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Abstract

Various approaches to connect natural language with knowledge have been studied. As
the common problem for their studies, they aim to convert natural language into query
language in order to access from natural language expression to knowledge represented in
the formal form such as Linked Open Data. Based on the approaches of prior studies, in
this study, we propose a method that generates SPARQL queries by iteratively referencing
to knowledge compiled as Linked Open Data. In the experiment, our method was able to
generate correct SPARQL queries for each question type.

Nowadays Transformer-based studies are commonplace in the natural language process-
ing, yet there are some problems. The Differentiable Neural Computer (DNC) solved one of
the problems that Transformer cannot store data over a long time. Another problem is that
a general-purpose language model such as Transformer is able to solve various natural lan-
guage processing tasks by pre-training the large scale text data, whereas the ability such as
knowledge using and arithmetic processing is supposed to be obtained implicitly from train-
ing vast amount of corpora and the correctness is not guaranteed. Therefore, our research
question is that we aim to improve the performance on natural language processing tasks
requiring knowledge and the operation by incorporating architectures for knowledge and
arithmetic processing, and Transformer into DNC. Our objective is to build a model incor-
porating Transformer and architectures for knowledge and arithmetic processing into DNC,
a neural network modeling of the Turing machine which is the principle of the computer,
and verify whether the model can deal with natural language processing tasks requiring
knowledge and the operation.

Before building the proposed model, we conducted a preliminary study applying DNC to
Japanese dialogue. There are many works on dialogue systems considering context using
the neural network. In our work, to realize a robot cafeteria, we applied DNC to the process
of ordering dialogue. We created a Japanese ordering dialogue dataset and conducted an

experiment on it. As the result, we obtained the low mean test error rate.



It is essential for dialogue to understand context and use knowledge. However, researches
dealing with these issues have not progressed much yet. In addition, nowadays sequence-
to-sequence models such as Seq2Seq, T5 and BART are commonplace for dialogue archi-
tectures. On the other hand, it is necessary for more natural and intellectual dialogue to
understand context and use knowledge. However, scientists have argued that such models
are limited in their ability to store data over a long time. To retain the long-term information,
neural network models with an external memory such as DNC have been proposed. These
models learned to process more complex information compared to standard ones by adding
the memory, and achieved a highly accurate performance in dialogue considering context.
In our work, we enrich the DNC architecture and propose a method using both context and
structured knowledge by the distributed representation. We conducted an experiment on
the CSQA dataset composed of a series of coherently linked question answering that re-
quire a large scale knowledge graph. Even though the overall test error rate of our proposed
method was lower than that of DNC, our method performed better at five out of ten items.
In an experiment with the Dialog bAbI dataset, our improved DNC, rsDNC and DNC-MD
outperformed their original models. In particular, each model obtained an improvement of
approximately 14%, 20% and 7% respectively on a task requiring knowledge. In the Movie
Dialog dataset, our improved rsDNC and DNC-DMS also yield better performance than
their original models.

DNC, a neural network model with an addressable external memory, can solve algorith-
mic and question answering tasks. As improved versions of DNC, rsDNC and DNC-DMS
have been proposed. However, how to integrate structured knowledge and calculation into
these DNC models remains a challenging research question. We incorporate architectures
for knowledge and calculation into such DNC models, i.e. DNC, rsDNC and DNC-DMS,
to improve the ability to generate correct answers for questions with multi-hop reasoning
and calculation over structured knowledge. Our improved rsDNC model achieved the best
performance for the mean top-1 accuracy and our improved DNC-DMS model scored the
highest for top-10 accuracy in GEO dataset. In addition, our model improving rsDNC out-
performed the other models with the mean top-1 accuracy and the mean top-10 accuracy in

augmented GEO dataset.

Keywords: Natural Language Processing, Linked Open Data, Deep Learning
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AR, BRARITB DKL T — Z R =2 % BRANHE OO 72 7 — X EEDS KFAER]
% (Linked Open Data) & L TR INTW53. HASHEUWHOP T RAGKE LTH
W5 Z T, REBWNZBERICKL2HERZTUTIEELY, B2 aATLAAREE
FRICIRNL T 5 2 & 3T X % [Bosselut 19, Young 17, Miller 16]. AREFZETlE, AEELA]
W W BASFELEICI D A, FIVDICHASHEXD HHEICT 78 RT3
M5 E1T o7, HASHEFRIL L Linked Open Data JER TRl X 72 HIFEAN — 2 2 G
DF 57012, BARBEEX T SPARQL 7 TV IZAEHT 5 Z & THEBANDORWEDE
AT OB A R THN T E /2. [Wang 07] TIX, HIASEX DR SRS S IR
LT, ME&%ERT 2720 DiE#=, WordNet [Miller 95] 72 & D — &N 7 EE & H & 72
LEbd, T—YPERT DAERBEZEM T S5 Z L TRDF MY VAR 5 Fik
PIRELTWS. [Zou 14] TIX, HE D RDF Y 7L % D7 ¥ Semantic Query Graph
RAMERT T 7 WL, WA Z B D M) Fh 570 2 HEIC RS 5
CTHASHEXDBIROBEZEDTWS. iz, [#AK 151 T, BARSEXERL
fight U 7oA R 2 s Ic A L, 2 255 SPARQL 7 =) 24T 2 FikERE L T
W3, LoLl, TRHIBVWTHASHEXD OER L ZVDBIELWEZ ZIRT )
BREEX TV, Z 2 TAIMSED 1 DH T, BITHEo 7 7n—F 2% 2T,
BASEX oM Lz > 7 1 7 1 ZAGERAIOGER & WIS, =274 74 HD
VL= a Y RARERDIRLSIRT 2 Z L THIST 5 2 L ICHEEZE W SPARQL
72V OHBERFEZRRET 5. BEFHEICED SPARQL 7 =V 2358 S LU,
BRARIRTZEDMRIEEINS.

AL TIERIC, WEMHERE T 4 — T =2 —F 03y P 7 —2ZIZHD AN 2
HEITo7-. £, LlBEENZX=2—F /1%y bV —2FE7 L Differentiable Neural
Computer (DNC) [Graves 16] DR EIRNS. LFE, 74 —T =2 -1y bV —
23 ara—ReYa YRHASTHEUHE L Wo I FXERER T OB K —
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VRO FVITRCBOTHERREELZRTCXZ. Lo, 770K EDT — XK
BORBIRPEB DA, VRN T 2 RIADIREL Vo ZRENICIIRA2 D 5 &
INTEL.

Recurrent Neural Network (RNN) (3%R5| 7 — % O REHHKEFELZIEZ 2 2 e TE,
Fa—) U PRETHD I BHSNTWS [Siegelmann 95] 72, R %17
SREND D 2 a2, HERINCIE) DFFTH D, BFIIZHELHLRE [Bengio 94]
2% L A7Z. Long Short-Term Memory (LSTM) (& Z DE#EIZOWT, RNN 7 —F 772
FXWZT = MEEEZEAL, BRALRTy TOr— MAL DEZEZ EDIEIZL - T
B EGHE T % Z © TR L 72 [Hochreiter 97]. LSTM (X K& < I L, sequence-to-
sequence model [Sutskever 14] & attention mechanism [Bahdanau 14, Luong 15] D351 F
T RNN % E[A] 2 DIZEHH#k L 72. Transformer [Vaswani 17] 1%, 1£¥ A ¥ 3 X T attention
mechanism ZZIZ L TED, LSTM REHNBRET L EZ WA WAIRE R 7 T BiE-
TZ7. LH» L, Transformer [ZIZ RN RERZEERORINCTZ Y a— K554
T context fragmentation problem [Dai 19]1 2% %. Z OREE L 72912, #BEDE
HEXEVMICF vy > 2 LTHL I HRTFE [Dai 19, Rae 19, Martins 22] 2425
INTET PN EARY Transformer ZRX— R LIZETVE, BT 4 —T=a2—7
Nty b7 =27 ORRS e U TEITRENDEDMBEICITE > TV,

—J, JA4A~YHBara—&TilE, s s3EMREREE L REEE 21T
S WEELE, filffan s (ERFEST, S&fFolt, RIE) 245 filistE, = U CataEd
T = XRMAXDHAETZINDEXEY LWV 3 DOHEMR A K - TET
N3 [Neumann 45]. ZD7 —F 77 F v 3L T —2WEeRHETE, 713V
ALBRRAT MR D TED LW HEET L. /A~ Marvva—kid 7oty
(T bbb IR L HlHEERE) ICX 2B XV ZTTTVED, =a—F %y
P3G BEXEYV 22y PV DEALE LT HEICLTWS. GTBEEXEY 2
HHRINC T 2= 2 —F b3y bV —2 & UTIRE X 1172 DY Neural Turing Machine
(NTM) [Graves 14] TH 5. NIM 37— ORI HERTH 5 Z L1 L 2 HRINGE
Fa—V) I rroEEI N, GiAsE ZARRAIMEX TV Z2H0. NTM 2R
W RIREIR 728, XEVADT 7 ZADR D 72 ED Tend-to-end IZFETE S, X5
12, XEV 77t A% QR L 7= Differentiable Neural Computer (DNC) [Graves 16]
PRE SN, BRRKIORFEBIRR R R 7 PR BRI OHER & R 772 ¥ ofE b7 — % |
DT NIV RXLRRD ZfRNT Jiif & OEMIGEICH T 2 FERTIX, AR
AEVICHEZAEN, BEAE2HIT 2 DCBERFERAXEY 1 oHAtiIhs
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Mo, BRERBLTOS. DNCIZEINAEY 727 2AEHEIC L D RORIIZ22E T
52t HAAEIC L.

DNC & Transformer DRI R IEHR-IF IO W T DREZ B L7223, BIORED
fEfZ TV 5. Transformer D & 5 BRINHFEET VL, KB TF X N7 -4 TH
HIEEZITO 28T, SEIFREARSHENWHEZR 7 ZE e TEL T, M
AR BN Y OBENIIRED 2 — R SEERINICE NS &R, IF
LIWFRAES NV E WS N D 5. £ 2T, ARIFFED Research Question & LT,
DNC %~ — ZZ Transformer & FEAIH - HEWHZ1TS5 7 —F 7 7 F ¥ ZHAAD
ZrT, HFEeHEEZHEL T2 HARGEHEWE X X7 ToMiEom L2 HiES. A
ROBMZL, SFHEBOFMTHL2Fa—) /vy rE=a—Jpy 7 —27TH
L7z DNC (2, Transformer & HIFAIH - HBUH 2175 7 —F 77 F v LHlAAAR
ETAEMEL, AR EEZHE L T2 AASHEUE X 27 2| A 5 P REEZIT S
ZeTH5.

REETNVEMET HH1Z, DNC Z HAGENGEIZHE T 2 PR ziTo72. Xk
ZERLUIMNEHEOMIEE, Sibe LTHREZM -7 DHRETH D, HAFELZ NG
ELbDIEARV. £z, HRGEBIZEAXEED T —& 2y MIWL ODIFET %705,
BRANCCIRBEfRZ D K 2R 7 —& v FTIERW. 22T, K TIEIBFDOR
FEDT—REy N TH3bAbl 7— X+t v k [Weston 15]' 2 B#E 1, BEKETOFEXD
S 2 AE U7 HARGEI SONGE 7 — & v P 2B L, SREORZHAAS. TERL
727 — X+t v MTH L Differentiable Neural Computer (DNC) [Graves 16] ZiEH 3 % Z
& T, Mk AW BARGET OGS A7 L 2 MRS 5.

SCHRHRAR & KIFRTE R RIS e o THETH D, MEHB W THERZ BRI -
72f%¢ £ L C [Dinan 18] %° [Young 17] 23, % 7= ARk & HFOW 5 %2> 7255 e LT
[Guo 18] M ENEIT 6N, THoDHEER - T-MIUIRED X DHED AT
W, Fhe, XMEED T —F 7 7 F v & LT Seq2Seq [Sutskever 14] %2, TS5 [Raffel 19],
BART [Lewis 19] &\ 7z sequence-to-sequence 72 E 7V (HHFOFEFHEZ A& LTIH
BridRaEEERT2ETIL) BERICKE->TWS. —7, &b HARTHINZXEE
AT O WIS IR HEE AP ETH 55, Z0HORMAMICBT 27— 4R
FORENCIIRAD D 3 viFEmI N TE . 22T, XREWRRZ EOEMHOFEHRE R
£ 3 % 72912, Differentiable Neural Computer (DNC) [Graves 16] 72 ¥ Dt IRE & &
Za—=I%y N7 =ZETAPREINTVS. INoDETIUIGLREEZ T

'http://www.thespermwhale.com/jaseweston/babi/tasks\_1-20\_v1-2.
tar.gz
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MAT2Z 8 X DIERDET MITHANT X D BMRIERUHEZITZ 2 K 5122 D, X
Rz B E Z 7MW TS EHWEEZERL TV,

2T, BASHEUHICBWTHEZED AN 5B, TERMICELE S A ihE Al
FRIFELWRRZEL D, TEREZEA L2 Z e OFMICHHT 22 e TERVE
WO EDD 5. —)7T, IEERBIC K 2 HERERI TR ORGERIEE TN L THFE
HITHIGT 2 2N TES. £IT, AUFETIIMELAGEZ TEERIIC L THWS
T, FHCERXINEA#EZ= 22— %y FY—ZIZBWTERICIEHT 5.
HEZEAT 22 OREE LT, XREHRD ST TIIEZ S Z 23T ZRWHGH
Zf S BRI 2 0%, BEIRREMONEICN S 2 IEMRRE, £ L TRAIDER
WX B IR S AT REIC 7R 2 T e AT o 5.

AWFFED 2 DHTIX, Differentiable Neural Computer (DNC) [Graves 16] 25z & L
7z, XWRZHRZ DD, RIS X 2HEFE H O FEZRERT 5.

WGk 72 7 2 D AAZERPNICRB L, wmHEt R 2175 'S EFiEL LT Con-
ditional Theorem Provers [Minervini 20] %° Query2Box [Ren 20] MRS TW5. L
L, TNHDFETERONLFEDALPKS T e TERWV. AIFKD 3 OH
TlX, Differentiable Neural Computer (DNC) [Graves 16] £, X 52 DNC #XE L7
rsDNC [Franke 18] ¥ DNC-DMS [Csordas 191 1% L C, BRIEE R A7 IZBWTCEE
TR BT B 2 HIGEA H & EE N 2 Hr 7z 1S A AN, FhE AR 3 2 EE A %
BATEMSIZOWTIELWER ZERT 2 7 DIEROHEBE T HW TR 2 A L X
B2z HIET.

1.2 F@XDIERK

AL DERIIRDBED TH 5. H1ETIE, AR HNERR. H2ET
X, EHEENE LI LRy N2 EFLEMATS. HIETE, HRSHE
XD SPARQL 7 T VAU X B R =a—F > b r P —ADT 7t AFEICOWTHR
5. HAETE, CRBEENE =2 —FLRy b —2EFLOXMREZER L AR
FEISOREN D O FEIC DWW TR S, FiWTEH S ETIE, REEMNE =2 —
N2ty 8T =7 ET MK BNk SRR Z W GEIC DWW TR 5. 6
BT, MREEMNE =2 —I Ry V=27 FTIUC & 2 REELAIR & HE N %
FWZERIGEICOWTIRN S, RIZRICH T ECHmEil s
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JETIL

21 /A< >8I YE a1—2 L Differentiable Neural Computer

WME, 74— =a—IFxy P —2FarPa—XbEYaryHARSELM
Vot X EFXERERT DEMBRARR -~y F Y TICBOWTHEERBELRIT T
. L L, 79 7RKREDT = EEEORISLCERDMEH, BRVRINIIHT 5%
HOBIEL Vo FeBENITIIRRDL D 2 L SN TE 7.

Recurrent Neural Network (RNN) (33257 — X O RERKRFZIRZ 5 Z e B TE,
Fa—V U IRETHS I HHILNT WS [Siegelmann 95] 72, fHRAVZ UL %17
IBENDID % & XN B0, THEGHNCIE) DFETH D, BFEIIIHBLTELIEZE [Bengio 94]
128 L A72. Long Short-Term Memory (LSTM) 1% Z DREIZOWT, RNN 7 —F 77
F X7 — MEWBEEAL, BXALRAT Yy 7O — MEEDERI L DRICL - T
NELZEIE S 5 Z & TR L 7z [Hochreiter 97]. LSTM 13K Z < i\ L, sequence-to-
sequence model [Sutskever 14] & attention mechanism [Bahdanau 14, Luong 15] DB F
CTRNN % E[A]2 DIZEHHA L 7=, Transformer [Vaswani 17] 1%, 1¥& A ¥ X T attention
mechanism ZFIZ L TED, LSTM RGHIIRET L EWVWAWAR KX AT T Bl -
TZ7. LH»L, Transformer [ZIZRIANARERZEERDORINCL Y a— N5 548
UVT context fragmentation problem [Dai 19] 236 5. Z OffJ#EZ f# < 72012, @BEDE
HEXEVHICF vy > 2 LTHL I HRTIEL [Dai 19, Rae 19, Martins 22] 2325
INTE. IFNE AR Transformer ZRX— AL LI2ETFE, T4 —F=a—
Nty b7 =27 DR UTHEITZHENDOEDEIZIZTE > TR,

—F, /A~ a Y2 —&TIX, a2 T 3B EMEE L REEE 21T
5 ALHEEERE ) filflar oL (WERELT, SMbmolt, RIE) %2k filiHEkE, 2 U CEtaE
T = ZRMANDHATZINDE XEY LW 3 DOEMN R K-> TET
I35 [Neumann45]. /A~ HaPa—2D7—F77F v EX21I1RT. 2
D7 —F 77 F v 3T - ZMEZRITE, 7VITVRLARRT 2@ IR
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\]
1
lelli_llL
s
pin

AN WAh
/ \J‘/ T ™ Ve ~
AEY AEY
Lt o
Foevy | | FAHL —
~Y R ~AY R
nIBILE \\ /
a>eso-—-3
HE=RE (RNN)
\ J \ o] /
L
AN HAh

K21: /A~ Bar¥a—% (f) & Neural Turing Machine (5) O 7 —%727F %

TEZEWEHTZ. /A~ Bavva—xidTatyy (FhbbILEEEE L il
HIZEE) WCEPFHBE ARV EFITVED, —a—Jl3xy NT—=ZIFE5HHE XE
Vety NI —=27DEAE LT—HIZLTWS. iR E XE ) ZIHRINCH T z=2—
Ity FT =27 UTIRE XNz DH Neural Turing Machine (NTM) [Graves 14] T
H%. NTIMIZT—7TORIMPERTH 2 Z L IC X2 BRREF 2 -V v = U
DRI NI, HiAESARERINEXEY 25D, NIMOT7 —%727F ¥ &KX 2112
RT.NTM 2RI A ATRER 728, XEVADT 7L ADR Y J5% &8 T end-to-end
WHEETE 3. 26, XEV 77 AN %Z %R L7 Differentiable Neural Computer
(DNC) [Graves 16] 38R &, BN OREIIRR KX R 7 PR AN DOHER X R 7758
DOREELT =X LD 7 A3 X LR R T ZfRnTz. 5 2 OBERINE BT 2 ER
Tid, ANRINEXEVICEEATN, BEXZHERT 2 DICDELBERE AT 256
FAHEIND Zens, ZHERBLTWS. DNC EZERXEY 727 AMIC LD
ROWRINZHE T2 Z e bA[REIC L 7.

2.2 Differentiable Neural Computer

B, DNC [Graves 16] DR ZX 2.2 12/~ L, fHEICHIEZ AT 3.
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Output y,

7N

\

Memory \

. i.
\ @;’{jA \
&) \
\ RNN \

> Time-step t 'y Time-step
A t+1

Input x,

2.2: Differentiable Neural Computer M 4{K[X]|

BERZALRAT Yy Tt TITSUEIILITO@ED TH 5 -
. 2> rur—7 (RNN) X, BRAICOX, Az, EHIRZITAEY 2 oHAH L
7EH e ZAEDETZIED, h, 2H1T 5.

2. h OMEAELUC LD, HI1v, = Woh, &, XEV ZHIHIT 570087 X =%

3. L Ko TXEVANDHEZALITON, X TV DIRELEH SN,

4. BRIRICXEY S DFAH LATOR, A IN2IEH v, & RNN OH T v,
WKy =v,+ W, DX IR INTH I y, EtRE SN2 D L FIRIC, XL D
RNN AND ASiZElE N 5.

MEDONHZ#EDIRTZLITED, XEVADHAE ZBRELID Ah=2—-F L
o b7 — I PEIHEIND.

221 XEYDIEE

XEVIZINXW DT TH 3. NIZXEV 20y FORE (7 FLRADKRE) , W
F2ay FOEX (BT A3BMERZ FLOXE) THYH, EbodlEEr T 5. X
EY DORAEFAN A LEHEINTVE, BALRATY Tt TDOXEYERTIHE M, &
FKiLd 5.
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222 arkA-3

BRADRAT Y TIZOE, avita—J@F7—XtEy b5 AN ¢, e RX LEIX
ALRT v TDAEY My e RVY 2oFiai SNz RO el ek %
ZUED, y eRYZHIT 2. ZLTHEA L ATy TOXEY OFKIEIGEEERL
7z interface vectorg, 13 5. il z it 3272012, ANe@mAHLRZ Mv
ERELESDE x; = [@sr] .5rf 1835, LSTM OZBILLF D@D TH 5.

S,
Il

I = oW xshl s h5T+ b))

! = o(Wilxis by hi™'1+ b))
L= fls | +dltanh(Wixs bl s R+ b))

V2]
Il

Oi O—(W(l)[xh — 17 hl 1] + bf})

&
|

= oltanh(sl)

LEVAYDA VT o7 R, o(x) =1/ +exp(-x) 1Za P AT 19 7> 7EA4 FEE,
Rl £l s ol 3 Z NZHEA BT 5 L4 ¥ I OERNY b, ANF— kA2 b
L, BHIF— b R7 ML, JREEXRZ L, ZLTHAITZ—MRZ ML THD. TXRT
@tkﬂbfwzo,?«fmuanwn%=%=0f%5.W@%&ﬁﬂ,Mi
NA T A%RT.
BRALRAT Yy FIZBVWT, 2y ta—=J 3 TFD K5 ITEFK S5 output vector
v, & interface vector & € RWXRI+3WHRH3 2 i 14 7

v = Wy[htl;...;htL]
& = Welh/;..;hH]

ayra—I0HFENZE T2, ZOHNEIIREA LRT v TETOANDOTERE
JBFE (X1, ) DEETH 2. LizhoT, ayba—I»0 7 58EIULTD LS
FroHohs.

(v, &) = N([x15 -5 x:1: 0)

ZZT, 013y NV DEATHS. Hi&IZ, read vector ZFEE L72H DL RWXY
DEAMTINW, ZHITFEDLERT MU v, Z/E L, output vector y, 15 5.

yr = v+ W lrs.5rk]
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TDESITT 5 I THANIHAHSNERE HNTHAZRE ST e TE 2.

2.2.3 Interface /N\T X—4&

XE VN UTHIEIZAT 5 8112, interface vector & 1XDARD & 512l pElxh 3.
& =00 B k) BY e v £ s FReh 8l &) /B

il 2 DBERIFZELWERBNICEETN S oA RBEBICE D ILEINS. ndR
T 4w 7 7EA FEEIZ[0,1], oneplus BIEIX [1, 00) IZHiIZ 01T 2 7= DITH WS
n3.

oneplus(x) = 1 + log(1 + %)

Softmax BIEUIIRZ b L% Sy ICHIFRE T2 DICHWS LS.

N
SN:{QERN:aiE[O,l],Zaizl}

i=1
T, RMEBRELICAT—NVEREPITE I ZERTS. 1 A7y T TXEY RS
DAt LN, HFEALZ 1 EOATDNS. RIEFXATY D5 OHAH LR
TH5. WHZITo78%, UTDEIRAH T RUNZ MVOERZEGS.

R il D read key{k/" e RV;1 <i < R};

o RAED read strength{ﬁ;’i = oneplus(ﬁ;’i) €[l,00);1 <i<R};
« write keyk)” € RY;

« write strengthB! = oneplus(BY) € [1, o);

* erase vectore; = o(é;) € [0, 1]V;

* write vectorv, € RY;

« RTAD free gate{f| = o(f) €[0,1];1 <i < R};

« allocation gateg? = o(8%) € [0, 1];

 write gateg,” = o(8)") € [0, 1];
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H2E
» R1E® read mode{n! = softmax(#i) € S3;1 <i <R};

ZHSDHBIZOWTRICEHAT 5.

224 XEVYDOHZAHET

A EY OFAHERITIICUE, HAFENRELRIXEY A0y DT FLAZEE
ETDRENDD. ZORE2WarlRELFETRIT 21213, £O7 FLRAZEAN
WKnAHT/EZADPOEAMITIZITZAIERV. TS DEA, read/write weighting
FEROBMNIFIE I THLIFEDEDORT ML THB.

i=1

N
AN:{aeRanemJLEJmsl}

read/write weighting Z ¥ D X S IZKDZ20NEHEETH D, ZhozRKDODTLERIX
A U/E ZAADOEARARIIHEMTH 5. Gisl LIRETIE, RED read weight-
ing {'w,r’l, W e AV IZE S TT7 FLRADHNBEDEA ZMEFIF L, read vector
{rl, TRy 2RO XS ICEHKT 5.

i _ T, 00
T, =M, w,

read vector lZXFZN DAY b O —FANDAINTEMEI NG, &EZAARETIZ, write
weighting w)’ € Ay 12X D, write vector v; € RY (FXIAATLWT —XDRZ bL) &
erase vector e, € [0, 1]V (R vy FADTF—XEEYD XS BARZ—VTHET I ER
L7=RZ bV) ZEHL, LURDXSICXEVTH M WL THE - EXAAE
TTOEHS 5.

M;=M,_10(E-w"e)+w v

o IFEHE T D, EIZTANRT 1 ONXW A2 £ T
R read/write weighting DFFEAIZ DWW CFEAMIZIEN .
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225 XEVOEMSIT

write weighting O E#

HEZABLIDT7 FLRDERITIZ 2 DDTFED D D, write weighting 13 2 DDER
ORI

1. Content-based addressing: interface vector i L C A&7z key b L ICE X
ABFERT Y FRERT .

2. Dynamic memory allocation: Ff &% £ 5 A7 v 7 ETOHiAH LRI Z b &I H
BAHDBEBRDPTE->TWE ARy F RIS 5.

Content-based addressing

write keyk)” e RV £ XEY M e RVWV 021y NS HTWE 7 — X2 RE
L, BUEZZHET 5.

exp{D(k, M[i, -])B}
2jexp{O(k, M[j,-1)B}

C(M. k.p)li] =

write strength B € [1, c0) IX weighting DY — 7 DX ZFHE T 287 X=X THD,
B — o0 DIERT CLIEIFNE =27 DBV D2FVD. Didav A VEUETHS.

u-v

D) = il

weighting C(M, k,8) € Sy IZXEV 7 FL AT 2 IEHILIER D M2 EFRT 5. Z
DF71EIT X % write content weighting [ D X 51272 5.

eV =CcM-, kY, 8"

retention vector 1, DB

Ay b= BRHEIZECUTXEY 2K, MARTZ2 X512, HHMTRERXEY
28y OV A NEHBET S, BiXA LAT Y T TiAHLETo7XEY 20y b
ZHBLTRWAY 52007 77 (EERICIE 0~1 OEEZ D TEHA) % free gate
fili=1,.,R T3 Tfw' =1 e fi=1 D w' =1 BoIFFHAAAEALD
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OB OTEEEATHS. [flw’ =0 o ff=0 F/F w', ~0) ROIFRH&
A LRAT Y TTHAAENTVRY, F720F, SiARAREALE 2728 LTHHM T 5
TP o TWEVWDTEEXARA 5. REGOFEHT (EEXAFA]) 7527 CH

% memory retention vector 1, € [0, 1]V IZ free gate Z VT RD X S ICEFRSINS.
R . .
¥=| |- fw)
i=1

REIDSH 1 ETH LEEXAICR - XEY 20y MIEEEA Y, =05, —H,
AR (EEEARA) o, =1 222D, REALTIZOWT EEERAZ /22 & T
H5.

usage vector u; DIEFY

HEXEY 2By FOFHAPE G EF T EA memory usage vector u; € [0, 17V %L1
TOEHATERT 5.

w w
w; = (U +w, | — g ow,” )oYy

BRI OETHD. (VNEIHFIu OFREREN 1 2R VE S ICHET S
T2ODMIEETH S, u, = 11CETIEEXAARRLIZEADEIEILL, dL
u, > 1 RO THEAMILDEZHDEE L. BRI, free gate IZK DR
TV (Plil 1), TTRHEATELLRBZEZAZTNRIEIDNDOEE L0545,
Zuy MIfERYP RS2, Ay MADOH LW BEEZIAAZIZDOMHRHEL LT (RK
T1IZRD), freegate WHWOLN- TOAFHEIITHS (FvhTO0ek%). L
TehioT, u, OEFROHFAIL [0, 1] 1CHIFIZ 5.

allocation weighting D&Y

u; DERZEIN/ NS WVIEICHANRZRFDXEY 7 RKLADA VT v 7 ZADNY Lk
G eZVN T35, | BEBFEHENMENT FLADA YTy 7R k5. TIT,
AN IZEFENZEANRY PRI 1 ARTHD, DX DEADLVEWVWS L
D7 FLRIRS 77 ALAWV null IEZIIRINICHS . FHXAAZITS 10 DH
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2
LW7 R RX%5 2 % allocation weighting a; € Ay ZLU N TERT 5.

j-1
aldill = (- wlp () | |wleidi
i=1

1 —w, BOTHHEA (BEZIAAT]) DEGVWERTEHATHS. TXTOMEHED
1 TH3E, a=0%7bh, avio—J32ay OB THORIRWED XEY
PHERT A Z e TER.

Write weighting

ayhba—=J 3 LRSI NTZA8 Yy b, FRENFC Lo TEIN-An Y MIE
EFiAA, HEVEEZIAAIZE -7 fThRWVWE WS Z ¥ HTE 3. allocation weighting
a; ¥ write content weighting ¢} € Sy %A G HE T write weighting w)” € Ay IZLTF
DEIITEFRIND.

w) =g |gla,+ (1 - ghe)] @.1)
allocation gate g% € [0, 11 13fEHEA T 7 7D 2 W0Iid key DED HITEDONWTEZIAA
2T GHST 55— M TH 5. write gate g € [0, 1] 1ZZ D Z b HFZIAAZITO D
ZHIEIL, XV 2 REL LEEZNPSRETL2OICHVONS.

read weighting D B3

AHLED 7 FLADZHRICH 2 2D HERD 5 .

1. Content-based addressing: interface vector % i L T AJ] M7z key & & IZHEA
HlExmy b 23RS 5.

2. Temporal memory linkage: & ZIAANHIZHE> TR v F 23T 5.

Content-based addressing

write weighting D ¥ % ¥ [[@#kIC, Fatat LAy F i LT read key{k"; 1 <i < R}
¥ read strength{8/;1 < i < R} ZVTHMENFH IS, ZOHEIES read
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2
content weighting (ZLL N TH 5.

e = (M, kL B

precedence weighting DH&RY

HiRD X TV ZHERT 2 HETIX, XEV A0y MIX L TEXIAADTONLIE
FCBT 2 I —UMREFESIATORY. L2L, ORI RIEHRERRFLTBLZ
EDERBEGEDZLH 5. BIZIE, mimDd—r Y ADIEEFED ICRESh, 1%
HENARFIIR LRV ZRENPETFOLNS. LdoT, XEY ARy bhiEf
LTEEEXINTWL DEBIT % 72912 temporal link matrix L; € [0, 1YV % FH W
L. L EERT D02, B plilhAay MibREBCESAEIN L WS EES
729 precedence weighting p, € Ay T TOEH R TERT 5.

po =0
P = (1 — Z w,W[i]]p[_l + 'w,W
i

w133 (3.1) TEFE L 7z write weighting TH 5. 58 ) F ZIAALMTONLGEL,
Sw)/ =1tR5DT, M4 LATy TOWERp, FHEIH, AL LRAT YT
TEIRHEZRATNDLBMREFESINS. FZABPMTONLRD» - 15813, RIRIAT
bz EZABDEADPRFFSI ST 5.

temporal link matrix DK

AEYVRABY bADEZAALIEERT L, KT 5. L, jlIEXEY M 1ZBNT
28y FildAvy bjORICEZAENZE W IEELZRT. Any M LEFEXIN
BRI, VI 2iTEEDR ey MZHAD TA2HWY VI Z2EET S X5 EHSH
3. FLTREREZAAMTONIZZA0 Yy b25DHLWY Y7258 MEXN5. L,
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DEHAZUAPNTEHR 3.

Loli,j1 =0 Vi, j
Lii,i] =0 Vi

Lili, j1 == wil —w [jDLi11i, j1 + w [i1pe11/]

HIBREA LR T v 7, JIFHIZA LRT v T THS. HHRAay b LZHRHHEAD
BREE YD LS IR T 20EAETIERWED, BOEHEADY ¥ 73RN Eh 3
ATHIDOMAMTIIHIZ0 T 2) . L DITLHNEZNENREDAEY ATy A
D, ROFFEDXEY 20y v 5D0—FRY) V7 DEAEZRL TV,

forward/backward weighting D1&{

XEBVANDHEZAANERE M L7z forward/backward weighting {f/ € Ay;1 < i <
R/bi e AN;1 <i <R} ZLURTHEKT 5.

i ri
fi =Lw,
bi

T, i
o =Liw”,

w ZRTXA LAT » FH 6D i FH O read weighting TH 5.

Read weighting

read mode vector 7! € S3 12 K& D, backward weighting bi ¥ forward weighting f/, %
L T read content weighting ¢’ % &5 T, read weighting w/" € S3 ZLL D & 51T7E
#®75.

wl = w116} + wi[2]c + w31 f!

FiA LE— RIZBWT 2] BT AU, k) 2 HWEREIC K 3BTRS, 3]
THHUL, read key IFIEMAL, FAH LAY FIEFEZIAFALIHIXEY A0y b2
LWL w1l THIR, FAH LAY FEBIETHTWL.
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2.3 PBEERAIE

Memory Networks [Weston 14] 1%, ERKXEV & XE VD AMNEELIT S FE
BRERDPORIZRAEINE=Z2-F LAy N7 =2 TH5. XEVIURIERR Y
ZMLTEE, 22 o BHEICE T oMz EHINCHAR LT 2 12k D,
XlkEE L7 EREIGE %2 P]EEIC L TW5. Memory Networks Tl, XEVIZN LT
hard attention Z FHWTE D, ZIUIWIAAIRER DT, ¥E8 7227 /) T7—>a v
L, BT 21EHROBRICOWTHERYE S8 2 %8935 % . End-To-End Memory
Networks [Sukhbaatar 15] I%, Memory Networks DE 123 2 IHHMDFERICB W T,
57 P HEZR Soft Attention Z W/ ET NV TH L. ZNEZHNWAE Z LD, KT X—&
% end-to-end ICFH T HZ N TE, FRT X7 /) T7—2ar 32080 RLK5
e, KHZBRRIRT—XZW/S Z e TE%. Dynamic Memory Networks [Kumar 15]
'%, End-To-End Memory Networks {Z%f U T AN XRERM, XEYHNFORT FL
Drra—FIZGRUZHWEETNLTHS.
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FI3EZE BASEXDSPARQL YV I Eia
ICKBDAXAZa—F>rO—AD
7ot

31 HIRE=CEHN

AR, BRA BB DMK T — X R — 2% BIRINCHE LD To 7 — X BEH KHUEA]
ik (Linked Open Data) ¥ L TABIEINTW3. HASHELHEOFP THERAME LTH
W3 Z 2T, REMNZERICX2HEG@RZTTRELY, Filk Y EEALBASE
FRICIRNIDZ e T 5. HASFEERDL L Linked Open Data JE3X Tri b & 2172 F15%
N—=RZFERDT 372012, HIREFEL % SPARQL 7 TV IZEHL$ % Z & THERAD
FIWEDOEZIT I M4 RIFZEDTONTE . [Wang 07] TlX, BRSIE LD #
Mg sRIcn LT, HakZzsdih s 5 72D DFE5<, WordNet [Miller 95] 7% & O —f&H 7z
HEPORLEER, I —YDERT SRR ZHEHT 25 ETRDF MY FUITE
2 FEEREL TV, [Zou 14] T, #E D RDF kU 7L % D7 & Semantic
Query Graph 72 2 FG% 272 7 ML L, Wi R KIERZ @D VU T s 6 72 2 J

2 2 Z L CHASHEXDENOMEZEDTWS. 72, 8K 151 TlE, BR
%%Y%%X%ﬁbtm%%%@ﬁmﬁﬁb,%:#6$%mnﬁiu%$ﬁ?%$
EEREL TV,

LL, ThHIBOWTHARASTEXDOER L7 Y IELWEZ TR T IR
AEE TV, 2 T TAMETIE, BITHRO T Tu—F 22T, HARSE
Do Ly 7 4 74 ZHERMOFER E O, =74 74DV V=23
VERAREREDIRLBIRT 5 Z L TERT 5 Z L ICEMZE W/ SPARQL 7 ) O H
AR TFERIRR T 5. BEFEICK D SPARQL 7 Y BRI NAUR, A EIET
ZEDREIEENB.



FBI3E HASEXDSPARQLZHUCZ I A A =—a—F v tad—AD7 27t 18

3.2 PEERT
321 €Y >7T1v2 Web

YT 497 WeblZ, BEED FF 2 X MDD Web 22557 — X HUDLD Web %
HigSHETH D, BERNZORNSD 25D T Web 7 — R EREINICER T2 Z 2
X DB R ATREIC U, WRRAERE ST 5 22 Ta v ¥a— X OFIRER KIEIC
M EXE2ZePHFINTVS. Web DFRIAE T 1 4 - N—F—X=V—1C&k D2
BxXh, SHETIKY 7 b7 —&LRDF, SPARQL 72 ¥ D% OHfiAFaF XN T
=7,

Do bT—%8

VY7 b T —=RiZE~> T 4927 Web ITBWTRDEBERERTH 5. [IERD Web
TERF2AY MEEAL =Y Y22 EDORNTVEDIIHL, Vo y FF—&
TIEBHD, WYL Vo TRTDY Y —AITDWT ZOBRIEAEIRINIC Y > 2 &
ns.

TA L N—F=X=V—2&BY Y7 b7 RBT B HAFNIXRD L S51CF
KEXNTWS

1. EYOLRENC URI ZFHW 3.
2. HTITP 72 r 2 LT URINTY 7t A LTS TZ 3.

3. URIN7 27t A L7-¥ &, RDF=° SPARQL 72 ¥ OFEHER i % i - TH A 72 1HHR
BREBZENTES.
4. O URINDY 72 &L 2T, EHIMOEYERRATE 3.
Linked Open Data (LOD, KEIBBIHIER) 1%, iR L7V > 7 b7 — X2 HEARFANIHED
= Web FICABENTWEA—T 542D 7 b F— AR EN, 35X

F T ORI TR 7 — XD EWIHERY V7 TOoRpNE Z iz kb, ERHIZ
WEINERBA#RHL LTERHINEZDIDOTH S.

'https://www.w3.org/DesignIssues/LinkedData.html
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REE N
PN

X 3.1: RDF + YV 7L DHEARTEHE

RDF

RDF (Resource Description Framework) {3V ¥ — 2B § 2 @1 BfR 2 R 5 2 7
#HATHS. RDF 7771, VY —ABOEKRNZRY ¥ Z7BFREHRT 50y b7 —
7ML, FEE, hEE, HEVEEDO=-f (RDF MV L EMER) 12K 2 EH» M
REND. FFEFZURIAERTY Y —X, BB URIDERT VY —RFREY 770
MBRT 7 —XfH, BB URIPET FEL HGEOBEKL LTtehzhidihdh 3.
RDF MY 7VEK 3.1 D LS 7 T 7iE TR Eh, EiEL HNEEX . — FT, b
Bl oD/ —FlloxZy I TRINS.

SPARQL

SPARQL (SPARQL Protocol And RDF Query Language) &, RDF 77 7 IZWEDH
BE-DOBEMEFETH2. MBLZWVRDF F—XDOEM% 7 ) TREL TRV
AHEBE, SPARQL =YY ViZZ7 YT LD RDF 7 =X 2 MR LEA 215
%. SPARQL @7 TV IO DRDH 2 | ARV A DT =& T =T V% HT
% SELECT 3, RDF 7 — & ##§ % CONSTRUCT X, 8§V Y —A®D RDF 7 —
% % {1713 % DESCRIBE 3, RDF 77— XA § 2 & HE %2175 ASKX. 7LV

DFERICBVT, BEIE X DX ICT TRF 3 v~ =27 DEAILFHN T TR
FHEN5., URL &V 7 7 VEEBIRAI N ERICHE T 5.

F5E, WGE, HMWFECEE R & A RDF + U FLOikiE%E RDF b U 708 % —
¥W5. SPARQL 7 ZVUIZRDF U S KR— I ko THRRGM b5, 7
Y DFEITTIE, U IR =V NOERBITRBGE il 3 8 e RAT 5. &
KT 2 TR TCOMAEDEEMEKL, DD RDF 77 705685077 7 MRS
%. flZ1X, SELECT ?x WHERE {<http://ja.dbpedia.org/resource/H7A
> <http://ja.dbpedia.org/property/EH#h> ?x .} &\W5 27TV % DBpe-
dia Japanese’ THMZR § % ¥ <http://ja.dbpedia.org/resource/HEH>1EZ
L TE->TK 5.

’http://ja.dbpedia.org



FBI3E HASHEXDSPARQLEUZ I A X =—a—F>rrad—AD727tZx 20

1. BAS BB OB SIARHTHNS DROF kU ) AREODHL .
- — . 2. EENSERIT 1 T = YR
IS ET/S<O:B3:H/N/FIVRFT—5/0,3 /c/7 LILF—BH1/3 r———
FHORIFHIRF—5 = &80 (88, HILRF—3, PLILF—B#)
EATR=> TLILE—

FLILF— >80 SELECT DISTINCT _ WHERE { 7
%0 2222 L. —_
2 }

1B NI T IL: (%@, FIRF—3, 7 L/{ LF—8#1)
WordNet_ -~ = ! S~

integrate carbonara allérgy \inEredient 3. ADREMEHIE

HIRF =35 FLILF—
corral N grocery Py = -
Incorporate 7 ¢& FULE—RIG sy e (B0, VRT3, PLIF—BH)

SELECT DISTINCT _ WHERE { 2
TNARF —SBEABT LILE—BHE P — 2PNARF—5 2772 0. _.®
BHEIN? e }
R R ) . BLaDbht
Fine oo

l RERR S ERERN S OEEHRIRHONE
v \‘
— FORGEAR > PLE—

\
\ SELECT DISTINCT ?x1 WHERE { 2?7
N J22LARF—S 2222 1. —_—
\ }
\

l%i@rsuv—;a*/%

ESN N A CEBUL—S T SR
6. SPARQLTUSH, 5.§l]nﬁt\/\0)F‘1 BICELBYL— 3 ARBORE

j.1552:has

;
= ;
/
/
/
: .
SELECT DISTINCT ?x1 WHERE { P, SELECT DISTINCT 2rel WHERE 2rel
j.2:7)LRF—3 j.1552:hasAllergen ?x1. & j27)URF =S el 1. —
} }

X 3.2: HASEX D S SPARQL 7 T ) ANDERTFIED KK

MEEEME 2 1E, 73 A MICHB L 2RE L Z0IE» SRS h 2 HED Z & T
»%. WEEE, BEAREE (B TREREBEEZ SR, ) , TEARFRE (B TRERXE A
@), BROKERRE (B TRENEEATS. D) O30 AKRTIIREL 35, H
&, MEEDPRTEERPIREANDSEEZ L LTI RAEERZEZIET. Hl21, TFEH, K
ERATEHZ SRR L7z, ) WS CTlE, ibEE MR L7z W LT ERESDY 1E A& DIE,
(% | ZFHDIETHS. ZHERDF MY L TRTE, HEZZYT 4741, b
XY L=y a it L, CKER, #Edx, #H) k3.

3.3 RBEFE
BAETOFXDOHHZEEL, 2—FORFEL X —a—F > bad -2
% 7= DICHARSEL % SPARQL 7 T ) AEHAT 2 FERIRR T 5. R FEO 2K
X 32177

AN LTHASEEM S RZITED, 6 DD Z#%T SPARQL 7 =V » H#j4:
KT 2FHEXITOVWTLL NIRRT,



B OHASEXDSPARQLZfC kA X =a—F v tud—AD7 27t 2]

K31 BE& A4 TOnHE

puit= BIST ARFHED NU )L SPARQLZTUDF>TL— b ROFISIDF>TIL— bk
B0 | WILARF—SEEART LILF—BH#%Z | SELECT DISTINCT _ WHERE {
&S | gHFIN? ?x0 72?7 ?x1.

(&, WLRF—3, PLILE—BH) |} 222 @
R bRES /KRB (EBDETH ?

(5, /{5, k< )

Degreef! | {KUL\ | 1EDDIELVEVWV R Z (A TIH ? SELECT DISTINCT _ WHERE {
B0 | (EL/EW, (RS, 185) 2x0 727? x1.
?x1 j.1552:amount ?amount. o /
} ORDER BY ASC/DSEC(?amount) LIMIT 3 2 @ j-1552:
amount

Count®! | . | J\>—D(HATESESH DEITH ? SELECT DISTINCT (COUNT(?x0) as ?count)

(B3, /\>)\=2, {aiE4R) WHERE {
0 rdfitype (IS5 R%.

} rdf:type
EARRIRINBDFEITH ? SELECT DISTINCT ?x0 WHERE {

B3,/\R45,--) X0 rdfitype IS5 R4,
X=DfER L }

1. BASEERXOEX#ERN SO b)) 7IUEHEOHhH

FUERKA G ST 2= CRARS S 7z HARGERESC - 1% - FUDHRAT S R 7 2 KNP %
FWT, BASHEEMXZ@ENT L, BROMERGS X CRGEEEE 2N S
%. WRFEIEMEE ORGSR DN, B L THEE 2 DFF0 b D & %D RDF
UL (LR, FULERER) ¥ LT (GREE, JH1, H2) Z#HETE. b
) Ve B HEEIZ DWW T WordNet [Miller 951 % FWT Z DFEFEZFANRS.
Z AU [Wang 07] DFETHWTWS K512, BASHBHEBXHORERF
FFEN T — XD M) LTI N TV RFERICZ > TV A AR H D,
ZOXSBAITH LU TR T 7 AN TEL LI CEHBT 27-0TH 3.

. MERICK B EE 21 TDHIF
D bV FNDHIGEICHEOE, HlXA T2HFIT 5. KUFETHRE L b
OB L OB & A T HZE 31 ITRT.

Mate), M5 ) REDMGEIIHEAR L LTT Y7L — T {2x0 22?2 ?x1.}
2525 MW O XS LREZBWEDE 26513 Degree e L, 7> 7L —
FT{2x0 222? 7?xl. ?xl1 j.1552:amount 2amount.}%5%%. &
FFZECIIARRD R X 4 V2RO X =2 —IZREL TWB 720, FEICHT 5
WEDLEIE TR ANOBWEHLETH S LT 5. ORDER BY ASC (?amount)
LIMIT 3i2&D, BIZEXoTEZAEZHIEIHAR L3 DOZRTIIICHEL T
W5, B~ Y Fadne Mafl) 2w BENEENS5E, Count Yy L,

Shttp://nlp.ist.i.kyoto-u.ac.jp/index.php?KNP



FI3E HASHEXDSPARQLEIZ I A2 X =—a—F v rad—AD7 7t 22

TV 7L —1{?x0 rdf:type : 77 RA%.} LHHE%ZH X % COUNT B %
525 . TEABRIZDBDN 5071 OFEIE, KNP ZHWT =D/ DEHR
ZEONRVED, BEFEDORT v 72, 3, 5%FRWTSPARQL 7 .V &4
WS 2. HHHEFED EAKR) & BV ETH) O200F -7 — FITHZE
NHE, &Y 2HEZIARTHEET 2 List iz nsd 3 5.

CORRETIX, H 1, H2IZELEREERDTENEN?x0, ?2x1 & LTHL.
Pz, BEEH TE) THIIEAREHFESNLZ Zeh, 7T L—1
LT {?x0 2222 =2x1.}»526N15.

3. HOREMHE
o ) PVOIHIER LT, 20N 7R, A VARV, VT ILD
WINTHE20EHETS. Z7I7REA VARV RADHER, A itrY—I1C
o THANHMER L ZHFEZHVTTY, BEMFECFELRWESIEY 7
INEHWTT 5. 77 RHEINTIGAEIE Y I8k — {2x rdf:type
: VI RH Y EBMT S, A VRARVARESTGEE xR VA VAR YR
BT S VT ILVDGEREROEFICLTEL.

4. FEERAD S OEIZHRIZFORE
BRI OFERERBUC & > THEBOE 212k 2 BIENRIEMERE T 5. 15
PRETARBREEBBE LT, AR, A0 E5h, NEIMTITr) 2HH
5. Btz T AR NGB ZOERISKRIHGEL, I3H D F
TH b NEAMTTr) OEEIRERCL 2 HEERRIENREME L, 24U
WIS 2 E# % SELECT DISTINCT RDER Y X MIMMZ 5.

5. MFEBADBEEEICESZ U L—2 3 VEHDORE
FEEDOUIIC X o TIERX L 72 SPARQL 7 =V @D 222°2DE53% 2rel I, SELECT
DISTINCT BRDEH % —H2rel ICLTY L— a YO EHFICHWED
BRI DIET 5.

6. SPARQL 7 T ') D5
VL — a YOEHOMBRERICBWT, BV L —a gy, A7v 71T
WordNet % {# > THFHANTB W2 M) SV OZEHFEDHRIE TR TOLFH DA
477 6%l (BZIX, {ha,as,sA,Al,11,le,er,rg,ge,en} &
{al,11,1le,er, rqg,gy}), Jaccard fREUC X o THLEZ KD, ED-HEL



H3F HASHEXDSPARQLEZHUZ XA X =a—F > bad—AD7 7R 23

mc:RHE

subClassOf rdfs:subClassOf
7dfs:subClas 01

mc:/\> mch‘? me:7' >
=7 £

df - :

p hasAllergen

P

\le:sﬂmeAs
wmas N C Drvasva
\ N
R .
- \
( VoA : R

E33: A=—a—F>rad—0—5

AT ROER ) L— a Y e RET 2. BHEM LB EBIFES 5

A&, Zipf OFERNSEN K D DR Rkilliz ) L—a v e LGERT 3.
PEDOFHZIZEID AN EN7-AARSEEMXDONE % ML 72 SPARQL 7 =
VZRSEREES.

34 B

BAEICBIT X =2 — LT, RELE4DDHEMAEA S IHE S BASELY
fIXZE AN LTEBEZITR 7. BEFERICE o TERINT SPARQL 7 ) %,
XY@ TCHED SESNZFEDOZYMIC K-> TEHMET 5.

34.1 EERFRTE

HASREERMIS D5 SPARQL 7 =) 24T 5 FRICS R T 2 HEk & LT/ NRED X
Za—FrbuY—EREELE K331CX=a—F Y buY—0—#%/RT. SPARQL
BREE 2 LT, Virtuoso (version 07.20.3214), SPARQL 1.1 Z{#H L 7.

342 BRrE®

R31DOHUCEET 2 TINKF—F@EEART VA —BMEEAZTL? ) T
Y bR/ RRAREDD FITH? ) THEDDERAASZA XA TTH?) Ihon=27F
MDD FIT 0?2 TEABRNYN=TDBHDETH? ) 5 LU TERZIT-
Joo FTo, DMK T, P b2ffio/e RRRXEHD T 7] DX 51T Degree
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1. DegreeBDF> L — hE5%3

SELECT DISTINCT _ WHERE {

?xlj 1552 amount ?amount. \ /

} ORDER BY ASC(?amount) LIMIT 3 e j.1552:
amount

2. IBEOBRMZHITEL, 0, x1BlDUL—>3>%

maets

SELECT DISTINCT ?rel WHERE { rdf: type
?x0 ?rel ?x1. 3. 1552
?x0 rdf:type j.1:/ (5. - amount

?x1 rdf:type j.1:18. rdf: typex
?x1j.1552:amount ?amount.

! =

3. 0, X1 DORERU L —23>E0LT

hasingredientZ3&R L, 2DE® ~UFILIC

3L THL 2. EFRARDLIRZEITL X0, ?x2f rdf:type
DUL—S 3> EMEES \»@
SELECT DISTINCT ?rel WHERE { 2rel \

?x0 j.1552:hasIngredient ?x1. ] 1552:

?x0 rdf:type j.1:/ (X5, hasIngredlent -
?x1 rdf:type j.1:18. rdf: type

?x1}.1552:amount ?amount. J.1552:

?x0 ?rel ?x2. amount

X2 rdfitype j.1: R . rdf: typex

}

1B

4. 20, 2 DERBRI L—>3>E LT
hasingredientZ %R UWHERE{{AINE B =, rdf:type

BRI ICHE T 3EREHETE S .\*<::::>
SELECT DISTINCT ?x0 WHERE { j.1552:
?x0j.1552:hasIngredient ?x1. hasIngredlent 1.1552;
?x0 rdf:type j.1:/ (4. hasIngred|ent -
x1 rdf:type j.148 rdf:type
?x1j.1552:amount ?amount. / j. 1552

?x0 j.1552:hasIngredient ?x2. amount
X2 rdfitype j.1: R . @
} ORDER BY ASC(?amount) LIMIT 3 rdf:type -

X 3.4: 5] BESMEL T, P FEHSEZAXEHHETH? 1 OUEDTIN

CHABEHAG DR, BEEE 2 OBUIIN L THEBREITo 7. ZOEMKWR
W DTN 2K 3.4 12R7.

3, KNP ZHWT (W, 2% 7)), (5, 2% < b) O2ODEMD
MY EHMET S, 1D0HD MY L (RW, 2% H5) L, BEFIEDR
T 7212k D Degree DT > S -1+ 2525, A7y 7 3IIDHOBEELHIEL,
?x0,?2x1 DV L—y a YEHERICHWEDERER D DE LT hasIngredient
ZERT . X, 22HDO MY S (5, 2% b= b)) AL THREBROL
HZITWZ VU O WHERE {} AJNZEREE 5. RIS, AT v 742K DFRPEL
[ 2 RARMICXTIE S 2 24 % SELECT DISTINCT BROZEHY 2 Mchnz, KD 2
SPARQL 7 =V 24T 5.
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+&3.2: FEM & A 2B 3 HERHAS

i EEEEHELe AR X 17z SPARQL 7 =Y HFD & 15 S [mlE
FARL | ANVARF—FF LA | SELECT DISTINCT ?x1 WHERE { FTUATY X5F VT, TULAT Y N T
TUNLX—BMEE&HA | §.2: #VKRF—F j.1552:hashllergen ?x1. TVAT Y FTI, VAT Y AR
FI0? } FLAL Y BT, TULAST Y RALT
TVAT Y KE L, 7TVASE Y FRATL
b FEfio7 AKX | SELECT DISTINCT ?x0 WHERE { bRV —LRRT Y T4
ZHHETH? ?x0 j.1552:hasIngredient ?x1. I—hrY—RKa=7&
?x0 rdf:type j.1: 8RZ&. HHIID I — b Y =R FRu=7 &
?x1 rdf:type j.1l: F=h.
}
Degree ! | H57 DK 21 SELECT DISTINCT ?x0 WHERE { PR RANRT v T 4
fAlcEFH»? ?x0 j.1552:hasIngredient 2x1. Ity —2Ko=7 @
?x0 rdf:type j.1:78RAX. HHPID I — Y —2KRu =7 #

?x1 rdf:type j.1:3.

?x1l j.1552:amount Zamount.

} ORDER BY ASC (?amount) LIMIT 3
Count B! | N oN— 273 FESE SELECT DISTINCT (COUNT (?x0) as ?count) |6

HHFETH? WHERE {
?x0 rdf:type j.l: NYN=7"
}
List® | YABNZ =T SELECT DISTINCT ?x0 WHERE { ARYTINYN=T
HHFTHh? ?x0 rdf:type j.l: NYN=7" NYN=TRT—F
} Iy rRTYL
BER L N N= T DR G
BRAANYN=Z
Y — 2D N—
Degree ! | Hi93A&< T, F< b | SELECT DISTINCT ?x0 WHERE { I-bY—RFa=7@A
+ o/ SAREHY | 2x0 §.1552:hasIngredient 2x1. HEPPID I — F Y —Z2KRu =7
HAR | T ?x0 rdf:type j.1:78RAX. PRIV =L ZANT T4

?x1 rdf:type j.1:3.

?x1l j.1552:amount ?Zamount.

?x0 j.1552:hasIngredient ?2x2.
?x2 rdf:type j.1: F=h.

} ORDER BY ASC (?amount) LIMIT 3

F321TRT EII1T, BEMEA FITBWTENENERSUIE Z 2 DIHE 7251
MEFDZEDNTE, Ldo TIREFIEMEYZ SPARQL 7 ) AR L2 & H
HED D ST,

35 F&o

KNP (2 & 2 RFEIEME - (R D 2T, 7 —XFEIZX % RDF bV FLOEE
ZHW, BREFEXD S SPARQL 7 T YAEHT 2 FELRIRRE L. =0T 474
ZHEROFERZ MBS, =Y T4 74 BOV L= a v RAER» OER T
I2& 5T, SPARQL 7 =V WEM I NAUIE ZNIMRFEEZ NS, F7z, HAR Degree
Bl Count B, ListBD 4 DDHEMAA THFEL, THENOHEME A T7OBERE
REERRY, X —bL7z, Z2as2flAaabE BRI LTz iuEy]
72 SPARQL 7 TV 24T 2 Z e N TE . BRXA TRZRETS kD, 1B
BT REGIAENRL, BRFEXDERT 2EMICEE ST S5 Z e 2AlREIC L.



3% HASHEXODOSPARQLZEHUCE B R =2 —F Y FaY—ADT7ZER 26

MBS LT, ARSHERI L MMMOBREMEOY 2L SA¥Tons. 2
2T, RIS RIS LT X D RIS T TR —F T 3hDIc, =a—3
Nty BT =2 VB FEERAT 5.
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LT HREREENZFZa21—-FILRYED—
JETILDOXREZE L T-BAEE;
S EEADE A

41 HRE=CHH

XHREE R L7-NGEDOMIEIX, S LTHREZN b0 RETHD, HARGE
ZORE LD DIEFARV. £z, HRGEIZIZMEDO T =&ty MIW L O0EE
3503, BHRINCIREEEZ RS X 5727 =&ty FTIERWV. 22T, KK TIE
WHFEDHFEDT — X+t v FTHSbAbl 7— Xt v b [Weston 15]' 2512, BT
DIEFEX DG ZE L7 HARGEF SOWEE T — Xy P ZAER L, SRE DR ZRA 5.
ER L 727 — &+t v M X} L Differentiable Neural Computer (DNC) [Graves 16] % i Ff
32528 T, XREHWHAREISONGES AT L2 BT 5.

42 XAreERELI-BAFEIXHEZT -2ty FDIEK

BERIE T OTEX DS %2 MEE L, bAI 7—X v b [Weston 15] D 20 X X227 D 10
RRAY e BEICHABOTSONGET — Xy P 2T 5. bADL 7 —&t v FEIEA
BT S #Hesm e BRIz EE N TE D LSO RATHNIMES T =2y P THD, X
A 77 512 “John is in the playground. John picked up the football. Bob went to the kitchen.
Where is the football? A:playground” D & 578> a—F A b=V = ZHIZDOVWTDEH
MEBRZZEBART -2 20 BEHEZIATWS

KAV IHER L 72EONGE 7T — &2y FoflzxRs. m, HITIZA, B, CE7L
77Xy MEIHATHWED, ZOMEFZZVXLIZLTVWE., ZOTF—XEy M2
BENLEMIRZIMEL TORITIBEZ 6NV E SR> TED, ZhzH
W3 ZETHAEBIIBY 2 XMMEM A -MmDEE LTS 2L TES.

'http://www.thespermwhale.com/jaseweston/babi/tasks\_1-20\_v1-2.
tar.gz
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Single Supporting Fact (—X&R)
L SPAVAL I

B:Z7mvuyir

C: VKR F =3

A DIEF? NPV R
BOHX? 7avy iy

C DIEUF? ANEKF =75

Counting (X Z L£I¥F)

A ZVL—TTIN—YTa—2R

B: /L —FI7l—YYa—2
C:VEYT 4 —
TL—TFTN—Y Y 2 — ZADFEIIZ? 2
VEY T 4 —OWEEHIF? 1

Two Supporting Facts (ZXBEg)

HEAVAU IV

:ruvyyy

T ANKRF—F

C 7w TR

NFFTLy R

C:FaaL—rr—3F

A DI NAYF YR, 7y TsA
BOEXIZ? Z7uV v+ NFFTLy R
COIEF? AVRF—F, Faal—br—F

w > 0w >

Lists (5]%)

AR ar—¥E2Y 27T

A NLAY VR

B:Zuvy¥r

C: AINVEKRF—7

ADIEI? NAH Y R, AR X —EDY =T
BOHX? 7av vy, Ruxr—¥osr =7
COFEXZ? HVAF—F, Ruxr—¥Dy =7

EEOEI? NV VR, 70T vd Y, HLRF—F, Kar—+

Three Supporting Facts (=3&H)

HEAVA IV

oyt

CHNRF—F

17y TosA

NFFTL Y R

:Faalb—trr—%

Ty I Ta—2R

L —=TFTIN—=Y Y a—R

C:hTF—7

A DI NLAF YR, 7y TARAL Ty TN a—2R
BOHSIX? 70V v h Y, NFFTLy B, 7L =TT —YYa—2R
COEXIFR? WIVKRF—F, Faalb—rr—% hTF—/

O we> 0w >

Simple Negation (ZRE)

A NLY VR

B:Zuvy#y

C: INVEKRF—3

B: 787y ¥ Y TRHERLTAYANA=F—IZLET
A DEFX? "L VR

B DIEXIE? NN —

COIEXIZ? HVEF—F

Conjunction (3%i57)

ANLF Y RET 9 TARL LTy TAT 2 —2R
B:Z7uvy¥r L —FI0—YTa—2R

C: IR F—=F

ADTEII NLYF YR, Ty TARAL, Ty TNY 2a—2R
BOWXIE? BT v # Y, FL—T T N—Y P a—2
COUSLUE? INKRF—F

Basic Coreference (EZARHZER)
A T8V

B:fAbZhT

[SRAVA VAN

ADIEZ? F IR

B DIENIR? 7o XY
COIEXE? "LV F

Yes No Questions (1 T2/ —&RJ)

ATy TNosA

B: NFFTL v R

C:Faavr—t+r—%

A DIELET v TANAL TETH? 130
BOEXWEFaal—br—FTTN? LVX
COEXIEANFFT Ly FTTH? VX

Compound Coreference (18&HHEEBE)
A: TSRV ETART 4 —

B:fAb 2T
C:NLYPYRET Yy TNTa—2R
ADTEXIR? FF RV, TART 4 —
BOWIX? 9K, TA AT 4 —
COFEXI? NLH YR, 7Ty TP a—R

+ Single Supporting Fact (—XZg)

bAbl 7 — &+t v MZHBWT “Mary went to the bathroom. John moved to the hall-
way. Mary travelled to the office. Where is Mary? A:office” D & 512 1 X% RiuX
BRI L TERZOND KO RER IR -oTED, AF—&ty F T [~
DIEE?T LW EMIIN L TEAT2EDOHES | XERUIEZ 2 HE S X
A7 LTHELZ.

Two Supporting Facts (ZX#3H) & Three Supporting Facts (=X£Hg)
Single Supporting Fact & [Afkiz, ZH 22X, 3 XZZITIUIEZOLND X
A7 ERoTWVWA.
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G

+ Conjunction (3E#Ts)
bAbI 7 — &t v b TIIEHGE D “and” 2> THED, KF—Xty b THEN
WHIGLT Ty 25 X517

* Yes No Questions (f TX ./ —&ER)
BRIZH LT, BWOWWITERXDRXRAITHS.

+ Counting (¥ x EI¥)
bAbI 7 — &+t v b Tl “ Daniel picked up the football. Daniel dropped the football.
Daniel got the milk. Daniel took the apple. How many objects is Daniel holding? A:
two” D KDWY a7 D& L) UTHREINCH > TW 3oz
EZBRAZIED, A TREEXDLHEEZREREL TWVWE 0, O
BEZBRAZE L.

* Lists (F%)
Counting X 27 D X 5 WX NI Zth-o7- Dl Lz L, REIICE > TW
EVDVRANEEZDRAITHDN, RF—Xty bTIE T~0EXTY) &
WO HEMBIZMAT M2B0EXIEY) Lo AT ER S X 51ITL .

« Simple Negation (F7E)
BERBEWS R THY, KF—Xty b TRIEXDHBECTHEZINS 5
FEXOEEEZRS 2k L.

* Basic Coreference (EARKLESMER
“ Daniel was in the kitchen. Then he went to the studio. Sandra was in the office.
Where is Daniel? A:studio” 1238 W T #45 he 2% Daniel Z5 L TW2 Z &3
MORBRVWEBEZLNRBRVWEIREZRAITHY, HXMEHEIIBWVWTS b Zh
T D Ty Baziadhrzel> 227 L.

» Compound Coreference (f£5HIHLER)
Basic Coreference I2 51} 2 fRAFZIEBDO NV 2 ER T 25812, EbA
CIEURT D TEEIDZRTEARITHS.

ARF—&+£v TlE, Counting X X% 408 ], Basic Coreference X A~ 1321, Com-
pound Coreference % 2 7 264 ffl, fldZ 24 1,320 fEAFERL L, #8%% 10,044 EDHE
M7 — Xty R L .
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b
N
11
p={1(8

0.3500
0.3000
0.2500 == single supporting fact
== two supporting facts
0.2000 three supporting facts
v ==f== CoOnjunction
Q =$=1yes no questions
o
&  0.1500 counting
=)= |ists

0.1000 simple negation
=—®— basic coreference
compound coreference

== Mean Err.

0.0500

0.0000 £ =7 e =
3 4 5 6 7

[any
N

FBE# (x10,000)
4.1: FEEHER

4.3 FlaRE

VERR U 721036 7 — & & » M Xt LT DNC [Graves 16] Z#H L TP iREBRZLT
o7,

4.3.1 EERHRTE

ETNDNA R—=28F X —ZFZFIT [Graves 16] IZFED L BIEHT A X256 D 1
J& LSTM [Hochreiter 97], Ny FH 4 X1, ZEFE 1x1074, XEVRIL 256 x 64, #t
AHLAY FE4, EXAAANY FE1, X Z 2509 O RMSProp + 77 4 < A
# [Tieleman 12]. 7 FEEE 217720, REOFHEEFNC BT 2 FHIEFEI N IEMRT
HolHEERTMDRICK > TETINEFHM L 7.

432 ER

FEHRFER 2 X 4.1 1Z7RT. Yes No Questions X X 7 i bia D @ o 72038, FE»
HELIZONTHEIEL IR0 TWio Tz, KITER D RASE D o 7= D23 Basic Coreference £ A
JTHYH, INHFEEREZER L HITIRAII I o TWVWoTz. F72, Simple Negation
RA70%, 1 FEEE 21720 TR R TOIRD R EmD o723, 2 FEILE 01
Motz FEERD R T FETOFMEICBNT 0127 2 £ TR LT o 7.
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433 EE

Yes No Questions X XA ZFERMNIIH LT, K7 =&ty MZBWTHE—IZWV/ D0
ADELOLNEEZ LD TH LD, MEZLHDETITBNTIERD 3wy o
A% Nnnz | eETIRY, EMrRE3YObDEEZTLE > TWe. Basic
Coreference X A 7 IZDOWTIE, T—Xty FOEDPRDIDVPBRVEZZRITHY, 7—X
Ty MEIDEEICHEL DD FEZHN 5. Simple Negation X X 713, [HiE 2 71
DERTHIEMD [Ruer—¥) OGETHD, MBFLLT IhyN—F—) ¥ 31—
M ELELR, X4 VORBOHRTHEERZ TV, SHEER LT —& 1y M
FEEEND T2 &2, R DB S DT o7, FE OHE S EIHERINE D 5 72
LEbhs.

44 FOH

AT, BRECBT 2F SO EE0EIc =2 — Iy bV — 7 BTV EH
U7z, HARGEDECNGE T — 2ty b2IEK L, DNC ZHWTERZITR - 72465%R,
T A MRD R L TRWEESZ Z e A TE/2. S0, bAbl 7 —Xt v b %25E
WIHESONGEZRERR L7228, 5% OME Y LT, EEOIEXNFHED I — 2 ZINEL T
ZRERIESOEHICHE TE S XD L TV ELVWEEXITWS. £z, EBOBEE
THEINS, FHICET 2EMZREIEXRZI»HEZ 2 2 3L W, FEk
REAT LI LI Ko T X @M AT E 20,
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B5E HEEBNIFZaI-—FILRKYET—
VETIICL B XAk @S LR Z
AUV =Xt EE

51 HIRE=CEH®

ARER AR & FIFRTE FIENERIC L o TEHETH D, MNEHIZB W THER 2 IRIIci -
7252 & LT [Dinan 18] %° [Young 17] 23, % 7= 32iRk & HIGkOW 5 &2 K- =55 L LT
[Guo 18] R EMFEIT o 2D, ZNoDIEZR - MEEIRLEDHE DED LI T
V. Fiz, XMEED T —F 7 7 F v & LT Seq2Seq [Sutskever 14] %, TS5 [Raffel 19],
BART [Lewis 19] ¥ \» - 7= sequence-to-sequence 72 E 7L (FHFDOFREEEZ AL L TG
B3 RERERT 2ETN) BERICKE->TWS., —F, X HBHATHZXIEE
ZAT O WX RS AP ETH 50, Z20DOEMMICBT 27— 2R
FORNIIFIBIADR D 5 e iFmI N TE . 22T, XRIFEHRZEOERMOERZ R
Fi3 % 72812, Differentiable Neural Computer (DNC) [Graves 16] 7% ¥ DL B E (] =
Za2—INFy FI—TETAPREREINTVS. TOHDETIVIEIEIEEZ (T
MAT2Z e X DIERDET MITHANT X D BEMELRIERUHEZITZ 2 K 5122 D, X
MRz E Z 72T B VT BWEEZEHL TV,

22T, BASHEUHIIBWTHEZ D AN 5B, TERRICELE S A E Al
FRMZIELWRERZEL D, BREBEAL IO XMICHHT 2 2B TERNVE
WO RIS S 5. — T, 7EERBIC X 2 HERRE CTIERIOMFERIEBE I L TH E
MITHIGT 2 Z N TES. 2T, AUFETIIMELAEZ TEERIIC L THWS
ZrT, FHECEERINZHHEE =2 —F L2y P —ZICBWTEIICIEHT 5.
HEZEAT 22 OREE LT, XREHRD 21T TIIEZ S Z 23T ZRWAGR
Zf S BRI 2 0%, BIRREMONEICN S 2 IEMRRNE, £ L TRADES
WX B AR ISDSAIREIC IR 2 T e T o 5.

AR TIE, Differentiable Neural Computer (DNC) [Graves 16] Z# ¥ U7, Uk
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#
W
1
nuu

(Rt

\ylt/ -

AEY
(%Nz8)

-@_} \(RNN)__ e
e é

A (BFA 1)

X 5.1: A ) 2HOERE T LD LRKK

ZRZ DD, THRBIC X 2MELHEE AW FERERET 5.

52 REFE

DNC [Graves 16] Z L3R LA EZ IS 2 XV 2BMNT 5 2 2T, XAkRE HFEKD
W2 FAWNEOAERE BIES. REETLOL2AKKEZK 5.1 1TRT.

FIEE R & V) ICIIMGELAERZ D 50 UOMA L7z XY ZHV, & 22 50317
T, AN LIBEDOAZITS.

1 24 LAT v T THHINHEDOTRAVIATOEY TH 5.

1. nybu—immwﬁXﬁ% , BiZA 2Ty FTXRRAEY ME | e RV
SHAHLEZRBEDNZ bADEy bre | =0 arf e ixrs ek
,nm)LJJ[lKT A& A AXT/7'C%Du§X:E‘) MF | e RV oAt LT
RIEDNZ bADEy brk | =[Pl %xuﬁx%. Zhar s s b
NVh 1T 5.

— 1, veey

2. hy ORBESHUC XD, W v, = Wh, &, BIZA LR T v FITBITF 2 XRA E
) %%U(ﬁﬂ?‘%f:&bo))\7x—&%*ﬁ%bf:N‘? FV & = Wehy, BLZA LAT v
BT I2HHEAEY 2T 2720DRT bV = Weh, 215 5.
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G

3. X o THRRA BV ANDEZIAAD TN, XEY DIREXNEHF NS, Hl
A VY ANDE AL THOIIR.

4. JBRIZ, BHEA LRAT v FTTXRAEY 2 o@GAR LT PG Lz re
EWE NPT TRONERY bl BZA LRTy T THEX TV Do FiAH
L7zR7 MVERGE LIz rk e WEEDLTTIRONZ R MLicy, BEL,

ZEtHET 5.
Yy =v + Wir] +Wf1°gc

read vector 7€ & K IIRKX A LR T v 7D RNN ANDASNTBINE 5.

D EOWHEZ#ED KT ZEIZED, ZDODXEY \NDFisHZHELITS.

DNC & QE/RE WX, 2> b a—FADANNTHIRZTHERA TV 2 o5iAH L
Bl rk | 2, 22 br—Ih5DHINCHTRX €Y 5 HFHAH S NIER rf ZH7
WEZBZRTHS. ETVIIARXEY EHEEX TV 20 DFtAH UFERZ A L T
W< 728, multi-hop reasoning % 5173 5.

52.1 HEXEDDIEE

AWFFETITEGR e U CHEE(LAIER, %D, FiE, AGE, HHEEO = oM TRHX
N7 —2 WIZRX, THAOEMEERTH 5.1 E=of (HA, E#, i) TR
n3) ##>5. DNCOEFLEZHNT, =2OMOLBEREZIFH -7 L T=2fH0DA
20 ANEN, WO 1221325 BIAX, “HA, “H#, “®E», “HA,
CEHE O XS BRAINTHUT “BHE” 2IRT) KO ¥FELKboBRDOXEY ik
RETFTNVOHFTHFEAEY & LTHHT 3.

53 XE&
53.1 EERERTE

TRTDETILDNA 2N=8F X —ZIZFIT [Graves 16] 1IZHD L BAEY A X
256 ® 1 J&§ LSTM [Hochreiter 97], »Xv F ¥4 X 32, ¥R 1x 1074, HRX €V RIT
25664, HIEkA €V RIC 512x128, GiAth LAy FE4, FEZIALAY N1, EX V&
209 D RMSProp 4 77 4+ <4 ¥ [Tieleman 12]. [Franke 18] i€\ > rsDNC [Franke 18]
DRy P77 FRIFZ10% L L7z, HFR— 2 DOHZEDMHDIAAIZIZ TransE [Bordes 13]
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F+ 5.1: CSQA 7— &t v + DXFEHH

USER SYSTEM
Can you tell me which cities border Verderio Inferiore ? Cornate d’Adda, Bernareggio, Robbiate
And which cities flank that one ? Did you mean Robbiate ?
No, I meant Cornate d’ Adda. Bottanuco, Busnago, Trezzo sull’ Adda
Which ones share border with Robbiate and are not part of Azerbaijan ? Trezzo sull’ Adda, Busnago, Bottanuco
Which city is the capital of min number of french administrative divisions ? Riga
Is Rot am See located adjacent to that one ? No

How many political territories have strategic relation with around 22 other countries ? 11

Which are the nations connected with Robbiate and are not located in Italy ? The answer count is 11.

Do you want to see all possibilities ?

No, show only a few of them. Papua New Guinea, Jamaica, Antigua

and Barbuda, Austria, New Zealand,
The Bahamas, Gabon

How many countries are diplomatically related to Italy ? 74

And how many of them also with Australia ? 56

Which countries have lesser number of political relations with others than Australia ? Denmark, Canada, Grenada

e
H
by}
&
eSS

A U7z, FEEAR— R DFERTII R WD, XEEICHN S “the” % “what” D X 5 7 H

£1213 [Saha 18] £ 12 GloVe embeddings [Pennington 14] Z{#fH L 7-. &FHFEDHE

AANRT FILDRITIX 200 TH 5. 2 HIC Validation FER D 10 =R v 78k Rk
5@ DR L7=5, Early stopping & L7z. 7 ¥ X LRHHEHELO R THET L% 3 1M
fTL, FHOMEREMET 3.

532 CSQAT—#tvkhk

3]
~’C\\

5

Complex Sequential Question Answering (CSQA) 7— &t v b [Saha 18] IZ—E A3
D, PORBRZARZER T 2EM e ZOEATHRI N RFHEDOT -2y b
HY, LFDA4DODHENZH S DL ->TWVD.

1. B2 B IR E FEE RS D fift

2. FEEICB U 2B A Z RS 5 7= DI SUROF A

3. BERR B R o Bk

4. BRNEZ 27DICHET 7 7 OGRS 297277 7 DR

£ 5.112CSQA 7 — &t v b OXEEFIZ /RS, #9120 HxfEE (BEF160 T X —>) »
D, H#e LT Wikidata! SV STV 3. SEOEBTIE, Wikidata 1cHf LT

'https://www.wikidata.org/wiki/Wikidata:Main\_Page
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R52: FEMEA FITBIT B R

Bz 47 DNC | fRREFiE
All 57.18% 57.74%
Simple Question (Direct) 70.26% 69.98 %
Simple Question (Coreferenced) 69.82% 69.14%
Simple Question (Ellipsis) 78.23% 78.57%
Logical Reasoning (All) 66.72% | 65.60%
Quantitative Reasoning (All) 61.31% 64.16%
Comparative Reasoning (All) 50.76 % 52.95%
Clarification 29.11% | 28.45%
Verification (Boolean) (All) 19.20% 15.85%
Quantitative Reasoning (Count) (All) | 43.07% 47.06%
Comparative Reasoning (Count) (All) | 83.36% 85.64%

Saha & & [F CHIMWEE 21772 o 72 LT 10 B LS 2 EEDAZ GAL P U T %
HH UZZ8E%, MY L okE% 9,453,367, T T 474 &V L—a DRI
ZFhEH 920,391, 328 ¥ 727,

%3, 4V T FNDDNC EFIIH LT Wikidata T2EE L, Hik%z H S0 U HIS
LUZHGEEX Y 2R T 5. 2 LT, ZOHATY ZHOTIREE T VOER Y
77207, ¥z, MEET NV OHID /=%, Wikidata (VT RFEDT— Xt v b
DA% FWT DNC E7 NV TERZITVY, HEX TV ZEMNT 5 2 & OFRME %2 BEE
L7.

HIFEX EVI2IE 50 HEIFEE L7z XE Y ZHW, DNCETILEREETILICTOWNWT
EIT 10 TEEE 21778 o0 7.

&R

EROFHEERC BT 2 FHHFESPEMTDH o 2EHEZ R TR RITK o THH
L7, BHEMBZA TICBIT 2D ROMERE L 52 1TRT.

Simple Question {ZHFH 77 ZND 1 DD b)) ILDATEZ LN EM (Bl 21X,
“Which city is the capital of Japan?”) T®H 5. “Q: Which rivers flow through Tokyo? A:
Sumida, Meguro, Kanda, ... @ & 5 BREBOEMEZF>D, 2% b, HHDO MY TAn
BERLTW2EMSER NV IV X2 HEN Rz L E L 325 TIZRVDT
Simple Question & § 5. %7z, XARICKFT 20E2IELD, Direct & Indirect (3
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SR BI%) 1259045, Direct IZEERT Coreferenced 135 F W Eb &7k o 1223,
Ellipsis TIEAG R A3 572, Direct & Coreferenced TIREE TN DI HBRWVAERIC
%ol

Simple Question (23X L CTHEFRZ HE & § 5 X 5 REMEREM & LT, Logical Rea-
soning, Quantitative Reasoning, Comparative Reasoning D —=2723% %. Logical Reason-
ing l3FGEE 77 ZNOERD VU Tt Ui 2 02 & 3 28 (Bl 213,
“Which rivers flow through Tokyo and Saitama?’) T®» 5. ZOHEMIZEZ 51T MY
7°)U (river, flows through, Tokyo) IZ¥i41 5 river DEEF & b U 7L (river, flows through,
Saitama) IZ & F N5 river DESDIENBPRETH Y, BREOREMNLEZIZINS 2
DOEREOHBEETH 5.

Quantitative Reasoning |% max, min, count 7% ¥ OIEHER R B AR E & A 72 Higm %
P T 2EM (BIZIX, “Which river flows through maximum number of prefectures?”)
T® 3. Quantitative Reasoning (Count) (% “How many rivers flow through Tokyo?” ® X
IRFEEZASELEMTH 3.

Comparative Reasoning [¥FFED VY L — a VIZHEDIL TV T 4 7 4 DL % HE
&3 2EM (B2, “Which prefectures have more number of rivers than Tokyo?”) T»
5. HEko 2 7ZNOEED b ) T xt s 2HEEmHK D 641, count, sort X more/less
WV o T JHEF D E PR RTH %. Comparative Reasoning (Count) 1% “How many
prefectures have more number of rivers than Tokyo?” ® X 5 #2 LLEEDRICE X BT 50
BREMTH 5.

Simple Question {Z kEX T Comparative Reasoning (Count) XA DAEERIZ _EAY 5 7223,
Comparative Reasoning (Count) DFH R EEM X 4 TH T b Ehr o7z, IR L T
ZEF22 05005 2 ETMETETWARVWE EDHNS. Logical Reasoning D &
REET VDI DBRRNRL Lo,

Verification (Boolean) 1 Yes/No 12 &K - TE X N5 HER%E T 2 EM (21X, “Does
Sumida flow through Tokyo?”) T® %. MOEM X 4 FITHEARTH72 VAR D FIHK L,
Yes/No DA TEZ 27D HEBNEHE TH -7zt Bbhs.

Clarification (Xl 21X, ER1IZ “Q: Which rivers flow through Tokyo? A: Sumida, Me-
guro, Kanda, ...” £ Wo R DHLD 238 D, 2RI “And Does it also flow through Saitama?”
DE> Ei&’%ﬁﬁ"& BODNBIED T T 4 74 D51 DITEZF 572 0WEHE1IZ “Did you mean
Sumida?” @ X S ICEMOEN 2R T 272 DICIEL { B ZIR T Z A TZ 2 0%
IRRITHS. MEIZERRD, TVT 474 LHERY T 7 IR WHGEDORIID 572
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ZHASEDOINEZAER LR TRERS V. J#7 I 72V ThEZIbND
720D RIFEL, BREFNLDOHDBREWHEE 725 7.

ZE

K 521X DNCETNLDERXA LAT Y TICBIBAETYDLDGRAEEDT T
YarvOEAZAFELAR, HS3IREBETNVNDEXAL LRAT v FITBT 5
PRX BV DO DHAIEEDT TV a vy DEAZAFELER, K54 BRET
NDERALLRAT v TICBIBZHBAEY)LOLDOHAH LD TV a v DEARA]
b LA 2 RS,
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write_head/write_dist

. 08 .
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2 0.4
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2
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(a) EXIAAAY F

read_head/read_dist_1
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() FAHLAY F 1

read_head/read_dist_3
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(e)AHLAY K3

BT & NNM T & 2 3R & nE LRIk 2 o 7R &

7- i
0 50 100 150 200 250
0 50 100 150 200 250

read_head/read_dist_0

(b) HAHLAY KO

read_head/read_dist_2

@FAHLAY K2

X 5.2: DNC ETNVDERA LAT v TIZBIBZAXAEVIHT 25HAH LIESAALADT T

> a Y OEAD A LIER
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AHLAY F 3

(e)

BT & NNM T & 2 3R & nE LRIk 2 o 7R &
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read_head/read_dist_0
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(b) HAHLAY KO

read_head/read_dist_2

@FAHLAY K2

K 53: IBRETNDEXA LARAT Y FIBF XM EV I T 25AE LIESAADT T

V¥ a YDEADAHRER
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#
W
4
gul

read_head_k/read_dist_0 read_head_k/read_dist_1
-] : - 0.08
the - : the-| 0.07
as as
- = 0.06
has has
o ) 0.05
which -] X which |
2 2
? 2 0.04
tell -| tell - 0.03
2 2
doner dcn% 0.02
of- of
-- : - 0.01
art art
which . . which -} . .
0 100 200 300 400 500 0 100 200 300 400 500

(@ FAHLAY F O (b) AHLAY F 1

read_head_k/read_dist_2 read_head_k/read_dist_3

the | the-] 0.06
as as
- . . 0.05
has has
which which 0.04
2] 2]
2 - 2
. - 0.03
tell . tell
? ?
done-| done-| 0.02
o] of] 0.01
art art
which - - which-} - -
0 100 200 300 400 500 0 100 200 300 400 500

@ FAHLAY F2 @ #HEAHLAY K3

K 54: fERETINDREEZA LAT Y FIZBIFZHBXEYVPSDHRAHLDODT T ard
HAD LSRR

ISR A LR Ty 7, D DKHEEICHIEL, MllIXEV DRy MITH
3. 52 TR 7T a il o TWAEDHRFT2H2bDD, FEAAE
@At LIEoMIcH £ D HBIIZR S i o7z, K 5312200 TH FRIEORER
Yol MSATEREDZAT Y NDAIT TV arydiEloTW.

REET VDT AT —=RIZBI L ETHO—HI%ZK 5517

5.3.3 Dialog bAbI 7—&2tw ~

Dialog bAbl 7 — &+ v + [Bordes 16] lZL A b T FRE WIS REICBIT B R AT
fRMEINGE 6 X 27Dty v THB. ZDOH D5, Task 1-4 % D725 7= Task 5 (Full
dialogs) I L, X BHICART ¥ )L b —2 Y api_call ThEE 3 e AT
BRELZz. AIfE, BA%E, 7R bty MEdzhzh 1,0006TH 5. Flt v b eB¥



H5 5 FUEEEEN X NNM I X 2 3k & S AR B 72 06 42
£ 5.3: Dialog bAbl 7 — &t v MBI % ¥ per-response accuracy
Task DNC  DNC | rsDNC rsDNC | DNC-DMS DNC-DMS | DNC-MD DNC-MD
+KM +KM +KM +KM
Full dialogs 83.04% 86.52% | 87.77% 92.46% 84.48% 83.83% 82.50% 84.30%
Full dialogs (OOV) | 73.06% 74.60% | 76.11% 75.90% 73.57% 71.83% 72.33% 72.52%

2 5.4: Dialog bAbl 77— Xt v MIBIT 3

ZEMIRS SR, “w/o KB facts” I3HIEER—2 D7 7> 27 b

BRLTEZONB XA %KL, “w KB facts” ITERNICEZ B DICHIFBR—AD 7 7
7 N DIREIR R A7 %K. “w/ KB facts (O0OV)” DFERIZTRT 0.00%72 - 772084

& L 7=.
Task DNC DNC rsDNC rsDNC | DNC-DMS DNC-DMS | DNC-MD DNC-MD
+KM +KM +KM +KM
w/o KB facts 99.99%  99.99% | 100.00% 100.00% 100.00% 100.00% 99.99%  100.00%
w/ KB facts 29.53% 43.98% | 49.14%  68.66% 35.49% 32.78% 27.28% 34.73%
w/o KB facts (OOV) | 95.98% 98.01% | 99.99%  99.72% 96.65% 94.37% 95.03% 95.27%

v FTHNWRD 2TV T 4 7 4 % ET Out-Of-Vocabulary (OOV) 7 XA bty +§
1,000 fIFE XN TWVWS., HF~N—RIX (resto_seoul_cheap_korean_lstars,
R.cuisine, korean) DEXIRVAFIZ VD RAAL ZBIT58400 7 77 b 2fF
D, IVT AT ARNE3,635, VL —a BT, MEEOFEREY A 132,043 TH 5.

R

7 5.3 1T Dialog bAbl 77— X+t v MBI EZ2E2TDETNLDT A b 3 FEITH D
¥ per-response accuracy 7~ 3. DNC 34V 2 F )LD DNCEF /L TH Y, rsDNC i
robust and scalable DNC [Franke 18] T& D, DNC-DMS [Csord4s 19] 1 3 DDEIE (i.e.
de-allocation mechanisms, masked content based addressing, and sharpness enhancement)
%5, £ L TDNC-MD (DNC-DMS ®—##) |& masking & de-allocation modifications
DAHTHS. “+KM” ETVIFEHAEY 2=y P ZEBMLEREET L TH 5.

DNC+KM &4 VU ¥ LD DNC % Full dialogs £ OOV & 2 7 Ofj 5T k[0 - 7.
rsDNC+KM I3 &R TH b EWiER 22 L 7z. DNC-DMS+KM @ 2 21 713 DNC-DMS
DRAa7 XD &H o7, [Csordds 19] T QA XX ZIZHEWTIZ DNC-DMS X H DNC-MD
D PFERPEP o2 b MEXNTWS 728, DNC-MD E7/LDEESH TV, DNC-
MD+KM DfE2 DNC-MD & D S\ Z ¥ 23775 7. 24U temporal memory linkage
ZEDIRVHEEX EY OMEICK 2 DL HERT 5. AT Y Z21FHT 2 & 2 DHI
WA= IV T DNEFE & 0EEH O HFEDEE I MEBIR72 DT, sharpness enhancement
MOELEREL R o EZIONS.
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£ 54I1CKBfacts L TEZONBE R A7 &, BRIIEZ % DIZ KB facts ZAE &
T2 R RIS R % /RS, wlo KB facts & 2713 12,351 X, w/ KB facts
RAZIE3912 X &2 T A My MZEL. HikzEZR U Rn—RI 205G 2% 5 wio
KB facts X 27 ¥ w/o KB facts (O0V) X ZZ1ZOWTIX, €55 HRETEWER Y
otz Wik ENR S 23 EEE IS w/ KB facts 2 71229\ TIE, DNC 7329.53% T,
DNC+KM 73 43.98% CTH o 7=7-, #RRETNDITH 14.45%A ELT=. 72, rsDNC
1% 68.66%, rsDNC+KM X 49.14%72 > 7=7-8, EEETIE 19.52%DAGER DM 53
Hohlz. X512, DNC-MD X 27.28%, DNC-MD+KM (¥ 34.73%TH D, 1RET
IV T.45%8) E L=,

sDNC+KM IZIEH L, ETADBX BV ZMZEZIAA, XEY 2o ik it $
DOZHET 572D, A LART v THBDRXEVIINT 2aiAL LIFZRAADT T
VY aYDEADMEREAMRLELT 5. K56, K57, K581FFK551RT, 7L
DHIDIFTRTIERRE 72 IO OWTD T 7>y a Y OEAZAFELTWS.
5.6 IZBWT, MEIXIRXEVICBIF2FEMERL, MEIANTT—%, D%
RADAT Y THOIL—YHGFED 2 WVIIETVHNZRT. T VIIANRINE 2T
T B BHIE X, AIDRVWERA IV AEERERT 5. Bz, AR
23 “can, you, make, a, restaurant, reservation, in, paris, -, -, -~ D & ZHHIRINE «, -, -, -,
- imyon it THDE (D F T4 T —K). 561355l E—2
PHR—YO6IBIEIZXMMAEVNDHEZIAADT T a Y DEAZRT. “paris”
D XS BHGEAN— ZDOHGEIZHRWT T a YAH D, “actually” P “instead” 72 £ D
VA7 VDN ZEET2DIEONLHEEICL 7 TV a »2hhroTWVd DN
BN, K573 RSS5OFDR—2 85 R—2 141IBIT B XRXEY 25Dt
AHLD7 Ty a v DEAEZRT. EFALDOXEVIZ4005AH LAY REEH
LTED, ZOAND12%RT. ETANLA LT VEHREHIIT S L Z “indian” 73
M EXIATNRA0 Y N7 TV avyhdh, EfEA4 Y PEEOL A NS VUi
DT, “indian” W I FLAM LIIERPERIE -7z bh s, K58 1FHFHREY
PHDHANLDT TV a YOEAERT. ETADBLVR T VEREEZ 50T
7TV arBrhro TWAERTFER SN0, XRX T VTN TR RRIE R
DPBIRD 5Tz,

£ 5.6 ITRT X IITET D w/ KB facts X 27 % 2TRELEZ 72 & & OFERIE N
HIMEEL 7z, KS5.9FR5.6 DX =2 205X =2 8B 2 XRAEVADEZAA
D7 TryaryDEADGRO—H%Z/RT. “moderate” X “british” & W\ o 7= HIGH~N —
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£ 5.5: Dialog bAbl 7 — &t v »TD rsDNC+KM DO I A3 N TIERR & 72 - 72 KO

21—V D3 1sDNC+KM D) IEf#
1 good morning hello what can i help you with today v/ hello what can i help you with today
2 can you make a restaurant reservation  i’'monitv’ i’'mon it
in paris for six with indian cuisine
3 <silence> which price range are looking for v/ which price range are looking for
4 iam looking for a expensive restaurant ok let me look into some options for you v/ ok let me look into some options for you
5 actually i would prefer in madrid sure is there anything else to update v/ sure is there anything else to update
6  instead could it be in a moderate price  sure is there anything else to update v’ sure is there anything else to update
range
7  no ok let me look into some options for you v/ ok let me look into some options for you
8  <silence> what do you think of this option: what do you think of this option:
resto_madrid_moderate_indian_7stars v/ resto_madrid_moderate_indian_7stars
9  noidon’tlike that sure let me find an other option for you v/ sure let me find an other option for you
10 <silence> what do you think of this option: what do you think of this option:
resto_madrid_moderate_indian_5starsv’ resto_madrid_moderate_indian_Sstars
11 noidon’tlike that sure let me find an other option for you v/ sure let me find an other option for you
12 <silence> what do you think of this option: what do you think of this option:
resto_madrid_moderate_indian 2stars v/ resto_madrid_moderate_indian_2stars
13 let’sdoit great let me do the reservation v/ great let me do the reservation
14 may i have the phone number of the here it is here it is
restaurant resto_madrid_moderate_indian_2stars_phone v/ resto_madrid_moderate_indian_2stars_phone
15 yourock is there anything i can help you withv’ is there anything i can help you with
16  no thanks you’re welcome v/ you’re welcome

ZADHFRIZHBNT TV a R o 7.

X 5.101FEK 5.6 DX —2 10056 X—2 1412

BUIIZXRA T SDHAH LD T TV a Y OEADERO—HERT. T
BL A LT VIERE RIS 2 L &I “british” BEZAFTNZZ20 Y b ¥ “with” 2AE &
AENTz2vay N7 T Yy arydBdholz. “with” WS PRBERERIETILOH
ICEDOFEPS LA w. K511EHAEX BV 26 05AH LT 7> a Y OHE
BERT. ETADBLRA LT UEREEZDHNCT TV a v dhhroTED, Rl
WBI2HFBA Y DODOHARLOT TV a Y OEAL MU ER L.

5.3.4 Movie Dialog 7—42t v k

Movie Dialog 7— &t v I [Dodge 16] IZMUED ¥y ZIZBIF % 4 DOXFEX R 7 D
ty b TH B, BREIEX R LH#HEE X R 7 ZilAE D7 Task 3 (QA+Recommendation
Dialog) Zff L7z. MEEEX3 X — M TH 2 [ mHID R —NIHELERT 5, eg
“I’m looking for a Brian De Palma movie. Response: Blow Out”. 2 #&H D & — > T,
2—HFIFETNLDRIDIEICOVWTD 7 77 b4 FEVEMZFR 3,
that star? Response: John Travolta, John Lithgow, Nancy Allen, Dennis Franz”. 3 #&H ®
=T, 2—F3HIOHEZERL, WO DBANOWTENEREZS5 X5, eg.

“I prefer Robert De Niro movies. Can you suggest an alternative? Response: Hi Mom!”.

e.g. “Who does
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5k 5.6: Dialog bAbl 77— Xz v F T®D rsDNC+KM D H{ J1%5 “w/ KB facts” X 2 7 TFTRTAIE
fif72 o 72 & Z OFERDFE WA

21—V DR rsDNC+KM o Hi EfE

1 good morning hello what can i help you with today v/ hello what can i help you with today
2 i’dlike to book a table in a i'monitv i’m on it

moderate price range
3 <silence> any preference on a type of cuisine v/ any preference on a type of cuisine
4 with british food where should it be v/ where should it be
5 madrid please how many people would be in your party v/ how many people would be in your party
6 for four people please ok let me look into some options for you v/ ok let me look into some options for you
7  instead could it be in a sure is there anything else to update v/ sure is there anything else to update

expensive price range

8 actually i would prefer for six  sure is there anything else to update v/ sure is there anything else to update
9 no ok let me look into some options for you v/ ok let me look into some options for you
10 <silence> what do you think of this option: what do you think of this option:

resto_london_expensive_british_4stars X

resto_madrid_expensive_british_8stars

no this does not work

for me

sure let me find an other option for you v/

sure let me find an other option for you

12 <silence> what do you think of this option: what do you think of this option:
resto_paris_expensive_british_4stars X resto_madrid_expensive_british_6stars

13 ilove that great let me do the reservation v/ great let me do the reservation

14 do you have its phone number here it is here it is
resto_madrid_moderate_british_Sstars_phone X  resto_madrid_expensive_british_6stars_phone

15  thanks is there anything i can help you withv is there anything i can help you with

16 no thank you you’re welcome v/ you’re welcome

£ 5.7: Movie Dialog 7— &t v MZEIT 2 FHF his@k. “k=17 1F hits@1, “k=10" iZ hits@10

ZEKT 5.
Task DNC DNC | rsDNC rsDNC | DNC-DMS DNC-DMS | DNC-MD DNC-MD
+KM +KM +KM +KM
Whole test set (k=1) | 18.74% 18.54% | 18.26% 18.54% 18.57% 18.61% 18.76 % 18.58%
Whole test set (k=10) | 37.72% 37.49% | 35.72% 36.13% 37.53% 37.88% 38.38% 37.33%

7 — &y MG 100 J5xEEH,

IR EROHIRIC

B))

T AMHIZ1 TST2o88. ZhboN,
AR 100k, BHFEFIZ 4,907, ZLT7 A FFHIC 4,766 % {#

F L7z. Movie Dialog 7'— &t v + O~ — 21X Open Movie Database (OMDb)? ¥
MovieLens dataset® 2 HRER XN TWS. RS LGl y —2hicHBHT 2> 74
TAZFDO M) INDAEZITLOHGEERN—ZA 06/ L, 126,999 Y Lz, =
Y747 4813 37,055, VL —a JRUT 10, MEEOFERY A X1326314 TH 5.

&R

# 5.7 1C Movie Dialog 77— Xt v MBI 22 TOETNLDT R b 3 E[THDF
¥ hits@1 K X hits@10 Z7R3. hits@1 & hits@10 D 5 & b F 4 D DNC+KM &

2http://beforethecode.com/projects/omdb/download.aspx.
3http://grouplens.org/datasets/movielens/
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5 5.8: Movie Dialog 7 — &t v MZEBIF 2GR, “k=1" X hits@1, “k=10" X hits@10 %

HE5 5.
Task DNC DNC | rsDNC rsDNC | DNC-DMS DNC-DMS | DNC-MD DNC-MD
+KM +KM +KM +KM
Response 1 (Recs) (k=1) 22.07% 21.97% | 14.46% 14.56% 21.49% 21.95% 21.87% 21.64%
Response 2 (QA) (k=1) 7.18% 6.80% | 897%  9.28% 7.07 % 6.82% 7.27% 6.87%

Response 3 (Similar) (k=1) | 38.16% 38.23% | 40.99% 41.39% 38.35% 38.50% 38.30% 38.64%
Response 1 (Recs) (k=10) 50.25% 50.52% | 37.20% 37.97% 49.05% 50.28 % 50.43% 49.36%
Response 2 (QA) (k=10) 18.84% 18.26% | 20.62% 20.72% 18.79% 18.88% 19.89 % 18.52%
Response 3 (Similar) (k=10) | 61.69% 61.62% | 64.28% 64.90% 62.31% 62.23% 62.08 % 61.68%

DNC-MD+KM i34 V) & FIVE TV K DAGERDER 07273, Fk D rsDNC+KM & DNC-
DMS+KM i34 Y P FILVE TNV L DAERPI R o, KRS58 I KD MR D79
DFERETRT. ZRNENDEZ R 7 DHNEFEINR—ADLZY T4 T4 DY A MTH 5.
Response 1 (Recs) IZMFEDRIID X —> T hH, HEZERKT 5. Response | DT R
ey MCEENRZ T T 4T 4 835421 TH 3. Response 2 (QA) X2 FEHD X —
YTHY, ETNVEHDOR—2oXREEZTT 727 b4 FRVHRICE X 2 08
5. Response 21F 1 DLLEDT Y T4 74 2BFEZ 522 LIFLIERD LN D720,
T A MY MZ986T VT 47 4 %D, Response 3 (Similar) 133 HHD X —>T
HYH, EFNVEES OBANCEET 5 2 —F OBNEHREZ G 2 & N THIOHEE Z {2t 5
5. 4939 TV T AT ADBT Ay MIEENS. Response 3 X A7 TIIHIFK X €
VRFORLDET LD hits@1 22723 D DNC E7 /L THED o7, 1sDNC E
TIZBWTIX, rsDNC+KM D hits@1 ¥ hits@10 13553 3 X X7 TR TCTH_E
L7z. 1sSDNC+KM D Z 21 7 73 Response 2 & Response 3 X 27 THDEFTIL% LA -
722d b 53, Response 1 X A7 DRI 72 D KA o7, Response 1 & X2
X “Gentlemen of fortune, Revanche, Eternal sunshine of the spotless mind, Prometheus,
Fanny and Alexander, The hurt locker, and 127 hours are films I really like. I'm looking for
a Brian De Palma movie.” D & 5 BEWAN X2 5 BENDH 5728, rsDNC ET L
BRWRIIDINFICHE D2 e EZOND.

54 Fo

DNC ZHi5Rk U, MRz A O OMELAIFRZIEHA L NGEDOET LV EIREL 2.
CSQA 77—ty " EHVWTHREET L A1) P F )LD DNC ETILDHEEREEITR,
D BRI U AER, 10HEH SHEHETHRIZ LA 7223, 2FR0FERIZ DNC £
TFTLED RBoTLE-. BEERD—22 LT, AFfXEV DV A X% 900 5D b
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VIV EGLERT BITIE 512 X 128 TR ER/NETELZHAEZHNS. SHEOER
TIHFEA T L= a3 YD 10 HEZE 70T, ¥EEMEHEP L TRERE 2%
RLWV., SHOFEY LT, HEETATIEHRIEPES L Vo BEBPIELL T
MEENTWRWDT, HRBEUIN L TIEER A=Y ¥ F 2 {TRoz LTI
DB % end-to-end TEXFEIT 2 HEEEZTVE W, 30 DNC €7 /L, vanilla
DNC, rsDNC, DNC-DMS {ZHIGEX €V 2B L7z, B RHAEZ HE L 3 505 & R
BT BZREFEOMBRIZONVTHON L. $8RET /L, DNC+KM, rsDNC+KM,
DNC-MD+KM 73 the (6) dialog bADI tasks dataset @ full dialog tasks TH U I FILET
N EAlo7z. K2, BETWVIEKB 7727 V2 ERTHRXRAIT, ThrzhB iz
14%, 20%, 7%17) k£ L 7=. Movie Dialog dataset Tl, rsDNC+KM, DNC-DMS+KM 73
FVIFALETNED RORERIZZ o 7.
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Which party does unk belong to? - - -

q29468 [g9626]

0

Which sex does that person possess? - - -

q6581097 [q6581097]

0

Is unk a that sex? - - -

yes [yes]

0

Which languages can unk read and were used originally for the creation of q268236567 - - -
q1860 [q1860]

0

What are considered to be the original language of creation of 26823656 or unk? - - -
q1860 [q1860]

ql321[]

Is that language a p361 unk? - - -

yes [no]

0

Does unk and q192 serve as a chairman for q96267 - - -
no [no]

and [and]

yes [yes]

respectively [respectively]

0

Whose first name are q19143127 - - -

UNK [g313972]

UNK [g215040]

[kalu]

[peter]

[q215040]

[davies]

0

Which military decoration was that person awarded with? - - -
did [did]

you [you]

mean [mean]

UNK [g6796118]

7?17

0

No, i meant maxwell davenpolt taylor. Could you tell me the answer for that? - - -
UNK [q17231624]

0

48

55:BBRETNDT AN TF—=RIZBIFZNETFHO—H. [ NOHFEXEMREERT. Tl

U7 HEE & D3 L T LGRS, BANMSRTCERING.
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#
W
i
mu
c_

context_read headO/read_dist

what
d

th|n|<f

this
optlon

- 0.40

- 0.35

resto_madrid_moderate_indian_7stars
- - - ~ what

do

0

th}{nk

of

this
option

- 0.30

0.25
0.20
0.15
0.10
0.05

[X 5.7: Dialog bAbl 7 — &Z -+t v b T®D rsDNC+KM DEINHFNC BT 2 SR X TV 22 5 DA
LD7 7Y a Yy DEADAHLEER

resto_madrid_moderate_india n_S%ﬁrs
do
0
th}{nk
of
this
option

resto_madrid_moderate_indian_2stars
herﬁ

is
resto_madrid_moderate_indian_2stars_phone

m\or-

lOU
110
120
130
140
150
160
170
180
190
200
210
220
230
240
250

knowledge read headO/read_dist

what

0

th}{n

t_hls

option
resto_madrid_moderate_indian_7stars
- - - ~ what

do

ou

th}{nk

of

this

option
resto_madrid_moderate_indian_s%ﬁrs
do

ou

tHink

of

this

option
resto_madrid_moderate_indian_2stars
here

it

is
resto_madrid_moderate_indian_2stars_phone

Ommhw MmN A0 OM~QN o MmN O 00w
M~ Hmmhmomwruoooom WO Mg
oA N ANANTIRRATY TSRS

[X] 5.8: Dialog bAbl 7 — &+t v b T®D rsDNC+KM DEINHFNC BT 2 HEEX £V 225 Die A
LD7 T vy ayDEADAFER
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context read_headO/read_dist

what

do - 0.7
you

thin[;c 06
t_hls

optlon | o5

nesto_london_expensive_british_4stars
what

do

you

think

of

this

option

resto_paris_expensive_british_4stars

here

it

is
resto_madrid_moderate_british_5stars_phone

0.4
0.3
0.2
0.1

¥ 5.10: Dialog bAbl 7 — X2 » bk T®D rsDNC+KM DFERDIENFIC BT 2 XRAE) 25D
FAHLDT 7V a v DEADOIRLAER

mxor-

lOU
110
120
130
140
150
160
170
180
190
200
210
220
230
240
250

knowledge read headO/read dist

what |
do 0.5
you
think
of
this - 04
option
resto_london_expensive_british_4stars
what 0.3
do
you
think
of 0.2
this
option
resto_paris_expensive_british_4stars 0.1
here
it
is
resto_madrid_moderate_british_S5stars_phone
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[¥ 5.11: Dialog bAbl 7 — X2 v ;T rsDNC+KM DFERDBENFNC BT 2HEEAEY 225D
FHAHLDT T vy a yDEADOIRLAER
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F6E HEFENETZa—JILRy bET—
7 ETIC K B BELHE & ERL
Bz AVIERLE

6.1 MRE=CHW

ik 272 7 2 BDIAAZZBMNICRIL L, & 21T 5 NS FZE L LT Condi-
tional Theorem Provers [Minervini 20] %° Query2Box [Ren 20] 28RS TW5. L
L, INHDOFETIRRONIFEDA LIRS T eATERWV. AL T, Differen-
tiable Neural Computer (DNC) [Graves 16] £, & 512 DNC %2R L7z rsDNC [Franke 18]
¥ DNC-DMS [Csordds 191 120 L C, ERIGEX R 7 IZBWTHELERTDH 5 Wik
A & B 2 Fr 72 1l A AR, S EEIER N3 2 EE U 2 & A 2B/ S0z
WTIELWEZZART 270 MEEOHEEZHW TR Z2A L€ 2 Z e 2 HIET.

6.2 IBEFZX
3 2MDEF I, DNC, rsDNC, DNC-DMS % #iE LA Z IRIE T 272D D=1 X €
V7 —*%77F v 70ty 7 —FT7F v ZBMNT I THET 5.

621 Oty

6.1 13 DNC ICES A EY & b v 42 oHEEF LOLRNERT.
LT 7L control unit (RNN) £ 2 ODXEY 2=y b SutyVa=y bhb
AR5 .

BRALAT Yy Tt TITOUHELITO@ED TH 5 -

I arte—7 RNN) EATT = &, WiZA4 LRT v T TXRXEY ME, e RV

2 HatAH LI REDORZ brDty b re | = [r&!: ...;rfﬁ] (re | & rfill,...,rcfi

-1’ t
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Processor
Gate Max
Min
Output y, More
Less
Major_city
. G\G}/ _______ ~. . f_s Major_river 1
¢ . Major_lake —> "
[ Processor }< \ s Not -
\ Count
. \-\ Density
| . \,\ | Sum
| Context gKnowledge \.\ AN Context
ver | memory | memory | \i | Knowledge
\ / i Y
- -
ey @'Dj \_\ L
.' '\ \.‘
rk, \_\_? RNN \\:§ Time-step
k A Time-step t/ t+1
I
Input x,
K 6.1: HFk X EV & Futy B 2FOREETNLOLKN
DIEE) WA T, HiXA LRTy TTH#AEY M e RV o FAM L
ZREDRZ PADEy b rk = [rf;ll; ...;rff], FLTHIZRA LAT Y TDS
oty Y OHEHBERMRONRY ML v, ZRITES. 20 6BEART MLk, B H
N3 5.

2. h OMEEFUC LD, HI1v, = Wyh, &, BIXA LR T v FITBT 2R A E
) ’Eﬁ?ﬂfﬁﬂ?‘%t&)@)\7x RERHAL TR bV €& = Wehy, BIZA LAT v
TICBITDHFEA TV 2 HHT 2720DRT bV = Why, ZLTHEXA LR
Ty 7o7atyFICHWSLNE S — M RT ML g = Woh, 215 5.

3. L Ko TURX EVANDEZIAADITTOI, XEY DREYEHRENS. H
A EYANDHEXIAARITTOIIZ .

4. Faty Y TOEBENHIL g &, XA LAT v T TURAEY D HHAH L

27 MAEREE LTS, AL LRT v FTH#MX B D SatAtH LRy
MLEREE LTz r k ZRHWTI{Thbi b,
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5. BRI, re WEERNPITTHEONZARZ bLE, vk WhELIFITHELNZAN
7, NOBEXA LRATy 7O TatyIhbDRT Mlo, & W, 20T
BohdzR7 by, BEL, Ty, ZETET 5.

yr = v + WerS + Wrrk 4w,

read vector 7€ ¥ 7¥, value vector v, IFRKX A L ZAT v 7D RNN AND AINTENN
SN,

Ot v

TuatyHdazy MNIEWTHEMREMNHEE L GRPEHE 21T 5 72012, 13 OHEEZHK
ZEL7J/z:Max, Min, More, Less, Major_city, Major_river, Major_lake,
Not, Count, Density, Sum, Context, Knowledge. XAkXEV 5D read
vector ¢ ¥ HIFE X £V 225 D read vector rk 1%, A VI FNLDFEREI—Z7 DY R b,
SRV A by & THIERY R b ieheh s h s,

Superlatives : Max {HEIIHEKY X b 2ZITHD, ZORAMEZIRT. Min HEIZ[F
FRICHTEE Y X + 220D, ZOR/MEZIKT.

Comparatives : More JHEIXXARY R + & HEKY A DM 232THD, FEkY R
FDORFIDE LD REVEZRY X M2 6KT. Less HBEIXFBRICSARY R T
CHIEKY R N DM T2 FED, FHERY X N ORI L D /N WEZESURY X
M BHIRT . Major_city, Major_river, Major_lake JHEIIHIERY R b &3ZI1FHL
b, ZHFN“150,000”, “750”, “5,000” X D KREWEZIRT.

Negation : Not JHEIIRY X b EHEKY A S DM G 22D, XRY X b2 5
HIFRY A b 2502 2iIRT.

Calculation : Count JHEIIHIFKY R M 232D, ZOEFHZIRT. Density {H#
FAISCARY A b EHERY R S OM 7252 D, BERBICHERY R b TH S Sk
V2 F%2IRT. sum HEIZAERY X M ERITED, ZOEZOMEZIRT.
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Nooperation : Context JHEIIARY A b &ZIFHD, ZNHE%IEL, Knowledge
HEEIIHEKY X P 22D, FAKICENEEZET. 2602 DDEEER FELo
HANENDEYTRWEED-DICHEL .

13 DIEFE D /11X gate vectorg DY 7 b= v Z ARG L, value vector v ZHE
A

6.3 EEx
6.3.1 EERERTE

FTARTDETILDANA 28—0%8F X —Z(ZFIZ [Graves 16] 1ZFED L FRAVE Y A X 256
@ 1 J& LSTM [Hochreiter 97], Ny FH A4 X2, H¥EHEK 1x 1074, X T YT 256 X 64,
A LAY R4, EXIAAANY FE1, X &2 0.9 DRMSProp + 77 1 <4
Y [Tieleman 12]. [Franke 18] {Zf€W rsDNC [Franke 18] D Ky 779 v i3 10% & L
7z. HuggingFace!' bert-base-uncased model % FEALRIT 768 D BERT [Devlin 19] encoder
WAL B [Geva 20] 2B I 1 T3 O8I LT, 5 5E|RRZMREE [Stone 74]
T5ZKRy ZFDETARER SR, TV X LRGHLO T THRET L% 3 [HFT
L, PR E2HET 2

HEEAR—2AZHOWTHEA TV ZHET 272012, 3204 IFILETILEXE
VRIC 256 X 64 T, 5 EIZAEMGEET 10 TRy 7 FO¥E 8. MOREFHHRD
HYHTH3B. DNC, rsDNC, DNC-DMS D top-10 accuracy (& Z 1241 78.90%, 78.39%,
79.63%72 o7z, HEEAEVBEICHW 2 HHFE ET NV EREBFRICHVW I EEET
MIFEUCEETHS. D% D, DNCZHWTHE L7 X £V 2, DNC ZRX—2
ELURERETALCHEREINS.

632 T—2tvh

GEO 7— &t v b [Zelle 96]> 7 X UV A OHIFFIZBE$ % 880 DEMI X & Prolog &
RD7 77 FDOTF—ER=2% 5. HBRXDFEREY A 13280 TH 5. HFE
superlatives, comparatives, negation, count, density, sum & \>- 7= calculation % &¢r. GEO

7=ty MIBERXITH T 2BERZ2BATOWRP o), BEAZANFTT ) 7—

Thttps://github.com/huggingface/transformers
https://cs.stanford.edu/ pliang/software/
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x 6.1: HFHA~N— 2 D—E

type alabama state

capital alabama montgomery
population alabama 3894.0e+3

area alabama 51.7e+3

located birmingham alabama

len mississippi 3778

traverse mississippi minnesota

next to alabama tennessee

high point alabama cheaha mountain

elevation  cheaha mountain 734
low point  alabama gulf of mexico

ParETol. BART —ER—ZAPLOMH LY T4 T4 DVRA M THD. BEAD
RIF 025386 7474 THs. HlZIE, “Which rivers flow through Alaska ?”
EWVWHENIEZ N7 L, BIOERM “Give me the cities in the U.S. 7713072 D £ { D&
ZEFD. 600 > I NEEEIZ, 2800 TLET A MTHW.

GEO O 7 —Z~X—2m 5 RDF FERD =08 21E L, £ 6.1 1IR3, 15HIZY
L—ay, 29lH3Y 7Y 272 b2 v T4 74, 3HBREA T2 V2T 4 T4
THb. —DOf (type, alabama, state) I& alabama @D type i state TH
LEEKTS. type VL —2a i3T5 4 7527 b T4T742LT, 500D
IYF7 474 .state, city, river, mountain, lake ZF4ADKBIZEML
72, ZOKBIRHBI R XA YAD 1L VL —ay, 12ISZYT 474, 2250 hU 7
N Ete.

T BT, #7272 500 QA 7 Z NFTIER L GEO 7— Xt v F 2R L7z, Z DL
RLU7T =&ty F% “GEO 1380”7 & FEX. 1,000 ¥~ I3z, 380 0> Sz
7 A MZHW.

633 HR

#6212, GEO7—X+t v I ¥ GEO 1380 ICBIF 2B TDET LD T R b 3FHITHD
SE¥ top-1 accuracy (Acc@1) & top-10 accuracy (Acc@10) 7R3 . B LD /=012, IR
DitiEE WS :DNCIEZA Y ¥ F 1D DNC E 7L [Graves 16], rsDNC & [Franke 18]
12 & D HRER X 4172 robust and scalable DNC £ 7 /L, DNC-DMS [Csordés 19] (& DNC



FCIESEE NS & NNM T & 2 s LA & R 2 LW 7 B R D 58

G
(@)
1

#+ 6.2: GEO ¥— &+t v I+ £ GEO 1380 I2BF 3 F Acc@k

GEO GEO 1380

Acc@] Acc@10 | Acc@1l Acc@10
BERT (base) [Devlin 19] 18.44 39.73 21.79 45.04
DNC [Graves 16] + BERT 20.93 44.98 24.37 51.16
rsDNC [Franke 18] + BERT 20.76 44.86 26.04 53.41
DNC-DMS [Csordas 19] + BERT 20.20 44.46 25.37 52.53
DNC + BERT + Knowledge Memory 19.53 43.58 25.39 52.82
rsDNC + BERT + Knowledge Memory 20.69 43.98 26.08 53.87
DNC-DMS + BERT + Knowledge Memory 20.88 45.40 25.10 52.23
DNC + BERT + Knowledge Memory + Processor 20.03 43.82 23.76 51.46
rsDNC + BERT + Knowledge Memory + Processor 21.20 45.16 25.79 53.28
DNC-DMS + BERT + Knowledge Memory + Processor 19.51 43.58 22.82 50.69

WX LT 3 DDIEIE (ie. de-allocation mechanisms, masked content based addressing,
sharpness enhancement) 2§D, “+KM” Kilff FDEF VAR A TV 2=y 238
MU A DRBEETNVTH 5. “+KM+P” KT ZDE T VA A EV 2=y b &
TatyHaz=y bRBEMLEELD2 OHORREET L TH 5.

GEO ¥ — &+t v MIBWT, rsDNC+KM+P X Acc@1 ThHRd BWIERZEM L,
DNC-DMS+KM 1 Acc@10 TH b < A7 L7z. GEO 1380 7 — Xt v + T, rs-
DNC+KM 3t DEF V% EElo72. QA XA 7R L 72 1sDNC 2 &S L2 E T
WROWHRERICR 2EAAH 5. TNTDRAI7H GEO 1380 T LEAio7z728, kbK
XRT -ty MIETLVORER LICENTH 5.

#6312, GEO 1380 7— &t v MIBI 2R TOETNVOREMEX A TDT A3
FAT5 D Acc@10 B7RT.

Simple : 1Hop {& “What states border Texas?” D X S ICHM X231 DDV L —>a v
PatrZl b BT 5. Bl 21X, “What states border states that border states that border
states that border Texas?” (342D V L —>a v 2 &80, ZOFIX4Hop TH5S. £
20TR T X 512, 1Hop 1Z GEO & GEO 1380 Di 5D 30% U L& ED 3785, ZDX
AT TERAT T2 EeDRERDRWKRICORD 5. 4Hop DR A >~ 25 2Hop D
ALY MEDEVDIX, 4Hop D553 2Hop K DEEL WICH O S THWICEZ 2009
Livizw, ZUZ 4Hop DY > IABBID R NE W EZ SR, LV FRy TS
NIRRT 2EDD 5.
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Superlatives : Argmax {Z “What is the largest state?” D & 5 [ZEHISAS “largest”, “high-
est”, “longest” 72 &L W o I HEELZ B L Z L BT 5. Argmax £ Argmin IZBWT,
rsDNC+KM+P 235 b 5 { A 2 7 L 7=. superlatives Dftidd X £ 7 TlX, rsDNC+KM+P
F by FRATIEPRD 0T, FNTHIRR FPRET I EENTHOL .

Comparatives : Z DX 4 7% “What states high point are higher than that of Colorado?”
D X 5123 DODFKYL : More, Less, Major % 5. Ry TBIEZ 22, Ra7IE 15,

Negation : Not & “What state has no rivers?” @ X S ICHM XA B ERKA > ZL I %
HIET 5. ek D rsDNC+KM D€ 7L % E[H 5 7-.

Calculation : Z®D & A 7|3 “How many states are in the USA?” D X 512 3 DD{EHA. :
Count, Density, Sum %##% 5. Count & Sum DK A > MMID X A4 7 & LR TEEHY S
W—77T, Density DFERIZ & THEW.

Compound : Z D& 4 7% “How many states have a higher point than the highest point
of the state with the largest capital city in the U.S.?” D X 512 LFLD 4 & A 7 Superlatives,
Comparatives, Negation, Calculation Z & LB 2 S . DX A4 TOERSEIT
INEW (IFEAED) 728, MlmHRER, 100.0%50 75415 . DNC+KM+P [t & bt
NTHRWHERE o 7.

64 FC&

35® DNC &7/, vanilla DNC, rsDNC, DNC-DMS IZHFEX EY 7 —F T 7 F v
7ty 7 =377 F v 2BML, ERZITV, HRAEe B2 EMNTEE L R
HEEZNE T 2 EMINE X A 710 U THIRZ 91 U7z, #2828 L 72 rsDNC+KM+P
X GEO 7 — &ty MZBWTEY Acc@] THRIBWIERZERL, Fix D DNC-
DMS+KM (FFH Acc@10 TidE L R a7 Lz 5612, $BRET /L isDNC+KM 1
GEO 1380 7 — &t v MZBWTHEE Acc@1 & Acc@10 THIDEF L% LAl 5 72

SBROBETIE, REBETMTIERTFAT, KM, K182\ o Fiili#lan 5 %2 L
TE57—FT77F v ZMATHRB LIV,
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£ 6.3: GEO 1380 F— &t v MIBIF ARG/ & 4 TDFEH Acc@10

60

BERT | DNC rsDNC DNC-dms DNC 1sDNC DNC-dms DNC rsDNC  DNC-dms
(base) +b +b +b | +b+km +b+km +b+km | +b+km+p +b+km+p  +b+km+p
Simple

1Hop 69.68 | 74.83  75.98 7629 | 77.03  79.23 76.93 78.46 77.85 74.59
2Hop 18.95 | 23.60  25.67 26.53 | 2377 2429 23.94 21.96 24.29 22.74
4Hop 17.86 | 46.43  60.71 59.52 | 66.67 51.19 66.67 50.0 52.38 47.62

Superlatives
Argmax 65.50 | 67.44  67.83 68.60 | 68.99  68.22 67.83 67.44 69.38 67.05
Argmax-1Hop 81.60 | 8528  85.28 85.06 | 86.15  85.93 85.50 81.82 85.71 84.42
Argmax-2Hop 70.41 | 75.85 7891 76.19 | 75.51 76.53 75.85 72.45 7721 71721
Argmin 66.67 | 79.63  82.10 79.01 | 77.16  82.10 79.01 75.93 83.33 80.86
Argmin-1Hop 72.11 | 88.44  89.12 89.80 | 92.52  88.44 89.12 85.71 90.48 83.67
Argmin-2Hop 3529 | 4379  50.33 56.21 | 50.98  47.71 48.37 41.18 54.90 32.68

Comparatives
Major 59.32 | 70.62  84.18 7740 | 80.23  86.44 68.36 79.66 77.40 72.88
Major-1Hop 32.84 | 42.69  49.26 40.72 | 42.86  46.96 40.23 36.95 45.65 39.90
Major-2Hop 1429 | 2143 2279 21.43 | 2007  21.77 23.13 2245 20.75 21.09

Negation

Not-1Hop 36.62 | 52.27  63.64 60.61 | 60.86  65.15 56.31 54.55 60.35 56.06

Calculation
Count 97.53 | 100.0  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Count-1Hop 80.0 | 96.0 96.0 8533 | 97.33 92.0 90.67 88.0 94.67 93.33
Count-2Hop 50.0 | 100.0  100.0 66.67 | 100.0  100.0 83.33 100.0 100.0 100.0
Density 6.17 | 8.11 7.68 7.62 8.59 9.32 8.05 8.35 8.23 8.41
Sum-1Hop 81.25 | 81.25  81.25 81.25| 8125 81.25 81.25 81.25 81.25 81.25

Compound
Argmax-Argmax 83.33 | 83.33  100.0 100.0 | 83.33  83.33 100.0 100.0 83.33 100.0
Argmax-Argmax-3Hop 80.95 | 8571  85.71 8571 | 85.71  80.95 80.95 85.71 85.71 80.95
Argmax-Argmax-Major-1Hop 83.33 | 83.33  100.0 83.33 | 8333  100.0 100.0 100.0 83.33 100.0
Argmax-Argmin-1Hop 100.0 | 100.0  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Argmax-Argmin-2Hop 50.0 | 50.0 50.0 50.0 50.0  66.67 50.0 50.0 50.0 66.67
Argmax-Argmin-Density 100.0 | 100.0  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Argmax-Major 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Argmax-Major-1Hop 100.0 | 95.83  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Argmax-Major-2Hop 47.62 | 3333 38.10 38.10 | 28.57 3333 38.10 57.14 33.33 42.86
Argmax-Not-1Hop 66.67 | 7778  77.78 66.67 | 66.67  88.89 66.67 66.67 66.67 77.78
Argmax-Density 87.50 | 83.33  91.67 91.67 | 95.83 75.0 87.50 100.0 87.50 87.50
Argmax-Density-1Hop 73.81 | 78.57  80.95 76.19 | 8571 738l 76.19 85.71 78.57 78.57
Argmin-Argmax-1Hop 100.0 | 83.33  83.33 83.33 50.0  83.33 50.0 50.0 83.33 83.33
Argmin-Density 87.50 | 91.67  100.0 95.83 | 9583  91.67 95.83 100.0 91.67 87.50
Not-Major-1Hop 21.37 | 5897  74.36 65.81 56.41 41.88 65.81 56.41 69.23 48.72
Count-Argmax 66.67 | 100.0  88.89 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Count-Argmax-2Hop 50.0 | 83.33  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Count-More 100.0 | 100.0  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Count-More-Argmax-Argmax-2Hop | 55.56 | 88.89  66.67 88.89 | 7718  71.78 88.89 100.0 66.67 88.89
Count-Less-2Hop 50.0 | 33.33  33.33 50.0 | 66.67 50.0 50.0 50.0 50.0 50.0
Cout-Not 100.0 | 100.0  100.0 100.0 | 100.0  100.0 100.0 100.0 100.0 100.0
Density-Argmax 5439 | 57.89  57.89 57.89 | 59.65  60.53 61.40 63.16 59.65 59.65
Density-Argmax-1Hop 10.79 | 13.97 1238 12.38 13.02  14.60 14.60 3.81 12.06 11.43
Density-Argmin 83.33 | 83.33  83.33 83.33 | 8333 8333 83.33 83.33 83.33 83.33
All 45.04 | 51.16  53.41 52.53 | 52.82  53.87 52.23 51.46 53.28 50.69
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& 6.4: FHM XA TR
GEO | GEO
1380
Simple 1Hop 94 | 145
2Hop 10 11
4Hop 1 1
Superlatives ~ Argmax 20 27
Argmax-1Hop 43 49
Argmax-2Hop 21 24
Argmin 10 16
Argmin-1Hop 13 15
Argmin-2Hop 5
Comparatives Major 5
Major-1Hop 12
Major-2Hop 3
Negation Not-1Hop 3
Calculation Count 11
Count-1Hop 11
Count-2Hop 1
Density
Sum-1Hop
Compound Argmax-Argmax

Argmax-Argmax-3Hop
Argmax-Argmax-Major-1Hop
Argmax-Argmin-1Hop
Argmax-Argmin-2Hop
Argmax-Argmin-Density
Argmax-Major
Argmax-Major-1Hop
Argmax-Major-2Hop
Argmax-Not-1Hop
Argmax-Density
Argmax-Density-1Hop
Argmin-Argmax-1Hop
Argmin-Density
Not-Major-1Hop
Count-Argmax
Count-Argmax-2Hop
Count-More
Count-More-Argmax-Argmax-2Hop
Count-Less-2Hop
Count-Not
Density-Argmax
Density-Argmax-1Hop
Density-Argmin
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AWFETE, T—XFEICEZ 272 DERBLY, BRENE=2—F L%y
FU =2 T X B R & EE LR R W T EE S R T A OB & NICE RS
Exfiolz. BIBHEOFEMTHE2Fa—) I/~ v _a—TF) %y h =7 THL
72 DNC iZ, Transformer & HIFEAH - HEWHZ1TS 7 —F 77 F v 2HARAATRE
THURRERL, A HAEZNE L 5 2 BRSEUHE X R 7 2R 2 0 WEE 21T o 7.

B2ETE, IEEEMEZ=2—-F1Fy P —ZFETFIIZOVWTIRAR,

H3ETI, HRSEDSPARQL 7 T VAU L Z X =2 —F Y bR —A\DT 7V
T AFIEIZDOWTIBANz. KNPIC & 2 RGEIEEE - (RO UM e, 7—&FEIck
% RDF + VU 7VDZEZ W, HASEED, S SPARQL 7 Y ANZHS 5 FiEZ2 42
Rl 27474 ZHAEMORER RO, =74 74DV L —2ar%
HIF%» SHEF 32 Z 12X > T, SPARQL 7 TV DM I NAURE A IERFEX N 5.
F7z, BEAR Degree B, Count®!, ListBD 4 OoDEM XA TZ2HREL, ThEh
DER& A TOBERSEEMKR Y, ID—BtL, ZhoZlAGbELERX
WX L CENZNEY] A SPARQL 7 ) 24T 5 Z e T E . BliZ A TRHRE
THIICKD, MR ) ERBIAERL, BRSHEDERT 2EMCHEET
%5 Z e xu[REIc L.

HAETIE, XREHEELIHARBOEONGE T — 22y b 2/ERL, =2—-FL
Iy NI =BTV EMEHA LU TEBREITR o MER, FI7 R MEDRE UTEVWE
BB NTEL.

WS5ETI, %7, DNC 24k L, XARZEHEZ DO LRI Z 5 H L 72 0G50 €
FLUEERR L. CSQAF—&ty hZ2HWTIREZETFLE F Y P F LD DNC £F
NOFEBRZITR, D RE IR LR, 10HEY S HE TR L -72208, &
KOFERIEDNCETLED R o TLE- 7. FERO—D2 LT, A€V DY
A ZDHI900 FTD bV IV EFEERT BITIE 512 X 128 T FEL/NETELZ e EZ
BN5. SEIDOEBRTIIFEEA TL—2a VB 10 HREZ 70T, FE A Z P
L THERZ £/2EZ L7, 3-D0 DNC 7 /L, vanilla DNC, 1sDNC, DNC-DMS 2
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GRS 03
HFEA TV ZBMUE. BRAEDLEY 323056 X 227128 2 EFEORRI
DOWTHHT L7z, 1BRET /L, DNC+KM, rsDNC+KM, DNC-MD+KM 7 the (6) dialog
bAbI tasks dataset @ full dialog tasks THA VU I FIILETF L% k7. KT, BETIL
WXKB 777 FE2ERTEZXRIT, TNETNBXZ 14%,20%, T%IA L L7=. Movie
Dialog dataset Tl&, rsDNC+KM, DNC-DMS+KM 234 1) ¥ FILETIL L D RWASRIZ
2ol

63 TIX, 320 DNC EF /L, vanilla DNC, rsDNC, DNC-DMS IZHFEX €Y 7 —
¥77FveTuby 7377 F v REML, EREITV, TRAGRSCHEMRE
MEE L SRIREE 2 DB T 2EMINE X A2 I U TEIRE DN L. 7 XU HD
HEIZBE 3 2 A5k & A2 ER T 5 GEO 7T —X -ty b 2RIk LT — &
£y MZBWT, BERT27 74 ¥ Fa—=V 7 LEMEREEID, DNCETLER—R
\Z BERT L Al 25 X €Y LHEZITS 2=y M 2B L EREFEOREI TN
T ¥4 top-1 accuracy & ¥ top-10 accuracy D /5 ClH]_E L7z, X 512, rsDNC %X
B UZREFEIZ GEO 7— &2t v MZBIF 5 F top-1 accuracy The d BWER % 2
L, ¥EMIZDNC X hEWwWRa 7 %157,

PLEomgtic &k b, HELHEZ ERIGERNEEICID Afs 2L 0FAML s U
WitlEEEMN E =2 — Ty NY—ZEF)LICBERT L Al L HEZRDS 7 —F 7
7 F v 2B L I FEOMERS BERT DAZFHWIAERLD bAILET 2 Z 22 HE»D
b7z,
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AifsE D 212H7D, FFEHAFL LTHEHEI DB ZIEEL LS D, BEh
X AT T 72 E o T AR B ITERE B AR E R O/ A — BRZH IR W L £ 5.
¥z, FHE THY LI WE LARYEBAR BARERDO/NOIEANZER, FX
KNMEBIR, BHE AL, PFREEZZRICE ISP L LIFE3.

BFREEBRZ, FEAOMEAICE L TIEEWL 2%, ERREOEHICZ
RIJW7272% % L7z, Lis Kanashiro Pereira FHEBATICIX, WFRICOW TR 2158
W EEL. DEDEHVZLET.

BEERBARFOWLOE B, 720 CICHRBEREERRICE, BERT— X2t
LTV EDIMEBL DB Z VI E, RBEBRFZOHHEILFHTICI,
REAWRBRIEZ W EE L. BAEH A LET.

BRI, SETHRUANDOEIZBVTH X R TLEE o T/MRIFRZED X 28—,
RN, ZLT0DbZIXTEDI S Ao T NAERELDI HEHOELZRLET.



65

[Bahdanau 14] Bahdanau, D., Cho, K., and Bengio, Y.: Neural Machine Translation by
Jointly Learning to Align and Translate (2014)

[Bengio 94] Bengio, Y., Simard, P., and Frasconi, P.: Learning Long-Term Dependencies

with Gradient Descent is Difficult, Trans. Neur. Netw., Vol. 5, No. 2, p. 157-166 (1994)

[Bordes 13] Bordes, A., Usunier, N., Garcia-Duran, A., Weston, J., and Yakhnenko, O.:
Translating Embeddings for Modeling Multi-relational Data, in Burges, C. J. C., Bot-
tou, L., Welling, M., Ghahramani, Z., and Weinberger, K. Q. eds., Advances in Neural
Information Processing Systems 26, pp. 2787-2795, Curran Associates, Inc. (2013)

[Bordes 16] Bordes, A. and Weston, J.: Learning End-to-End Goal-Oriented Dialog, CoRR,
Vol. abs/1605.07683, (2016)

[Bosselut 19] Bosselut, A., Rashkin, H., Sap, M., Malaviya, C., Celikyilmaz, A., and
Choi, Y.: COMET: Commonsense Transformers for Automatic Knowledge Graph Con-
struction, CoRR, Vol. abs/1906.05317, (2019)

[Csordés 19] Csordas, R. and Schmidhuber, J.: Improving Differentiable Neural Comput-
ers Through Memory Masking, De-allocation, and Link Distribution Sharpness Control,

CoRR, Vol. abs/1904.10278, (2019)

[Dai 19] Dai, Z., Yang, Z., Yang, Y., Carbonell, J.,, Le, Q., and Salakhutdinov, R.:
Transformer-XL: Attentive Language Models beyond a Fixed-Length Context, in Pro-
ceedings of the 57th Annual Meeting of the Association for Computational Linguistics,

pp. 2978-2988, Florence, Italy (2019), Association for Computational Linguistics

[Devlin 19] Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K.: BERT: Pre-training
of Deep Bidirectional Transformers for Language Understanding, in Proceedings of the

2019 Conference of the North American Chapter of the Association for Computational



e e ) 66

Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers), pp.
4171-4186, Minneapolis, Minnesota (2019), Association for Computational Linguistics

[Dinan 18] Dinan, E., Roller, S., Shuster, K., Fan, A., Auli, M., and Weston, J.: Wizard
of Wikipedia: Knowledge-Powered Conversational agents, CoRR, Vol. abs/1811.01241,
(2018)

[Dodge 16] Dodge, J., Gane, A., Zhang, X., Bordes, A., Chopra, S., Miller, A. H.,
Szlam, A., and Weston, J.: Evaluating prerequisite qualities for learning end-to-end dia-

log systems, Vol. abs/1511.06931, (2016)

[Franke 18] Franke, J., Niehues, J., and Waibel, A.: Robust and Scalable Differentiable
Neural Computer for Question Answering, CoRR, Vol. abs/1807.02658, (2018)

[Geva 20] Geva, M., Gupta, A., and Berant, J.: Injecting Numerical Reasoning Skills into
Language Models, in Proceedings of the 58th Annual Meeting of the Association for
Computational Linguistics, pp. 946-958, Online (2020), Association for Computational

Linguistics

[Graves 14] Graves, A., Wayne, G., and Danihelka, I.: Neural Turing Machines (2014),
cite arxiv:1410.5401

[Graves 16] Graves, A., Wayne, G., Reynolds, M., Harley, T., Danihelka, I., Grabska-
Barwinska, A., Colmenarejo, S. G., Grefenstette, E., Ramalho, T., Agapiou, J., Ba-
dia, A. P,, Hermann, K. M., Zwols, Y., Ostrovski, G., Cain, A., King, H., Summer-
field, C., Blunsom, P., Kavukcuoglu, K., and Hassabis, D.: Hybrid computing using a
neural network with dynamic external memory, Nature, Vol. 538, No. 7626, pp. 471-476
(2016)

[Guo 18] Guo, D., Tang, D., Duan, N., Zhou, M., and Yin, J.: Dialog-to-Action: Conver-
sational Question Answering Over a Large-Scale Knowledge Base, in Bengio, S., Wal-
lach, H., Larochelle, H., Grauman, K., Cesa-Bianchi, N., and Garnett, R. eds., Advances
in Neural Information Processing Systems 31, pp. 2942-2951, Curran Associates, Inc.
(2018)

[Hochreiter 97] Hochreiter, S. and Schmidhuber, J.: Long short-term memory, Neural com-

putation, Vol. 9, No. 8, pp. 1735-1780 (1997)



ESpEHR =S 67

[Kumar 15] Kumar, A., Irsoy, O., Su, J., Bradbury, J., English, R., Pierce, B., Ondruska, P.,
Gulrajani, L., and Socher, R.: Ask Me Anything: Dynamic Memory Networks for Natural
Language Processing, CoRR, Vol. abs/1506.07285, (2015)

[Lewis 19] Lewis, M., Liu, Y., Goyal, N., Ghazvininejad, M., Mohamed, A., Levy, O.,
Stoyanov, V., and Zettlemoyer, L.: BART: Denoising Sequence-to-Sequence Pre-

training for Natural Language Generation, Translation, and Comprehension, CoRR, Vol.

abs/1910.13461, (2019)

[Luong 15] Luong, T., Pham, H., and Manning, C. D.: Effective Approaches to Attention-
based Neural Machine Translation, in Proceedings of the 2015 Conference on Empirical
Methods in Natural Language Processing, pp. 1412—1421, Lisbon, Portugal (2015), As-

sociation for Computational Linguistics

[Martins 22] Martins, P. H., Marinho, Z., and Martins, A.: oco-former: Infinite Memory
Transformer, in Proceedings of the 60th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pp. 5468-5485, Dublin, Ireland (2022),

Association for Computational Linguistics

[Miller 95] Miller, G. A.: WordNet: A Lexical Database for English, COMMUNICATIONS
OF THE ACM, Vol. 38, pp. 39-41 (1995)

[Miller 16] Miller, A. H., Fisch, A., Dodge, J., Karimi, A., Bordes, A., and Weston, J.: Key-
Value Memory Networks for Directly Reading Documents, CoRR, Vol. abs/1606.03126,
(2016)

[Minervini 20] Minervini, P., Riedel, S., Stenetorp, P., Grefenstette, E., and
Rocktischel, T.: Learning Reasoning Strategies in End-to-End Differentiable Proving,
CoRR, Vol. abs/2007.06477, (2020)

[Neumann 45] Neumann, J. v.: First Draft of a Report on the EDVAC, Technical report
(1945)

[Pennington 14] Pennington, J., Socher, R., and Manning, C. D.: Glove: Global Vectors
for Word Representation., in EMNLP, Vol. 14, pp. 1532-1543 (2014)

[Rae 19] Rae, J. W., Potapenko, A., Jayakumar, S. M., and Lillicrap, T. P.: Compressive
Transformers for Long-Range Sequence Modelling, CoRR, Vol. abs/1911.05507, (2019)



e e ) 68

[Raffel 19] Raffel, C., Shazeer, N., Roberts, A., Lee, K., Narang, S., Matena, M., Zhou, Y.,
Li, W., and Liu, P. J.: Exploring the Limits of Transfer Learning with a Unified Text-to-
Text Transformer, CoRR, Vol. abs/1910.10683, (2019)

[Ren 20] Ren, H., Hu, W., and Leskovec, J.: Query2box: Reasoning over Knowledge
Graphs in Vector Space using Box Embeddings, CoRR, Vol. abs/2002.05969, (2020)

[Saha 18] Saha, A., Pahuja, V., Khapra, M. M., Sankaranarayanan, K., and Chandar, S.:
Complex Sequential Question Answering: Towards Learning to Converse Over Linked

Question Answer Pairs with a Knowledge Graph (2018)

[Siegelmann 95] Siegelmann, H. and Sontag, E.: On the Computational Power of Neural

Nets, J. Comput. Syst. Sci., Vol. 50, No. 1, p. 132-150 (1995)

[Stone 74] Stone, M.: Cross-validatory choice and assessment of statistical predictions,

Roy. Stat. Soc., Vol. 36, pp. 111-147 (1974)

[Sukhbaatar 15] Sukhbaatar, S., szlam, a., Weston, J., and Fergus, R.: End-To-End Memory
Networks, in Cortes, C., Lawrence, N. D., Lee, D. D., Sugiyama, M., and Garnett, R.
eds., Advances in Neural Information Processing Systems 28, pp. 2440-2448, Curran
Associates, Inc. (2015)

[Sutskever 14] Sutskever, 1., Vinyals, O., and Le, Q. V.: Sequence to Sequence Learning
with Neural Networks, CoRR, Vol. abs/1409.3215, (2014)

[Tieleman 12] Tieleman, T. and Hinton, G.: Lecture 6.5-rmsprop: Divide the gradient by a

running average of its recent magnitude (2012)

[Vaswani 17] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N.,
Kaiser, L. u., and Polosukhin, I.: Attention is All you Need, in Guyon, I., Luxburg, U. V.,
Bengio, S., Wallach, H., Fergus, R., Vishwanathan, S., and Garnett, R. eds., Advances in

Neural Information Processing Systems, Vol. 30, Curran Associates, Inc. (2017)

[Wang 07] Wang, C., Xiong, M., Zhou, Q., and Yu, Y.: PANTO: A Portable Natural Lan-
guage Interface to Ontologies., in Franconi, E., Kifer, M., and May, W. eds., ESWC, Vol.
4519 of Lecture Notes in Computer Science, pp. 473-487, Springer (2007)



e e ) 69

[Weston 14] Weston, J., Chopra, S., and Bordes, A.: Memory Networks (2014), cite
arxiv:1410.3916

[Weston 15] Weston, J., Bordes, A., Chopra, S., Rush, A. M., Merriénboer, van B.,
Joulin, A., and Mikolov, T.: Towards AI-Complete Question Answering: A Set of Pre-
requisite Toy Tasks (2015), cite arxiv:1502.05698

[Young 17] Young, T., Cambria, E., Chaturvedi, 1., Huang, M., Zhou, H., and Biswas, S.:
Augmenting End-to-End Dialog Systems with Commonsense Knowledge, CoRR, Vol.
abs/1709.05453, (2017), Withdrawn.

[Zelle 96] Zelle, J. M. and Mooney, R. J.: Learning to Parse Database Queries Using In-
ductive Logic Programming, in Proceedings of the Thirteenth National Conference on

Artificial Intelligence - Volume 2, AAAT’96, p. 1050-1055, AAAI Press (1996)

[Zou 14] Zou, L., Huang, R., Wang, H., Yu, J. X., He, W., and Zhao, D.: Natural language
question answering over RDF: a graph data driven approach, in SIGMOD Conference
(2014)

[BAR 15] $ARET], =, EARB EREA Y Y —20MR e LEERXD
SPARQL 7 =V 22 (2015)



70

T 8]A MHREE

RERX

* Murayama, Y., Kobayashi, I.: Towards Question Answering with Multi-hop Reason-
ing and Calculation over Knowledge using a Neural Network Model with External
Memories. Journal of Advanced Computational Intelligence and Intelligent Infor-

matics (JACIII) , 2022.
EfEER

e Murayama, Y., Kobayashi, 1., Morita, T., Nakano, Y., and Yamaguchi, T.: Devel-
opment of an Access Method to Menu Ontology Data through Converting Natural
Language into SPARQL Queries. The 8th Joint International Semantic Technology
Conference (JIST2018) Workshop, 2018.

* Murayama, Y., Pereira,L.K., and Kobayashi, I.: Dialogue over Context and Struc-
tured Knowledge using a Neural Network Model with External Memories. The 1st
Conference of the Asia-Pacific Chapter of the Association for Computational Lin-
guistics and the 10th International Joint Conference on Natural Language Process-
ing (AACL- IJCNLP2020) Knowledgeable NLP: the First Workshop on Integrating
Structured Knowledge and Neural Networks for NLP, 2020.

* Murayama, Y., Kobayashi, I.: Towards Question Answering with Multi-hop Reason-
ing over Knowledge using a Neural Network Model with External Memories. Joint
12th International Conference on Soft Computing and Intelligent Systems and 23rd

International Symposium on Advanced Intelligent Systems (SCISISIS), 2022.

ERFERFER
o R, PMR—ER, mRERS, ST, ILOEF, BASEED SPARQL
7 ) BN ED L KA D 7 7 v A F L0 e, SiEBNEES
55 24 BIMERK S, 2018 4E3 H.



%A WIS 71

o MHILAHE, /R—EBE, ZHREARHE, FEELT, WOEFE, HASIED SPARQL
7 ) BN ED S HBELAERAD 7 7 v AFEO BT, NTHIGEES2EK
2 (E32ME), 201846 H

o R, IR—ER, REHRSE, FEHELT, WOEF, XikEEE L 706
D=a—F )%y NI =T FTFNDOHRETNENDOEH, NTHEEYSE
K< (36 33 [E), 20194E6 H.

o MHILAH, IR—ER, AEBEENEZ= 2T Ry P Y= ETFT T X B R
YHIEE AW NEES 2T A DREEE, NLPHTDE (YANS) B 14 HS VRS
v 2 (2019), 2019 % 8 H.

o MUK, /IA—ER, GlREENE=2—-F 1%y PV =2 ET T K 5
B LRI FID 7GRN OHUD A, SREH RS 26 [AIFFERRR, 2020
H3 H.

o KA, PIM—FF, SREENE=2—F1%y PV —27FETF MK 53R
EMELAIER 2 VTGS, AN THIREE R REIRE (55 34 [H), 2020 /6 H.

o FILEHE, IA—EE, 7V ILEBIC X 3R AW CERBETE 2175 =RME
BAZANF T, NLPEHF DX (YANS) i 16[E> YR w 4 (2021), 2021 48
H.

o AR, IR —RE, SEERENE=2—-F 2y P Y- ETIMC X 2 MEE
LR & R 2 V7RG, SR RE 29 [MEERRR, 2023 4F 3
H. ERFE)



