge . Functionality .
Integration Representation Embedding Learning Reasoning

NS-VQA [69] Symbolic Expression - v
NSPS [70] Symbolic Expression - v
NeRd [71] Symbolic Expression - v
Synth [72] Symbolic Expression - v
NSM [73] Symbolic Expression - v
PS-GM [74] - - v
NS-CL [18] - - v
DSRL [75] - - v
CDSE [76] - - v
NSCA [77] Propositional Logic - v
HOUDINI [78] Programming Language - v
PEORL [79] Programming Language - v
Neuro Symbolic SDRL [80] Programming Language - v
SORL [81] Programming Language - v
RRN [82] First-order Logic - v
NLRL [83] First-order Logic - v

ABL [84] First-order Logic - v v

Neural LP [85] First-order Logic - v

NTPs [86] First-order Logic - v

CTPs [87] First-order Logic - v

NLProlog [88] First-order Logic - v

DeepProblLog [89] First-order Logic - v

NeurolLog [90] First-order Logic - v

DiffLog [91] First-order Logic - v

TensorLog [92] First-order Logic - v
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https://arxiv.org/html/2210.15889v5#bib.bib69
https://arxiv.org/html/2210.15889v5#bib.bib70
https://arxiv.org/html/2210.15889v5#bib.bib71
https://arxiv.org/html/2210.15889v5#bib.bib72
https://arxiv.org/html/2210.15889v5#bib.bib73
https://arxiv.org/html/2210.15889v5#bib.bib74
https://arxiv.org/html/2210.15889v5#bib.bib18
https://arxiv.org/html/2210.15889v5#bib.bib75
https://arxiv.org/html/2210.15889v5#bib.bib76
https://arxiv.org/html/2210.15889v5#bib.bib77
https://arxiv.org/html/2210.15889v5#bib.bib78
https://arxiv.org/html/2210.15889v5#bib.bib79
https://arxiv.org/html/2210.15889v5#bib.bib80
https://arxiv.org/html/2210.15889v5#bib.bib81
https://arxiv.org/html/2210.15889v5#bib.bib82
https://arxiv.org/html/2210.15889v5#bib.bib83
https://arxiv.org/html/2210.15889v5#bib.bib84
https://arxiv.org/html/2210.15889v5#bib.bib85
https://arxiv.org/html/2210.15889v5#bib.bib86
https://arxiv.org/html/2210.15889v5#bib.bib87
https://arxiv.org/html/2210.15889v5#bib.bib88
https://arxiv.org/html/2210.15889v5#bib.bib89
https://arxiv.org/html/2210.15889v5#bib.bib90
https://arxiv.org/html/2210.15889v5#bib.bib91
https://arxiv.org/html/2210.15889v5#bib.bib92

(%) [84] W. Z Dai, et al.(2019):

"Bridging machine learning and logical reasoning by abductive learning".
- BWES CREBERESRZ RS LZ"Abductive Learning (ABL)”Z1esR

- Z1—TIVRYETANBHmRD Sprimitive symbolsF DD RV EHERIL. FDURIL
[C.EEINIVZRF. AbductionTIRISED,

AbductionTf2 : BLUUSANILY BREEHAR—Z (first-order logic rules) &AL
o TEEREHT DIEESNIVEE(abduction space) Z4RL. BERiEXRLQEZF > TR
t—EBMOEME/HZE N (REFEMU. FHAL. tiE T 2 &0\ D TOTR 2@ U TRITIRERR
. FYU—EMHOFV\REBHRZTD)

Consistency-guided Selection®F : EBRREETIIVEESHERAAVICEDEIHERIELE
IRNIVERBU., CNZROHBEMEFSEUTHL S,

EFIVEH  BIEINEZEBESANIVE{FE DT Perception Model ZBillfE. CNz=igEYRL
W—TTEBET.ETIINERENMEEHERNAD—EHZEZH T,

<> /.,- Consistency Optimization \ [
. ) R " Lﬂ ical
Machine Learning > Pseudo- > hd gice _— { Labels
i labels Abduction

t

- Domain Knowledge Base |

Figure 3: The structure of ABL framework.
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(Z%) [89] R. Manhaeve, et al.(2018):

"Deepproblog: neural probabilistic logic programming".

- ProbLog &UL\SFERZM Prolog 2R—X(CUT. [Za—3SIIVFEEENEEEUVUTIRS ]
EWLVS 2T Neural-Symbolic #5879 %,

- WEERRBIERE DO SIV T CovEmiE CIREERIED I —IVEER L. TNICE DWW TR
Probabilistic Logic Programming (PLP) https;//nips.cc/media/nips-2018/Slides/12755.pdf

+ FEEHRDATY T FBIRTF7E< HITUTEITU . BINICA S 07232TF B

- HEERERICHAAFENTZ1—TIVRY IR N T IR Z. HEOT S LHNDERAS
BE(Z1—JIihiE) & U TRV, NS EBED ProblLog JL—)LN291HAENE T,
HERM I CHEER T Do

. %E’Cli HAITIDSRNIVICH UL 1 ZEFRU. aProblLog DAETEI U TH#EIC LY,
MR JOJ S LEDE—1—TIVER D DOmAZEMARIEEIC LT LD,

nn

side(coind,51) | |side(colnd , heads)

o Program side(coin2,52) | |side(coin2, tails)

”u.n:mnw- Jrounding > Ground rewrite / > P.VP | Loss
in :- heads. 1 1

T s i, Program | compilation L VL

¥

Query
win

(a) The learning pipeline.
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Type 4: Neuro: Symbolic=Neuro (Fx3&Hg

(Symbolic Compilation into Neural Topology).

- EBE: MEEESHIL-IILELTIVNMILLT, Za—SIRY D=0 D7—F7
79’..\7\ :E)LJ<IQ:\ ?%I*EI:%H%;‘&@DZ?—A [103, 97, 111, 94, 95, 96, 124, 125]

s ARV -FRRUFE T Y EUTERULEZI -3 DRI DEFD R T L8 99,100

- INERICES IOV SLEEKL. RITTDETIHRET D IERINETET L 10110210419,108,109, 10,105
- AR UTSRERHIRICHED K5« M 71EICHIFIRIEE D R % #H A 123,126,121

+ ANBOMHERET IVIC TSI 2R 9 128080,

» 05721 —2)bxyhTJ—U(GNN)C SR & KA E B EEDAH . BERUECE A SEE
RLIBODMEAEZ [A]_E 1 B 2, 13, 14,15, 16,117, 18, 19,120, 121] _
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=3

Type-4 ) FHAENRD—E

Functionality

CCN+ [127]

Neural-Symbolic Integration Method Knowledge Representation Knowledge Embedding _ _
Learning Reasoning
SD-VAE [94] Programming Language Data, Neural Inference v
Tree2tree [95] Programming Language Data, Neural Inference v
JTAE [96] Knowledge Graph Data v
EQNet [97] Symbolic Expression Data v
DLSM [98] Symbolic Expression Data v
NGS [99] Symbolic Expression Data, Neural Inference v v
NeuralMath [100] Symbolic Expression Data v
IEP [101] Symbolic Expression Sub-Symbolic Rep. v
NSVR [19] First-order Logic Sub-Symbolic Rep. v
DrKIT [102] First-order Logic Sub-Symbolic Rep. v
Alps [103] First-order Logic Sub-Symbolic Rep. v
JILP [104] First-order Logic Sub-Symbolic Rep. v
NGCLP [105] First-order Logic Sub-Symbolic Rep. v v
NMLNs [106] First-order Logic Sub-Symbolic Rep. v v
NLIL [107] First-order Logic Network Architecture v v
NSM [108] Knowledge Graph Network Architecture v
XNMs [109] Knowledge Graph Network Architecture v
Neuro: Symbolic > Neuro Prob-NMN [110] Knowledge Graph Network Architecture v
LENSR [111] Propositional Logic, Knowledge Graph Sub-Symbolic Rep., Network Architecture v
CNIF [112] Knowledge Graph Network Architecture v
HHP [113] Knowledge Graph Network Architecture v
KagNet [114] Knowledge Graph Network Architecture v
GRHEK [115] Knowledge Graph Network Architecture v
Grall [116] First-order Logic, Knowledge Graph Data, Network Architecture v
KB-GAN [117] Knowledge Graph Knowledge Graph v
KRISP [118] Knowledge Graph Data, Network Architecture v
SGN [119] Knowledge Graph Network Architecture v
SGR [120] Knowledge Graph Network Architecture v
SYMNET [121] Knowledge Graph Network Architecture v
NSLMs [122] - Network Architecture v
MultiplexNet [123] First-order Logic Network Architecture v
C-HMCNN(h) [124, 125] Propositional Logic Network Architecture., Neural Inference v
SPL [126] - Network Architecture, Neural Inference v v
v

33

Propositional Logic Network Architecture, Neural Inference
| GelaTo [128] - Network Architecture, Neural Inference v _


https://arxiv.org/html/2210.15889v5#bib.bib94
https://arxiv.org/html/2210.15889v5#bib.bib95
https://arxiv.org/html/2210.15889v5#bib.bib96
https://arxiv.org/html/2210.15889v5#bib.bib97
https://arxiv.org/html/2210.15889v5#bib.bib98
https://arxiv.org/html/2210.15889v5#bib.bib99
https://arxiv.org/html/2210.15889v5#bib.bib100
https://arxiv.org/html/2210.15889v5#bib.bib101
https://arxiv.org/html/2210.15889v5#bib.bib19
https://arxiv.org/html/2210.15889v5#bib.bib102
https://arxiv.org/html/2210.15889v5#bib.bib103
https://arxiv.org/html/2210.15889v5#bib.bib104
https://arxiv.org/html/2210.15889v5#bib.bib105
https://arxiv.org/html/2210.15889v5#bib.bib106
https://arxiv.org/html/2210.15889v5#bib.bib107
https://arxiv.org/html/2210.15889v5#bib.bib108
https://arxiv.org/html/2210.15889v5#bib.bib109
https://arxiv.org/html/2210.15889v5#bib.bib110
https://arxiv.org/html/2210.15889v5#bib.bib111
https://arxiv.org/html/2210.15889v5#bib.bib112
https://arxiv.org/html/2210.15889v5#bib.bib113
https://arxiv.org/html/2210.15889v5#bib.bib114
https://arxiv.org/html/2210.15889v5#bib.bib115
https://arxiv.org/html/2210.15889v5#bib.bib116
https://arxiv.org/html/2210.15889v5#bib.bib117
https://arxiv.org/html/2210.15889v5#bib.bib118
https://arxiv.org/html/2210.15889v5#bib.bib119
https://arxiv.org/html/2210.15889v5#bib.bib120
https://arxiv.org/html/2210.15889v5#bib.bib121
https://arxiv.org/html/2210.15889v5#bib.bib122
https://arxiv.org/html/2210.15889v5#bib.bib123
https://arxiv.org/html/2210.15889v5#bib.bib124
https://arxiv.org/html/2210.15889v5#bib.bib125
https://arxiv.org/html/2210.15889v5#bib.bib126
https://arxiv.org/html/2210.15889v5#bib.bib127
https://arxiv.org/html/2210.15889v5#bib.bib128

Type 5: NeuroSYMBOLIC

(Symbolic Integration in Loss Function). (R4ZH8)

- se=HYRIEZ . DNNODOIFRICER SN SIEREHODEIRRY T IS U TR,
DNNODEHZJEEEG B [135 136,137,138, 140, 141, 142, 143, 144, 145, 146,139] _

NEURAL NETWORK SYMBOLIC
Output ENOWLEDGE

0 o —» Loss +——— $0 Q‘

CSHEBT N LR R — 2 (LTN) B 2138, O 27y 2 [EIFE04, VT D7 1 ST
D —WHRER (TP —EHRE)E, I U REERRT 31— SHBICEHL.
AEAR—RDY TR W OEBERD GEMRHERETTD .

- ZL<DIFE. TRIEO S XERBDREIDBRZERDIZHIC, E2DIIFRBEHIREEZ R\ 52 0¥,

[E] - LTNIE inAelgerimiBzin (A, V,7,=2) E=bF (3, V) & n e I 7 I«
wIBEEFCELUT BN, J7I 1B ClIE. ZHLL0, 1]NEBEOERBEZR D,
(TR —-TURDEFEBEDEDHIC. HBIBIL—ILERY N I—0FEBENICHEAAD)

- DHRREREITORICOSABEBEEBR I 7 TO—FTEH M 1,
(S ABEEIETEBEREERMBDm A E U THKAEET Do)

$114[0 AAA TRz BHY HAEHRS 2025/7/30



Type 6: Neuro[Symbolic] (R4=88) PS8AET

(Full Hybridization of Neural and Symbolic Components).
- B Z1—JIIRYrRBREORICEESHmRIE T A AALRE R X T LADITEH

- TOVIETR TSR ERMU. Z21—2 IRV I —0 &80 CaesEEDETZ
FEI N, BL, ENSOESHHEREEETE< RALAIVICE TR,

NEURAL NETWORK
O O O O
O
3 ég?g? §035>

[E] CNnlk. AAAI-20207T. Henry Kautzh'sEmgEEZfH TWLD EULIEYT1 T,
Kautzlx. 7176 DFE=E=KahnemanDI AT LTS LUV RTL2ICHHYT D E
AHIRUTWED T, Y1 TODFEIFHABRNDBHRN AEE THIRNRETTHDELT
LWzo BU. FDEDBEENZTRINeSYy 7 TO—FIESDETARIEFELRL,

F114E ARATIHERZE BE HAERE 2025/7/30



=4

Neural-Symbolic Method Knowledge Knowledge Functionality
Integration Representation Embedding Learning | Reasoning
LTN [131}][123 First-order Logic Sub-Symbolic Rep. v
Logistic Circuits [134] First-order Logic Sub-Symbolic Rep. v
LRI [135] First-order Logic Sub-Symbolic Rep. v
HDNNLR [136] First-order Logic Sub-Symbolic Rep. v
LES[137] Propositional Logic Sub-Symbolic Rep. v
Semantic Loss [138], [129] Propositional Logic Sub-Symbolic Rep. v
DANN [140] Propositional Logic Sub-Symbolic Rep. v
DFL [141] First-order Logic Sub-Symbolic Rep. v
LFIE [142] First-order Logic Sub-Symbolic Rep. v
Neurosymsowic ANNFL [147] First-order Logic Sub-Symbolic Rep. v
SBR [144] First-order Logic Sub-Symbolic Rep. v
LYRICS [145] First-order Logic Sub-Symbolic Rep. v
DL2 [146] First-order Logic Sub-Symbolic Rep. v
HSS [21] Knowledge Graph Sub-Symbolic Rep., Neural Inference v
HMC [147] Knowledge Graph Sub-Symbolic Rep. v
MBM [145] Knowledge Graph Sub-Symbolic Rep. v
NLM [149] Propositional Logic Network Architecture v v
Neuro[Symbolic] SATNet [150] - Network Architecture v v
GVR [157] - Network Architecture v v
LogicSeg [152] First-order Logic Sub-Symbolic Rep., Neural Inference v v
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4.3 Knowledge Representation

CEFEERBFECMA T OEN ARG ELAE

- SC=FNE% (Symbolic Knowledge) : —1—J LRV EEREINED IV MY IRIR
SERERIBEMIES %’_5;&75\T%6$Ex75\2\i

onfi

- REHENEDLIIRTSINLEM?

1) %I 52 : Knowledge Graph
2) fndEimiE . Propositional Logic
3) —FEmIE . First-Order Logic
4) 70495345 EEE : Programming Language
5) &8 B XA : Symbolic Expression : (1)M5(4) LI D 1R IR
Fig. 9. NeSyDIEEDI VKUY ORIR () - RIWAFNBEAEZEEZIDLTEI LGS
Knowledge Graph Propositional Logic  First-Order Logic Programming Language Symbolic Expression
Proposition A: ) . machine looka I+4=(1+6)=2
doris m el cat is an animal Ciotate lookiet B 22-sin(3x)+1
vx Cat(x) = Animal(x) {ﬁﬁ ETHE?}}[ e How mawy cylinders are small?
ii everybody has a father "fﬁi&fﬁ;"iﬂ move: [:msg| 1. filter_shape(scene, cylinder)
A ¥ x 3y Father(y.x) angular z: search negatedll)) ) fiter_shape(scene, small)
""" 3. count(scene)

A=

2025/07/30
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1) Knowledge Graph (%135 57)

cE R /NG F) ETVF (BERDDSEIARINIVGET ST,
BEfRIICTEH 1 ZMTBISTTEMTFRNTSTNGY,

- 5 TJTERDSPO (Subject:E5E, Predicate ihizE, ObjectBHIEE) ZRHE T
D, SEOIX/—FPIFEIVF. TVIICIFEABREMMNTED(BEHNETTST)

1%LEE’(‘3§§’*%§E9JEGD/ PEF Tl FIET S TICTNeSyYRT LAZIEERT S

y\,\ [108, 109, 110, 1M, 112, 113, 114, 115, 116, 117, 118, 154, 119, 120, 21, 147, 148, 122]

: ImageNetl55]1, WordNet [157]
(/—F ORGP EBEL/FERBIESnT)

NThhd, Enowledge Graph

: Cityscapes!156]
D RAERREEENT7ILO X AL21,112,113]

(the part-of (compositional) relations

hRIRTAE

. I} ,EE’J%*E (147,125, 148, 124]

(BERNSEEEIND, VS RADEE
ZEmEEIE) Cart Mauss
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2) Propositional Logic (apz8imEE)

* EE% . _jmﬂpﬁgﬁﬂﬁm EEE,JI%B?‘;& ﬂ?&‘ﬁ:ﬂk&’)?j‘bfﬁ ﬁé@%iﬁo
(Tl &I ENMBNEE X, T—U7UEEY, CONRGRIE. &EL\ D)

ARER

AR (X LEET) IC1E. LT A5 5, - -
B (TA D)., ARV ). Propositional Logic

sE(-).  BE(=). B, roposiion &
B BEO=EX(IF A THEN B) E®EREX LT FaT S M mimaAL
XETZE. ASB E13, Proposition =
B2 : ROAD-RF—&tw k158112 T, I35BE 2 (TL) Tl A
TMESETESOmMAZREFICEKTUTIELIFRLY] A
WS — I ERBTBELUTERS, i
— RedTL WV — GreenTL. A

[iF] Z<DNeSyIRT Ll sEcE5HIHEZ tnrEsmIE D
CTonrEEDFRIEZERIAU K D & L7z 16 351 138,137, m,140,139]

LU S, freEzmiEDFRIFAIEIHRYRERNTHY .
I BEDERICEIIEEELRINTIICHEHMNH O/,
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3) First-Order Logic (FOL. —[&:mIE)

B | 1B ETE=EFEHEXRIRICET D0 F) 1= oy :
L7JI]L/ BREREEIIRUZRE First-Order Logic

CE) "V EE=E(lF. "I RFELT

cat is an animal

+ HAERICKY | ARREERIR(C (FEE VMRS DFE]ICE ¥ x Cat(x) = Animal(x)
DL ZEMm C 2L DITRD, (EHRDEAIL,
[ AR | ZIEITHDRBEFDEATEH D, v has a -Fgrﬂ'],.[:r
EBEEL FEDRA T BERREICERINS D) ﬂ?zﬂ; Father(y.x)

* DNNT— fEERIE 2 RIF T DIREDZ <L —FRD—F&
=a3m| A\ % 72, \[104, 86, 91,107, 82, 103, 116, 136]
(DNN’C ERBOS TERE 3E5(0T 3RHDREE SN, [—IERBORIEE
ANFER IR DICXF L TIDNNDFRIZZEHIFHRI28 RN T, DRI VI ZRANEIE T
2 CO—fEmEZZ1—S IRV ETICEE T ESDICIFIRERNREEZENH D, )

> MEZE—PEmIEDEI(clause) JKIBICEHEL, Z21—JIRYEZERWETD 7 (5
oI ES, 15 144,134, 152]

> —EREDI—IVEMo s EERNIC TNV FE T E 5185 92

> Y JHmERYNT— 7[16211; fEsmiEZ=FE ST ahEZmEBOR (L—IV)IC,
BAHEMIT T AL TR EETIVET D, [159.160,161, 106]

- MEBRBICEHIE OIS VI EE(Prolog) ZRH LS 2 &M%\ 1135, 89, 88]
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(%) ARXJVIAZRAMIRIC C—RmBEZ—_1—2 IRV EFTIV

ICFETE D EDIRARGHREEICEHL T

c Za—JIRYMIGEFE RIN-RGT =Y Z2FE (D UMIVEICIRIIEZ8E) U,
ET IV INSA=YDEIIBRED T, KIFBENITHR,

UH\U, —FEERIE Tl O U MIVE DR E R GREER D IKTFRIfR) MR TE,
MO BEHDREN B 7. tiedamie DR A2 B R C. FEEHEL S PihaE =AW T
BHIBEZRIRCT DO TRREB DY XTHER

WO, | [EREREHIFIZE R Y D —T(CHAAT 1P TDNNDO—fiz{Lee I DR L 1S

(& NEBHSRE#N S D,
(DFY. COTOCRAT., —EREDEREDEEZ I EHECHIR T2 & [FRE)

- BT IVD—RAERETI DA
DNNOGREZ —fR{L L. SR T — Y ICFELS VB ZEFRE R 9 SEEAICILRRFA N
HBDo

[l Artur d'Avila Garcez, et al.(2012); “Neural-Symbolic Learning and Reasoning: A Survey and Interpretation”.
[l Linas Baltrunas, et al.(2012); “Learning to Reason with Neural Logic Machines”.

[l David J. McCloskey, et al.(2021); "Symbolic Knowledge Graphs for Neural Network Models: A Survey*.

[l Artur d'Avila Garcez,et al.(2019); “End-to-End Neural-Symbolic Learning and Reasoning: A Survey"
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4) Programming Language (JOJ3>=2075

[HEZ T 00 5 LADOFREICEIRL TAEICHEMNL. HEICRUTERITITS]
EDAR, COARZEIEATBNeSYIEZ\)\, [69, 70,71, 72,74, 78, 80, 81]

(BC) TRERAL U2 5L & > THEI AR E RIS 5, [78. 80, 81]

H2 : HOUDINIEEZE T CTEEREINIZ/INSX=F{t N0 3L -S54 T73) %18
eI TR (type-directed search) U ttOY X o T2z BFRAT HL78],

() Datalog*PrologZiZfUL1= Programming Language

EE=A

NeSyI AT ALl —[EsmiED
TJI—TICHEIND,
(FHZz—MEmEBEOY YT (machine loockalgo

FELUTVWBEHREDIDT) ({state lockleft
{running [robot mowve: [tmag)|

angular z: search]])})

{state returnleft
{running [robot mowve: [tmag)|
angular z: search negated]]))

F1 : PoUaIEE

2025/7/30
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5) LELADIECEZ AL MEERER

- WERIR (EESINZEAV A OHRER) 97

- ZL<DIHZE. FE RN EEFU TITU SOER. S EarIHEH
[CHED TV ) —(CHHER 198,99,1001

- BMLTOY S LDERERBD Symbolic Expression

ERBHERETICOHRUTED,

B CENS AR 72 75 3+4x(146)=2
(CDE>BEREATEE 230N 2’ -sin(3x)+1
NeSyDHFE)

How mawy eylinders are small?

1. filter_shape(scene, cylinder)
2. fikrer_shape(scene, small)
3. colwt(scene)
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4.4 Knowledge Embedding P10%ETF

—1—SIRYRDEZIC or EDEPFEICEEF D IEDAFN DN ?

- Type 1 : Symbolic Neuro Symbolic : 7—F70Fv LId EE5HHEZEZRE LS,
G ALRNZEFODZ1—3)IbxvhD—0, IREDDLOZEAERRE

- Type 2 : Symbolic[Neuro] :
(GERUIBZETOYO7E. Z1—JIVRYbERB I DT TIV—F IUDSRDIATL)
| SRR T 370 IRI L RS MEBET L
- Type 3 : Neuro|Symbolic : % 55
(Za1—Z)BED R OUEBHAEEERU. TRICY R IZITOVRATLA)

- Type 4 : Neuro: Symbolic=>Neuro
(Za2—SIRY T—08 G EA DRI, HE w22 —ILEUTHMAAD IR
T L)

- Type 5 : NeuroSYMBOLIC
(e =BIRNEZ DNNDEIFRICERT
DNNOEHZERHETS51T)

DIRKEH DB TR U TR,
g —4. Bk T Za1—3 IR Eh
S5RB_1—TIV-INAMTSADETH (or £
FHUERT) IC. Ec SR Z 1B DIA T,
RIBZIBEDAATETIRDEETS)

- Type 6 : Neuro[Symbolic]
(Za—ZIbxx Y RIRDP(CEESH R
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4.4.17 Data: P10&L

HfRT—4 (. ScERIE(ICET 2%05%) 1B HAD

- FRIIEICRE T 505K (Ta) E\BE LIz (V=TS TICTRIRL
ML U72) Ee S ICRIRL, HIfR T —5 U TRWS,

> AU 1—49 OS5 [9495] > ST [94,96]
> 3t [97,99] > Rt (111

(Type-4(B#&)] —1—32)bxyMOIIREHEADARIC, S5 —ILZEIES
AL, BU. COEIS Tl BT IEDIAD G,
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4.4.2 Sub-Symbolic Representation : Pioas

I SFHEL =R B RIS K> T, e BRIMEZE D RIRIRICEOHAD

- LS AN DRI Y —RICEUTBRKRBENZERETT &
TDRHICIE, B REC SR F MO AREIC T 2w EH B152],

c P=FTIOTFVYEECANT Y DRIIEIC L DRDERAZEMEE LR

+ FERRETALEIC M T2 000D L5 IR R EC SHV R D TS L REE
(Z2—SIRY D EREUVIZESHAEICE DWW T T D EIFRS R, )

(Type-5(F5)]
- EC= YA E . DNNOFIRICEA SN SIEREEDEMRIERY T Ml &
LTHEL. DNNODEHZFEE G B4 A J1135,136,137,138, 140, 141, 142, 143, 144, 145, 146, 139] _

NEUERAL NETWOERK SYMBOLIC
ENOWLEDGCGE
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4.4.3 Network Architecture : P107%th

MEDIBEZRRI DELIGERYNT =0T —FTIOFveRAFKIT HE

- T T vEE bt INicEsSADOEM R Z=Graph Neural
Network(GNN) l:?%tﬁ\ iiy)ﬁi)‘ [112, 113, 114, 115, 116, 117, 118, 154, 119, 120, 165, 121]o

> HENERABOEGHRRERE . MO AReR YN T—IR/ETIVIC
TH=EL FETES 21131

- REU Za1—SIRY D7 —F T IOFvEGHITERAREE S NE DN ?
(ZREIFHBNEET D, COEISE Type 3IOFERBEFEUT
HY) . Type 6DERERERDSHREMNEILH D, )

[Type-3(Fi5§))
—a1—ZI)VABED R OUMBHAEEER L. BmICY R IEITIVAT L

SYMBOLIC MODEL NEURAL NETWORK
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4.4.4 Neural Inference : CIOa T

- Network Feedforward Inference (J4—RJ#70—RER) CEESHIRNEZ IR
AH KR E—E T DELOICHAZFHIET D AEMESERY N — D (CEESRHFR T IR
HIAF HEERFRFD L DRI E —3T D LD [T AICBRRMIICHIFY (REH) 95)

- BHZEAI:

> V) —1EEDRHZEFE N S EIT IR/ N A ZET T 2 & T BXHICEERMICE
EULWDFEED T RAIZERT 94 95 991

> HIEMNHEINZERETOCRIC/CyvIT—I(b L. RmEBENESRER YN T —0D T4 —R
T ID—RFRIHEESTDIELEDIC WSDODHDTHIEREDFE TDNNITEA T B152]

> H#eamb CREBRIVIILF SNIVAR CTHEBERDPECSRVLS(ICTHH24. 1250

> EERERIHE R & SmIERER = A0 E BEbL D FRIDTZH DRI,
T ANBICHNE TS E =R T D261,

> MR DEHET =YV NIEAT SRR HEN S SN ZHAD
EWZ R T SEHDHEER)IV— IV E BRI D271,

> B ERR G EmIc VRN SRR T T ANEENRT 2. —1—3IVEEE
ETIVICHES A SREBHIKEER UIZRIRT7 IV T X L1166, 167]
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4.5 Functionality CHE

- WINDNeSyiRED. FE. UL HERBEDDVINHITRITTLSHD,
MAZFRRBATLDEITEVEL,

BY1TDORAEEME LY L<EETHZHIC. ZFYITDIIT7HEEIEIRILT Do
(BY1TE Y RT LHRETHIFE EESHHRD ES S ICERLTLSDH ?)

—_

4.5.7 Learning
4.5.2 Reasoning . REDORICKEDHD

4.5.3 Reasoning and Learning Do
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B TDOT A 7HEBE | DFREE

Learning | Reasoning | Reasoning

& Learning
Type-1: WEDDLOEE | 7—FTI0F v
Symbolic Neuro Symbolic | El&. EE=H0G
Z=EZREU, .
Type-2: SESNIEETD
Symbolic [Neuro] A7 +=-1—5 A FIRT 3
RV ERRDT | oMU
__________________ JI=F2 ____|sEuEE0 | _
Type-3: —a—3S)LnmEy | EVa1-)bER
Neuro | Symbolic SR woE | e
ANEEERGESE C HxIEER |
Type-4 : Y RDJ—oxF

Neuro: Symbolic=>Neuro | f&EZHEADHI(Z.
Ewe=1:0 )%t A6l
%) DAL
Type-5: HFHZzRFATSD | sosHHZ.
Neuro SYMBOLIC M TR T —1—3J)b=RvY
DNNOEAZR | MISESDAL,
g IS
Type-6: Za1—3Jbxvk
Neuro [Symbolic] DHRICEE SR
R T A H
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Learning

Reasoning

Reasoning
& Learning

Type-1: (DLOIEZER )
Symbolic Neuro Symbolic

Type-2:

Symbolic [Neuro]
(EEBEI7 + —1—3)b
XYkt ITIV—F)
Type-3:

Neuro | Symbolic
(Za—3JIVAIBED IR )WY

e Bt ) [ VRS ALY
RL[79, 75, 76, 80, 81]

LEE BB T HESRAE S
(U MRIVDEREICERR
[63, 64])

LEEBRR 7 HESRAE
(I UIRIVDRIEICEER
[86, 87, 89, 88, 91])

Neuro [Symbolic]
(Za—3S IRV ARI(CEEEHER

MR ZIEDIAAH)

1 17T /U1l / == MHHGFMAJL I 1= " 1M TR

eVl I/ VI IOV

LENRELFR) 2T —=SE 1T+ [ZHIR
')

Type-4 : RS FERE LEERETF
Neuro: Symbolic=>Neuro | [98, 99,100,112, 113, 114, 115, | FZEARIEEMEEE50)
(EJIlﬁ*’#ﬁfﬂ?ﬂC\ SEHIL—ILZE | 116,117, 18] (ZEEMEEEIZDNND
EHAED) 13- YUk | EHCEERMIC T -

RL[79, 75, 76, 80, 81] RENDET)

HERHEERT7IVT X L

o ______/|howziwi8wemo |
Type-5: S FEREN LEERETF
Neuro SYMBOLIC [15, 134, 135, 136, 144, 137,
:(“17 MEIFTCDNNDEHCH | 138, 145, 146, 21]
AR {4 — LR YU S5— =T ORIBRREES
[CFTREME S W [217, 218]

Type-6: Type-6 & RGE AR

7L \[151, 149, 150]




5 Application Areas and Tasks (&5) PU&T

NeSyDrlgeltE g 7R IHFH

a) Scientific Discovery

b) Programming Systems (Program synthesis)
c) Question-Answering

d) Vision-Language Analysis and Reasoning
e) Robotics and Control

f) Visual Scene Understanding

g) Mathematical Reasoning

h) Argumentation
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5a) Scientific Discovery P12Z%

- B (NeSyICED>TIERICBEVLWT AR WYER)
- TINSRIENRGE IS ZRR T D,
- BEFEOHKCHEBEEDIHEZEZEET D,
- EDLDICEHEZEEZHUNZEY)CEIR-SHAL. TORERZE AFEITEZ 51219]

- B DIRE

- BMROERT—INSESETIVEHMEB U [169]

- RXFOERBRT—INBESETI/IVEMmBLE 19
(FHBHNEEMBED T —9E2FEBUREGNNETIVIC, i shlERifiZ@EA L.
BRI YIER R RERIAT 2T ERRUE)

- AVINDBEDBETR N7 (HVINOBEDIRITTT S I EERRR)

- SERREIIDITEIZARAR170, 174]

(EMIDITEN Z RN C 0%, DTN ZBRIRAIEE R AECTOTRAYI T 5F)

- BEZEICHITDIEEECRISTF ) (168,172, 1731,

- WEBEJI—bZE,. EDT7H)V0OTreeiEzR & Expansion Policy NetworkZE A& H 1
CHE175]

- DFEFRPICEXE YT IRDF Ty [194]

- LR RISDOEAM)/ EIRHIRIFAREMZ=ZEL . RIib T TL—MIH3I—Ib
AT INEIIIV T eI IRENE TS TmEBERY NI -0 2B ZKE76]
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P12 F
5b) Programming Systems (Program synthesis)

- B (NeSyY— LD SR DL R T AL WU EBRIEBHON D HEF)
- BLRIVDI R 2414k (A Hard Logical Constraints) ' 075 ALZB&%:
K9 Do

- ﬁ%ﬁ*ﬁv- FZERAVT. Z1—ZI)bRV NI FOJ 320 0SB0 RS mEH
YXDSATEERRS | 2T Z (177, 178, 180, 179]

- APIO—I)L B F—DJ—RREDITOTSLHDON—D0 2 1% DON5X25 &,
JavaV—RXRO—RZE2ATY I TERKIT B077],

[177] V. Murali, et al. (2018); "Neural sketch learning for conditional program generation".

- DNNEHERRRZROMBEGE ZFHAL THEZESHIRICET L. NS DOdtk
ENADTOTSLERIVIVICHIGLUC BEtSNZI 571y oR-J0OY
S L%EERT D801,

[180] K. Ellis, et al.(2018); "Learning to infer graphics programs from hand-drawn images".

- EXRNXARBAINEEFHNTOT SLBRTICK D TEr RSN BERKERZHAE
DEEZ1—OVRNIYIBMSCEDHEESZEA, Z1—J)IbRvhDJ—0I1d &
RENEZ NS DEEICEE[TTR LD ICEZ L. ERLEKRBNFENNY &K
KFRERzIRMtT 79,

[179] R. Mukherijee, et al.(2021); "Neural program generation modulo static analysis".
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5¢c) Question-Answering P18

- B BHOLE BB HIEREESUERMGCERICEAS L

- e
a) RREETICE D <FE(EREMT/INS T (L) 173,184,185, 186]
BRI CBX T 217D C&C Bz aSmENICER T S & EFE L.
Bt SN N ZE MY — RISV TRITI D ET . BEAZEE LT,

b) MFHN—1—IJIIRIREZFFUCELEL. BRTEEINLEREEBUTCERZ
%9 5, ( Knowledge embedding-based methods [182, 181, 1831)

© FEIEDHIAHINT T A Ls
> WEEDIASZEEE(E T DFRUIEEZD CNSIREFIVINE., SRR
RS 7 IV I X LDEREHIKRE <MKTF T DDNEE R,

> JBEFRRERHERRZE RV TS,
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5d) Vision-Language Analysis and Reasoning P18

- AEEEETY )T OmAZTIENICIEREL., #HimIT DUNENGDIHEES B,
RO #ERI X I NDEH
(BEY 21— VIX. YHEDES:H. BDDEEGE | FFEDAtomic Reasoning Steploxd
ISUGBIEIN G TEDZ<LDIFZ1—SIV-TPTooa i E%x KA D)
> &AM : Visual Question-Answering, VQA [108, 109,18, 188]
HAENZXARBICEDVWTCERMICERADIRY (BREREY— V=i
EEINIERIBICE#RL,. Cross-Modality Reasoning #1795,
> DAB2  /RENT 507« J1220]
[220] J. Hsu, et al.(2023); "Ns3d: Neuro-symbolic grounding of 3d objects and relations."
ESa7”IV-T592057 427 (Large Language-to-Code Models&E
J1T5—Z1—FI-RXYET—OZHAENTE T BARSEZ3IDHRE
HEERDI=HDTOT S LICEHR
- 2R
> BRNEZZ1—JIEII—-IVTERINETOT S LICERL. 20 T0OT5

LEBZICERAL. A %85 UEVQAY AT LICET 3 ABR8HE 17]
[17] J. Andreas, et al. (2016); "Neural module networks".

> 1255 0DFE [189, 190, 101, 187, 191, 192, 69, 110, 19]
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5e) Robotics and Control SISE

- OMY A DEFDNeSYyR—XDBEVRA T LD [79, 196,193,195, 194]
> SIERBEHIENOR TEIET A & E RT3 EYRR) U — &Rt &
> e T—I%hE
> BREREICIE. SLANIV(TRODE A Z{TOD) “AELANIV(TRNDE. EDLDIC
TN D21EEEH D,
> I ZDETEFEDREZOHDELRIVRLZHIRITBEHIC. SLRNIVDD IR D
TSN ERINBINES D,
C F—ET TP
> Hierarchical RL [221,222] (40D EICEDV\WT. ZEAHEERTE)

- ARV ET TS HAENTE TINSA—=F{EINIZR—Z2FE L.
FNEEI1—-IMESNEZ2—0OV Ry o RE)VIZINYT—I4EU.
HUWSYROTRSICEFATH194],

- GNNZBZRAU T BFY— D2 E U TR AIENY— 2T 5T &R
SN —2 057 HAENE. SLNIVDIR VTR E(ELRNIVOE—3 %
Tl 5 1951

>BREETERRETY 31— IV D TOT S LERFEN3]
(TR TOEMEERERRERMOAIRE R —1—0O Ry o O S LEE/K)
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5f) Visual Scene Understanding P13%

(interpreting high-level semantics from visual perception)
- AAEIEENST A JVOEKREEIR (4T 1o hDREE{L)15 21,112,111, 113, 148, 152]

- PSR
> AU T OMED“part-of relations between objects” =—
THERMEU. IRV =TI RDATI T UM EZEDIZH DD ERE
(&) ICEfrg 515],

RS E T DEMRIERD-2E (meronymy) Bkl Zx .V —/F r_'cU?FE,HHO“

B‘é’;ﬁﬂ@ﬂéiﬁ
RFEER

>
77& B, FIHOBBIEKREI XA T—3a D izhDboosting

network trainingD 7z DFIFIR G ZEEL T B21],
GCE) meronym(BEREE). holonym(£1{4:E)

> ARHRERICET SEcsHAlEZE s TSR R L. GNNZSTU CEEMRICIES

AT
>  NeSyICED<LAENRIREEMTZS (LogicSeg&EMLR) [C KV EcEHESE DR
‘Tmeronymy&exclusionffaz—fEsEsmIEICHEEUTZ&. D7 15RIEIC
L YWEHHE(soft constraints) (S GEfEHEFD) U Efivb UTcsaiEN e 21—
SIVI ST EICRIEMIF. RYNT—OD T4 —RIAT—R#Ewm=E1TI, 1521,

© BRI TR BMEREI RV ZRT DZHIC, [LLMZFIA U TBEERIICETEZ {FRX
U AR =L (RERDEFFHRE T VR E) RRNICFOHE U CEHEZERITLU. leis

513:0)7'5FTCO)%%%61 ATV, ( LLMAR—ZXMAIT— 1/~L65, 66, 671)
2025/07/30
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59) Mathematical Reasoning P135T

- S eabvTEsm . (R, R TESR . mIERVHEER . EUERTHESR . SCSHYHEER 22

- WFHRREZEERRURBER T 72T, T (HIETHYR) #E5R & D <HEZRHYEHE | T3
<. ER/REB/EESHRFRANTF DO SHE I =FE U, TDmEZ (28L)) B L.
R W EH D 2301

- B b EFERUmENHRZ 2 AT 2 ZFRIERE (The structured and reasoning-heavy
nature of mathematical problems) [Z[&, NeSyRX—2Z D) JU/\—H s E[205]

© BEFRVRRRERERDIZOIC, (L BFRRNDHRISEX Y — & HRICEIRZRT
DIHDYV ) =& T I—F W EL197. 1981 (&igehfi 7199, 202, 201, 2031)

+ EEEERRICEAL T BHXDEX V) -2 T 57 EH3 L. ERESERRERERIC Xy E—D
1IN 2T %@ 1200,

- FESOBEIFHADZHIC, LSO AR 12 NIV e L TETIMEL THE
#mt205], (RyhTJ—oFF L SHRmEDEINHEAEIER. Sffi s ARRERESR % [EEt)

DNNIC L > TXIRSN S ED T HIVORNIEREHEFZZFIA204],
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5h) Argumentation glezs

. FSREARIFEDREES ., SHOBHIREEEEEL, FR2F EFBLEER
AT DN DIRNER YA BT (C B LHEE206],

emC TORERMEZERI ST U TERIRT Dl &, [FRERNFFEZER D
W=V E DEFDXI G2, [FIAADXFLE TARBI RS "7][2071
(FEE SRR H#EER (non-monotonic reasoning) =49 81231, 232])

- EEmRYRI—0%F_Z1—ZI)bRY N T—U|ZZ208]
- B L — AT Z1—3I)bRY T —ORDO GBI R E HEER209]

- RYNT=UZERWCER IL—LT—0EHHEUL. DTV LT —DZRVWTEESHY
HEsmd S UskamiitEam =175 1210

- BRIy Yy [212]
GRARDPSEAH  CE D <HEER. I\ A TP R EZ1—S LRV N T—DIZ8HR)

+ Za—JIRY I —=OICHIT D RFEERERT 1234, 235]

- BROBEAEBRREDH DN mEHASHELYIVFI—I T U NERY
251 [213, 214, 215, 216]
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=5 : NeSYRFE THENONTL\SPYPI/V'w4T— : The Python Package Index

Ezﬁlk:ge Key Feature Dependency | Quick Installation Project Link
PyTorch | pipinstall LTNtorch | IELBSizfovpL.ora/ro]
LTN Differentiable first-order logic ) )
TensorFlow | pip install ltn 22 flst:n / 1.OLArbro
Pylon Programmatic constraint specification PyTorch pip install pylon-lib 22 CS: lon—liiboir ro]
PiShield Background knowledge injection PyTorch pip install pishield QEEE /;:ishi ek;'/or o)
- . . .. https: .org/proj
DeepProblLog | Probabilistic Logic Programming PyTorch pip install deepproblog ect/deepproblog/
. . . https: .org/proj
KENN2 Universally quantified FOL clauses TensorFlow | pip install KENN2 ect/KENN2/
. . . . . .. . https: i.org/proj
PyNeuralLogic | Differentiable logic programming Java Backend | pip install neuralogic ect/neuralogic/
https: i.org/proj

torch-explain

Explainable deep learning models

PyTorch

pip install torch-explain

ect/torch-explain/

£1140E NAAIHeEimsie HY HEEE
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https://pypi.org/project/LTNtorch/
https://pypi.org/project/LTNtorch/
https://pypi.org/project/LTNtorch/
https://pypi.org/project/LTNtorch/
https://pypi.org/project/LTNtorch/
https://pypi.org/project/LTNtorch/
https://pypi.org/project/ltn/
https://pypi.org/project/ltn/
https://pypi.org/project/ltn/
https://pypi.org/project/ltn/
https://pypi.org/project/ltn/
https://pypi.org/project/ltn/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pylon-lib/
https://pypi.org/project/pishield/
https://pypi.org/project/pishield/
https://pypi.org/project/pishield/
https://pypi.org/project/pishield/
https://pypi.org/project/pishield/
https://pypi.org/project/pishield/
https://pypi.org/project/deepproblog/
https://pypi.org/project/deepproblog/
https://pypi.org/project/deepproblog/
https://pypi.org/project/deepproblog/
https://pypi.org/project/deepproblog/
https://pypi.org/project/deepproblog/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/KENN2/
https://pypi.org/project/neuralogic/
https://pypi.org/project/neuralogic/
https://pypi.org/project/neuralogic/
https://pypi.org/project/neuralogic/
https://pypi.org/project/neuralogic/
https://pypi.org/project/neuralogic/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/
https://pypi.org/project/torch-explain/

6. Performance Comparison

(BFENeSyY R T LRED4RELLER)

- FE S5 EDLE1I-ICH Oz RV (3FE)ITDONT. FENeSyDEREZ LEEULFRICT D,

> NeSy [FR~ A Y AV IFIEBICILEBEICHDTZ>THY . PIVTVXLMARIVAXE
NBZENZVD T ETCERFICLER TS EIIHBELRD T HFEDY XA VIC T T Do

(ERER 7L, [REHRXICHDE. ©EULIE SEmXDEEN B (CEEUFHEUZE)

6.1 Retrosynthesis Prediction . 76
( USPTO-50K 7R K223] ; B EMDZRERDERIN S RiHH % FiHl)
6.2 : Visual Semantic Parsmg - K7

( PASCAL-Person-Partl238] : 2R ERNELREET)
6.3 Math23K 2461 TCOEEZE MWP BBEER : k8

NeSyl&, k7 RY R IDMREE EICEEUL TS, BRI,
- FHUEMT S B LUBHEMTE T ABBNI BT DT TIVDER EFEEIL.
- HERE 2T 29 XU DIEE(LFRID5R 98173,
- BIREEMISAD Tz DR Y R D—DIZHFDI\— I\%U%’Jd)ﬁ%']
LHU. NeSYyADERHENED 7L T X LBEZEDRH L. KEToyERRE,
LUTOMRERNREZSS,
@ EFIRIIEIE. EDLOICEFHEER) TN IEDRON ?
@ HEHDTEHEZYUEEEDLDITRIET DN ? (BRI FEOHHREERSEEN)
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P14%ATF
(BHAERDKRERDERIHS . RIS ZE T

6.1 BENeSyBEIDMRELLER (1) : Visual Semantic Parsing

- Dataset : WEKFHFT—Y1vRUSPTO-50K [223]

(RIS EERIDBDRFYED T ERFOHNS0KDRIGN 572D, )

- Benchmarking Algorithms :
—1—3JI)IVFES E(Seq2seq 2241 GTA 2251 RetroPrime 2261 Dyal-TF 2271, GraphRetro [2281)
KOVEEK7ZIIVON) X LAFE(NSR 11681, GLN [1761, MEGAN 1721, Graph2Edits [173D)

- Evaluation Metric : Top-kZ=2—EEZIHMiisiZEE U TER,
kigl&{1, 3, 5, 10, 20, 50} H Tikd,

#6 1 USPTO-50K 7RK 22 ZHITDEE

Graph2Edits U3 ERDEDZ21—ZIV-ET VLKV ERSHITENT LS,

WA TGRSR (TRIAFR. 260diE. 361dE)

Method NeSy |[k=1| 3 5 10 | 20 | 50

Seq2seq [224]1| [Chem Eur J17] 37.4|52.4|57.0| 61.7 |65.9| 70.7
GTA [225] | [AAAI21] 51.1 |67.6|74.8 | 81.6 - -
RetroPrime [226]|[Chem Eng J21] 51.4 |70.8|74.0| 76.1 | - -
Dual-TF [227]1| [NeurIPS21] 53.369.7|73.0|75.0| - -
GraphRetro [228]|[NeurIPS21] 53.7 |168.3|72.2|75.5| - -
NSR [168] [Chem Eur J17] v 44.4 |65.3|72.4|78.9 |82.2| 83.1

MEGAN [1721 | [JCIM21] v 48.1 |70.7|78.4 | 86.1 |190.3|93.2

GLN [176]| [NeurIPS19] v 52.5169.0| 75.6 | 83.789.0|92.4

Graph2Edits [173]| [Nat Commun23] v 55.1(77.3/83.4/89.4| - |92.7
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https://arxiv.org/html/2210.15889v5#bib.bib224
https://arxiv.org/html/2210.15889v5#bib.bib225
https://arxiv.org/html/2210.15889v5#bib.bib226
https://arxiv.org/html/2210.15889v5#bib.bib227
https://arxiv.org/html/2210.15889v5#bib.bib228
https://arxiv.org/html/2210.15889v5#bib.bib168
https://arxiv.org/html/2210.15889v5#bib.bib172
https://arxiv.org/html/2210.15889v5#bib.bib176
https://arxiv.org/html/2210.15889v5#bib.bib173

6.2 H[ENeSyREIDM*sELLER(2) : Visual Semantic Parsing

(EEHR RHIRIAEEAT )

P14&TF

- Dataset :

PASCAL-Person-Part [238]

(1,716/1,817E1& for train/test. 3B (£&. L+5/T+5. 20@EDMMNRAE/I—Y)

- Benchmarking Algorithms :

BEZEITRWTEBOTEI X 7—3a 7T XL (DeeplabV3+ [239]1, PCNet [2401,
CrossSegl241] ProtoSeg [242]1 Mask2Former [2431. GMMSeg [244] ClustSeg [245]1 KTF,
4 ¥ NeSy R—2D#& &L 2 7J)V/IN—1— ; CNIF 1121 HHP 1131 HSSN 2] LogicSeg [152]

- Evaluation Metric :

ZEREL ANIVDIMEgRE-FE (mloVU) IR 7

(APHERE DI, LBRUEET IUEFTARTSWin-SZE/\y IR—2ELTRERLTLS,)
+&7 : LogicSegl'52][&, ClustSegl2451(Za1—3)U-VY)a1—3oDhy ) DEsEE EET S,

Method NeSy |Head ;ors X;m k-rm lLJe-g t;}g Body Body Body B-G: EOT rJ_g)T rL_'111I°¢
DeepLabV3+ [239]| [ECCV18] 87.02 72.02 60.37 57.36 53.54 48.52 90.07 65.88 93.02 96.07|94.55 84.01 67.84
PCNet [240] | [CVPR20] 90.04 76.89 69.11 68.40 60.78 60.14 94.02 68.71 96.50 96.78|96.64 86.47 74.59
CrossSeg [2411] [ICCV21] 90.05 75.62 68.58 66.25 58.21 57.94 92.67 67.54 96.11 96.17 | 96.14 85.46 73.26
ProtoSeg [2421 | [CVPR22] 90.09 77.20 69.16 68.44 60.89 60.13 93.64 68.71 96.44 96.82(96.63 86.39 74.68
Mask2Former [243]1| [CVPR22] 90.21 78.26 70.14 69.51 60.73 60.31 94.52 69.23 96.80 97.04|96.92 86.93 75.17
GMMSeg [244] | [NeurIPS22] 9015 79.10 70.99 69.43 61.32 60.42 93.37 70.52 97.10 97.02|97.06 87.17 75.49
ClustSeg [245] | [ICML23] 90.20 78.94 71.23 69.69 61.87 61.39 94.52 70.81 97.20 97.23|97.26 87.52 75.79
CNIF [1121|[Iccv19] v/ 18802 729 64.31 63.52 55.61 54.96 91.82 66.56 94.33 96.02|95.18 84.80 70.76

HHP [113] | [CVPR20] v | 89.73 75.22 66.87 66.21 58.69 58.17 93.44 68.02 96.77 96.94|96.86 86.13 73.12
HSSN [211| [CVPR22] v 90.19 78.72 70.67 69.71 61.15 60.44 95.86 71.56 98.20 97.18(97.69 88.20 75.44
LogicSeg [1521| [ICCV23] v/ 19023 79.56 T.44 70.52 62.26 61.46 95.97 72.51 98.43 97.35|97.89 88.61 76.12
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https://arxiv.org/html/2210.15889v5#bib.bib239
https://arxiv.org/html/2210.15889v5#bib.bib240
https://arxiv.org/html/2210.15889v5#bib.bib241
https://arxiv.org/html/2210.15889v5#bib.bib242
https://arxiv.org/html/2210.15889v5#bib.bib243
https://arxiv.org/html/2210.15889v5#bib.bib244
https://arxiv.org/html/2210.15889v5#bib.bib245
https://arxiv.org/html/2210.15889v5#bib.bib112
https://arxiv.org/html/2210.15889v5#bib.bib113
https://arxiv.org/html/2210.15889v5#bib.bib21
https://arxiv.org/html/2210.15889v5#bib.bib152

6.3 HiENeSYRIDMERELLER(3) : Math Word Problem Solving P15%

(BUBRVRE A ZETR U R IR S NI E Z R iR I D)

- Dataset : Math23K [246]
(NPEERRELIAF23,161DRKFOHIENE, MEOHH. M AER. RENHD.)

- Benchmarking Algorithms :
4 F8D Z1—3I)bxxvhkJ—2 : DNS [246] Math-EN [247]1 T-RNN [248] GROUP-ATT [249]
6FfEDNeSy R—X : TSDU97l, GTSI98] Graph2Treel1991, NSS[202] HMSI201] BERT-Treel203]

- Evaluation Metric : Answer Accuracy (MWPZi% =3 1+ H1Z #5077 ST FE1E)

=8 : Math23K 246ITchE=R MWP B&ER (x & 5 EomoOX/NUF—o32)
NeSyR—Z2DYVIVIN—D. 4 DDFREZ1—JILVEEN TS,

Method NeSy | Accuracy (%) 1T | Accuracy* (%) 1

DNS [246]1 [EMNLP17] - 58.1
Math-EN [2471 [EMNLP18] 66.7 -
T-RNN [248] [AAAI19] 66.9 -

GROUP-ATT [249] [ACL19] 69.5 66.9
TSD [1971  [EMNLP19] v 69.0 -

GTS [198] [IJCAI19] v 75.6 74.3

Graph2Tree [199] [ACL20] v 77.4 75.5

NSS [202] [ACL21] v - 75.7
HMS [201] [AAAIZ21] v 76.1 -
BERT-Tree [203] [ACL22] v 82.4 -
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https://arxiv.org/html/2210.15889v5#bib.bib246
https://arxiv.org/html/2210.15889v5#bib.bib247
https://arxiv.org/html/2210.15889v5#bib.bib248
https://arxiv.org/html/2210.15889v5#bib.bib249
https://arxiv.org/html/2210.15889v5#bib.bib197
https://arxiv.org/html/2210.15889v5#bib.bib198
https://arxiv.org/html/2210.15889v5#bib.bib199
https://arxiv.org/html/2210.15889v5#bib.bib202
https://arxiv.org/html/2210.15889v5#bib.bib201
https://arxiv.org/html/2210.15889v5#bib.bib203

7. Open Challenges (RfiZiR7%ZERE)

1) KRRREES/ RIBEHRADXIINEEAIDE CORE (Scalability)
(BREHFRDEMMEICHIST BICIE AT —FE )71 DE_ LN HEL254, 255, 256])
- TRIRIRGEC S /FRIEIL—IV] ¥ THBRELENIC T, B2 UiNViEs. 2wt
Db T—IHEDRVFE . FERME. FTUWLWE XA ADBITHRIGERD MM
EH%D\@@L\[ZSO, 251, 2521 o
[ . ESHEESERICERT AR T T r—Ua V(B BEE 191 ZSBJOJ
- DR XA U TORFE RSN DUNEE. UISUIZHEEE,

2) #BEBNIE (Compositional Generalization)
« NeSyADEBREBNALD 7 IVT) X LHIEED AL RIEToyERRgEl6e3, 2571
- BRABEADRIEFRIEN / BRI / T U R /[ EEGRR) SRARY1 S
DHF(EER / FHSH / AR / Bz ICTEENGNEZR<UTHRE
ERRERT DICIEREZIEREV . BRIEDRIE258, 259, 2091 JE 7 X #E5m207]

3) FEESOBRENE (Automated Knowledge Acquisition)
- NeSyURTLZEMFRICERE T BICIE. MFEOESHARNVRYI(CIRD>TULS,
- LIFDELORFEZEELU T, TR FETDIEMRELTLEDO>TLD,
@ EFRREIE. EDRDICEFHER) SNDIEDRON ?
@ FEFEDTEMEEZAEZEDLDITIRIEET DN ? BIFEOIEZTRONEDHD)
- MFESOBEMEICIZ. ABDRBNEENZETIVET 2 NEH S [260.261]
(LU, ZOEVEAA L. K= BESHVRIER T 570 OEERDEEICEE > TL\D)
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7. Open Challenges (ZEELNEZZNELHR) T

- [HEEROBEEE]. TECSrIER]. Y TSN FE I OREICET SIRAHHERE
D TAIDY, VAT IBERICEER 2 A E  MiRlEE £ T D 1L DERETT DICIE LUT
(LT DWEDH D,
@ NeSyIRTLDEEISEUZHFERIR (D)
@ TIYDOHEREMRIELHET 75K
Q EERHEREIFINFEEDEDHEE D1 —R/I\VIZIERIT D HE
(T —HICEDVWTHEEZ £ () U RITERICKH U THEZE B9 D)

ZDEBHICIF LLTDA) N5 6) DIFFENE .
4) WADT TR IR EEN., EDKDICUTERBPRIBIEROLORY
IR OITENZED DN ? ¢ Type-6MDRecursive Neuro[Symbolic]
> “Sub-Symbolic’Z&Neural-Engine” &”Symbolic Reasoning Engine” M

ME/ER ("Symbolic Engine” MFEENM“Sub-Symbolic’&NeuralNet” =
R L. Bl ED“Sub-SymbolicNeuralNet” D3EENC T, F: % BIRHIIC

EETES)
> ZOHEBEAIE. Kahneman®System-1(ER) &System-2 GRIEMEZE)(C
LT B,
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7 (i)

5) NeSylICABIDAYEMAFT IV ZFHEIE IBARNESICHE T D& (KUkiEk
R ERITEER I NN E : Testbed for Metacognitive Skills of NeSy)

> NeSyDXYRBHEENDHEBNI—IADER: (FE. A BRI, Hmn
—EtE IRNES & kB RE263] THEiErTHaRL2o4]| BRARATREIE >4 617 L)

> BELQBZTCORYFY—D (H=0RY FLF BRERF. /\—FDT7 VD
NOITPERR T/ LFALFE KXFORFRRBA DI P REEFERICREAL T)

6) RERAIET IV ZE>TNeSYyZRFETD_E : NeSy in the Big Model Era

> WEDKFIRAIET IVIE RAGERRETRZ T D,
D TR RV —AANDEXRIEER, TERE. 8. BER(TRE)S
AT VEEKT AR, BED/NM1T7R, EHFADEHRIE. ESET
DHERAND—AKILBETI DI 7R E

> INSMFPEEIF. ARVVIZAMETIVOARENLRFETHY . &EL / KR
BIEICKVUEICE{EL TS

> SRV — L% BEINICHER TS BLLMAR—RMAIT—J T U 265)F, =15
W)Y OB DARNEE CHD_EZREUL TV (EEIRTED)
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. Pl16&
8. Conclusions

LIFDO5DDE AN S NySYIREREZRAE
25 NeSymHEDRESE
3E  NeSYMIRZ(EET 20D AIZE

AZ :NeSYyVRATLERICEIFTTORED 7 TO—FDDEE / Ot
DR EEETDHE . QFFEFRIR . QFDIESDIAH . DiEE

5% ! NeSyIVRTLDEBRICADE
MENRR. JOVSIVIT VAT L BEILE. RESED T &R,
O7hy hTF EHE (R RER. éﬁ%ﬂﬁ?ﬁnﬁa\ F

6F I IREDBZENeSYIRT LDERERDFY—D
O SR TRl QREHEIRERT. O F DEERR

TE RKEERDFEESEDHAEDE
RENeSYyY R T LADERICIEEF IRV,
NeSyhURiERAIDREEICE > THEERARANE TH D,
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IEEE Computer Society®DHPIZE; D NeSy DRSSk

https://www.computer.org/csdl/journal/tp/2025/02/10721277/2179549p9QY

Knowledge Inference and Knowledge Completion Methods using Neuro-Symbolic Inductive Rules
2021 International Conference on Computational Science and Computational Intelligence (CSCI)
Knowledge-Infused Learning: A Sweet Spot in Neuro-Symbolic Al

|EEE Internet Computing

Neurosymbolic Reinforcement Learning and Planning: A Survey

|[EEE Transactions on Artificial Intelligence

Hybrid Crowd-Al Learning for Human-Interpretable Symbolic Rules in Image Classification

2023 14th lIAl International Congress on Advanced Applied Informatics (I1AI-AAl)

Towards Neuro-Symbolic Al for Assured and Trustworthy Human-Autonomy Teaming

2023 5th |EEE International Conference on Trust, Privacy and Security in Intelligent Systems and Applications
(TPS-I1SA)

A Survey on Symbolic Knowledge Distillation of Large Language Models

|[EEE Transactions on Artificial Intelligence

Towards Cognitive Al Systems. Workload and Characterization of Neuro-Symbolic Al

2024 |EEE International Symposium on Performance Analysis of Systems and Software (ISPASS)
Neuro-Symbolic Al for Military Applications

|[EEE Transactions on Artificial Intelligence

Exploring Aspects Regarding Reasoning in Neuro-Symbolic Rules and Connectionist Expert Systems
2021 12th International Conference on Information, Intelligence, Systems & Applications (IISA)

Neat Versus Scruffy. How Early Al Researchers Classified Epistemic Cultures of Knowledge Representation
|IEEE Annals of the History of Computing
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https://www.computer.org/csdl/proceedings-article/csci/2021/584100a463/1EpLBvfDbtS
https://www.computer.org/csdl/proceedings-article/csci/2021/584100a463/1EpLBvfDbtS
https://www.computer.org/csdl/proceedings-article/csci/2021/584100a463/1EpLBvfDbtS
https://www.computer.org/csdl/proceedings-article/csci/2021/584100a463/1EpLBvfDbtS
https://www.computer.org/csdl/magazine/ic/2022/04/09841416/1Fk78EcOjVS
https://www.computer.org/csdl/magazine/ic/2022/04/09841416/1Fk78EcOjVS
https://www.computer.org/csdl/magazine/ic/2022/04/09841416/1Fk78EcOjVS
https://www.computer.org/csdl/magazine/ic/2022/04/09841416/1Fk78EcOjVS
https://www.computer.org/csdl/magazine/ic/2022/04/09841416/1Fk78EcOjVS
https://www.computer.org/csdl/journal/ai/2024/05/10238788/1QaF0WwTTYk
https://www.computer.org/csdl/journal/ai/2024/05/10238788/1QaF0WwTTYk
https://www.computer.org/csdl/proceedings-article/iiai-aai/2023/242200a263/1TgYRM4SJPy
https://www.computer.org/csdl/proceedings-article/iiai-aai/2023/242200a263/1TgYRM4SJPy
https://www.computer.org/csdl/proceedings-article/iiai-aai/2023/242200a263/1TgYRM4SJPy
https://www.computer.org/csdl/proceedings-article/iiai-aai/2023/242200a263/1TgYRM4SJPy
https://www.computer.org/csdl/proceedings-article/iiai-aai/2023/242200a263/1TgYRM4SJPy
https://www.computer.org/csdl/proceedings-article/tps-isa/2023/238500a177/1UAj7CePaW4
https://www.computer.org/csdl/proceedings-article/tps-isa/2023/238500a177/1UAj7CePaW4
https://www.computer.org/csdl/proceedings-article/tps-isa/2023/238500a177/1UAj7CePaW4
https://www.computer.org/csdl/proceedings-article/tps-isa/2023/238500a177/1UAj7CePaW4
https://www.computer.org/csdl/proceedings-article/tps-isa/2023/238500a177/1UAj7CePaW4
https://www.computer.org/csdl/journal/ai/2024/12/10597596/1YBtvHkLRqU
https://www.computer.org/csdl/proceedings-article/ispass/2024/763800a268/1YCRcvZJR0A
https://www.computer.org/csdl/proceedings-article/ispass/2024/763800a268/1YCRcvZJR0A
https://www.computer.org/csdl/proceedings-article/ispass/2024/763800a268/1YCRcvZJR0A
https://www.computer.org/csdl/journal/ai/2024/12/10638797/1Zxz2zsgpnG
https://www.computer.org/csdl/journal/ai/2024/12/10638797/1Zxz2zsgpnG
https://www.computer.org/csdl/journal/ai/2024/12/10638797/1Zxz2zsgpnG
https://www.computer.org/csdl/proceedings-article/iisa/2021/09555527/1xxcmZXTaNy
https://www.computer.org/csdl/proceedings-article/iisa/2021/09555527/1xxcmZXTaNy
https://www.computer.org/csdl/proceedings-article/iisa/2021/09555527/1xxcmZXTaNy
https://www.computer.org/csdl/magazine/an/2025/02/10817130/231p8C3UACc

(%) [17] J. Andreas, et al. (2016); "Neural module networks".

s ANATNETFRNER) CEEOEKERTL. ST Z1—JJIVEI1—ILD
Ky k=507

(BRXEZZ1—JJ/IVEI 31—V SN O SLICE]RL, FOTOT S L%
EZICERAL. SEBEXYEEED, TEV1-IIEE. Z1—SI)- P73 sE =i
5. YHKRDERE/ D HEERE . Atomic Reasoning=47,)

- BRIDT7—FTI9Fv | BEOZ1—TSIVEI1-ILDORYET—D

> EJ1-) L BEDIEBEDESTE R ZIES
(ABDEINEERICEDWT #5/m/VX (Inference
Path)hiReDoSN. FHTEY 1—IVHANEIIN D)

> ho—Zvd @ BEII-IUNBIILTEE
- RN

> BV EICRENBRETH B0, BRERRY 2BICEEH
. MERESTIE

> REROT7—FTIOF v EHERL RENERREY A VICHWTEN/ZIERE
> BRI ES(EINIZBREICT LT NMNIEEVEE EFKIE
> HENBRINEI X VICHWTKRENESEZITTZ
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(Z%) [73] C. Liang, et al.(2017); “Neural symbolic machines: Learning semantic

parsers on freebase with weak supervision®.

- BRRE YT voIN—U0 (Semantic Parsing. BARASED X EFDEKERIFERN
23R8, EIC RN GRER) CETIE) ZIEU<SERKTDDIE. Z1—3)
KYRT—=D|ICKD>TE. Fe BRI KBTI TERE,

- IRE . EEARNCEMAERARE TR BEOIC TVURU YR E = 1—SIVEEEMR | S H

AN rEEF A ( MPC (Manager-Programmer-Computer) JL—ATD—) Z1RE :
LB AT 7/ T3V (SRS R U CTAIRIEKB &R Z D AIEEME 3 D
> SEFF(ANI)ZE__1—S)seq2seqETIVICL>THETOI S L(ZER) ICYVED D
(FEIRITHERRZFEFULCBIIR IO DF—ZTHAXAEUZFIA)
BFHITEOFEIN—IVEREE S ICEY T v - IN—— & HEER)
> R ILispA A TUZICE DT R — A ETCTOTOT S LET
(EREEE TSI ——00 2 EICELO>TRVWIOTSLEZRDITS)
GRIBOYSLEMHBAR—I L TEFTUTCEZZEYTS)
> F[ULHEMES (BREZZDH) SN

Key | Value ‘:> Key | Value [ Key | Value ’_: |
Execute Execute > mNYC
—=(] R1 m.USA { Hop R1 ICityln ) R1 m.USA { Argmax R2 Population ) | Execute
Returmn
Entity — .3 R2 | (listof US cities) R3 | mNYC
Resolver
( Hop R1 ICityln ) Argf-.ax RTZ Population ) Return

t f 1 t f f f t f | f f f t f

Largest city in uUs GO ( Hop R1 ICityln ) ( Argmax R2 Population )
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(Z&) [75] M. Garnelo, et al.(2016);

"Towards deep symbolic reinforcement learning".

- Z1—3J)bINVOIUR
BHAHA—ET 4 CEmE (B 7 — ABE) DEZRA D Z EHE - SEHE.
B EDRN—=EFEICEDKISRYI DT TIATI T O EEZBEEE -

- MUY -DJOVRIUR
MIIRDIEFE (1) (L& (X,y) XA RfEFEEE. Btz BRIt IV (IRRR) 1 & LT,
TL—LRBDATI T O DMS. R S HRRE ©IERL . SmiBRIFRIRZ/ER.

- IR osgbEE
ZATITO8- 91 TREIOHEBEERC EICERDQ-FEEZR D, T MNIVIRREICXTL T
EFIWR—RATIFR<L MBI UIT—TIVE Q-learning TITEIASRZET,

Unsupervised learning

Reinforcement learning of
of mapping from high- mapping from symbolic
dimensional raw input representation to action with

to low-dimensional symbolic \ maximum expected reward

representation over time
N % >

Compositionally structured
symbolic representation

g Neural Symbolic
»| | back end front end
Sensory o / Motor
input Reward Agent output
e
Environment o
QIE CRREEATENDMEA B DT TXT T SHAFFEREN)
. ZHRRICEREN(T—T V) TRk - FFLTLI<
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(BE)[N] Y. Xe, et al. (2019);

“Embedding symbolic knowledge into deep networks,”

+ DNNIZERIAEE L TOY R ORI GRIEL) AT HEDIRSE

s Za1—SJIEIURIYOERESEINEN
> EFBEEH(T1A—T5—ZU0)IEKET—HICHED =6 BRIFIH (FIF9°IL—IL)
ZFALDSU,
> SIE- JU— LR —Z2 DI Ry IR0 ISERRE - BEIREEE TH DM, /1 AADO
INZAMEDMEL Y,

- RENE

1) torEsmIEDEIFE (JL—IL#IHY) Z . d-DNNF (deterministic decomposable negation
normal form) & L\ D §HEREGRIERNICT VXTIV T S,

2) d-DNNF Z=_/—R(AND, OR, UTFSILRE) ETVvF GRIBIIES) NS d Y
SOESEICTRT B,

3) COFIET ST TS5 TEMAHRYET—I(GCN) 1ZfE>T RIMVEKRIR
(BHIAH) ICRIRT D, /I TDEVWREREERMTITXREZT,

4) IBOHIAADRIBIEKICEEICRD L DIZ. semantic regularization (BElx
FHER) ZE A, Z1—JIbRVET—0DIEPR(C., mIBHFIIN =Rz I LOICxRY
NO—2oHH%E{(ET( Semantic loss [CKBIERIE),
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(&%) [118] K Marino, et al.(2021); “Krisp: Integrating implicit and symbolic knowledge

for open-domain knowledge-based vga"

s =T URAHED T F)FA
( KRISP (Knowledge Reasoning with Implicit and Symbolic rePresentations)
FSURTA—I—ETIILDE NG ERMERZEE FRITERLDD,
MBI IOMNoDEBHRITERE L. TORRHEREEEMIEOAAIZRE
WEKIIZHIHT D, ZHRGIFBRTEAEHESIET., LELRMBEZH/N—T 5,

Symbolic Knowledge: Graph-based

Knowledge
Bazs
Eq.[2)
What kind of event can be P ySymbalic
celebrated with these cakes?
T Answer
—_—
Easter
Implicit Knowledge: Transformer-based ——

avgpoal .
MMBERT P |:| Eq. (1) .

pimplicic

Kl
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(Z%) [112] W. Wang, et al.(2019);

"Learning compositional neural information fusion for human parsing"
(3£) Human Parsing& Il BiIEARD AN ZE T X MELU T, FEBAL(BIZ X, B, F.
B Z#HANTDIRYT (BEEUIEICTAED BRI E AR E D
W& ZNENITHRE T D ENERE)

- BIE
BRRRELE (“Compositional Neural Information Fusion, C-NIF*) DIR=R :

ANEDOEMIBDOESEE TS SMBEOREFR(ERE) 21—y T —
JICFBIED, (V572 —ZIbxyhJ—IICCT. &8fMiuze/—F&UTERERL.
(e B ODEZENE I, R EBDUERBRDELIREZEFE)

FEEBRSFEHFEE NN VIV TFRT—ILDIEHRRE. Attention MechanismZzRL)
T EMIEREEDOFE IBIREIN TV,
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(%) [152] L L, et al.(2023);

"Logicseg: Parsing visual semantics with neural logic learning and reasoning".
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(%) [159] M. Qu, et al.(2019):

"Probabilistic logic neural networks for reasoning".
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(Z%) [161] G.Marra, et al.(2020);

“Relational neural machines (RNM)".
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(=%) [165] M. Asai and C. Muise (2021); "Learning neural-symbolic P10/

descriptive planning models via cube-space priors: the voyage home (to strips)".
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(Z%) [181] P. Verga, et al.(2021);

"Adaptable and interpretable neural memory over symbolic knowledge".
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(&%) [194] T. Silver, et al.(2022);

"Learning neuro-symbolic skKills for bilevel planning.
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(£%)[220] J. Hsy, et al.(2023);

"Ns3d: Neuro-symbolic grounding of 3d objects and relations."
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