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Histogram of relation frequency on Wikidata

¢ Qﬂfﬁjgﬂzﬂn =7? :
- s2{tF IO HIE? 5
- UDfolER 182 sE AR 2 8 o
- Ul R B ¥UEInI? few-shot . ——
learning? iy
AEXRHIBWRIRE
EREOXRETEREINE



- XDiRBiLthE

- I EFBENX
- BSEMIRBIEG = {E, R, F}, (ES32MMilE SaixiREiEhikeI=rcABF={(h,
r,t)| (h, r, t)¢F, reR}, BA(h, r, ?) or (h, 7, 1)

- WTFIES
- D BANRBEISHhE: REIZtNER =PI EEED
- T RADNRBIS (M AIRGEISHERXIT—EEZEDP
- BEAEPRIFGHIRD, SWESIEHiMRiiREIStHE



+ AR

gigthE

— BRI 4N

BHFINRAFRR

— TranskE. TransH. TransR
- BT BIE8HK
- PRA (Path Ranking Algorithm)
o« HT-HEIRANN]
— BN 5embedding4sE &

— R B IER SIE G R

- BFa{itF3]

— DeepPath

c BF s

- REUNEARES)

IWERISS



BNl ==

B



BNl ==

+ 5t#3] (Mata Learning)
- BHEPNEFES]: —fp “NEEE

S BME ; pan |
- RS —HEENNREY e ot !

B A 6072 21 £ 40 BRIBR ST el X
_ eSO AR RS L SRS [

SR, BN ECNES

Fik; T
— WA e GEN [

- BT EBNAL TF> e

. BF RN q?jﬁ *

10



BNl ==

« JTTEIBNJIZK
— PAtaskJABu
episode

« HIBLE )

TR & " ¢
— 1 E ‘l
Episode .. +
: & A o
P - ,e‘
x z, o, R
| . A ;

1. Meta-training 2. Meta-testing

Base set Support set

epoch 1 -
— support set
— query set .
— N-way K-shot =
— epoch O

epoch N-

— meta training set
— meta testing set

11



BNl ==

m

 BEFZF3I0IiIREIiENE
- BE—TEROMOSEEFHITON, Bit — o

_A*n.- ; S_I rF'J Ezﬁj L* :E-I-yqﬁj\ﬁﬁ: B(] % Support | (China, C()unlr_\_-'CupiTul, Beij?ng)
sh, HFFTENRTSIREIME, HEE  —o |t Gt b

— B{] 7‘] E %E T *ﬂlx Support |  (Satya Nadella, CEOof, Microsoft)
Query | (Jack Dorsey, CEOof, Twitter)
* E ; j % Testjng
. N Task #1 (OfficialL
- SR T — T T = (T sk 1 Officillamgge)_
Support | (Japan, OfficialLanguage, Japanese)
LY (V1]
- @T{E%Eq ljllg;z_l_i’ln‘SHE . D?, = {Pf'r atn} Pfest} y Query |  (Spain, OfficialLanguage, Spanish)
r e R

Table 1: The training and testing examples of 1-shot
link prediction in KGs.
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|| Data: NELL | Data: Wiki

Model | Hits@l | Hits@5S | Hits@10 | MRR | Hits@l | Hits@5 | Hits@10 | MRR

RESCAL 069/.141 | .160/.313 | .204/.383 | .119/.223 | .259/.057 | .297/.090 | .309/.126 | .279/.081
TransE 056/.119 | (112/.256 | .189/.320 | .104/.193 | .186/.069 | .352/.134 | 431/.176 | .273/.111
DistMult 066/.164 | .123/.306 | .178/.375 | .109/.231 | 271/.069 | .419/.156 | .459/.195 | .339/.112
ComplEx 049/.129 | .092/.223 | 112/.273 | .079/.185 | .226/.085 | 315/.117 | .397/.145 | .282/.106
GMatching (MaxP) .244/.198 | 418/.370 | 524/.464 | .331/.279 | 313/.095 | .402/.235 | 468/.324 | .346/.171
GMatching (MeanP) || .257/.186 | .455/.360 | .542/.453 | .341/.267 | .290/.128 | 407/.274 | .484/.350 | .352/.203
GMatching (Max) A79/.152 | 391/.335 | 476/.445 | 273/.241 | .279/.135 | .396/.284 | 477/.374 | .342/.214
FSRL (Ours) [ .345/211 | 502/.433 | .570/.507 | .421/.318 | .338/.155 | .430/.327 | .486/.406 | .390/.241
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« SCINLSIR

MRR Hits@10 Hits@5 Hits@ |
NELL-One I1-shot  5-shot ‘ I-shot 5-shot | 1-shot 5-shot | 1-shot 5-shot
GMatching_RESCAL 188 - 305 - 243 - 133 -
GMatching_TransE A71 - 255 - 210 - 122 -
GMatching_DistMult A71 - 301 - 221 - 114 -
GMatching_ComplEx 185 201 313 311 260 264 119 143
GMatching_Random 151 - 252 - 186 - 103
MetaR (BG:Pre-Train) .164 209 331 .355 238 280 .093 141
MetaR (BG:In-Train) 250 .261 401 437 336 350 170 .168

Wiki-One I-shot  5-shot | 1-shot S-shot | 1-shot 5-shot | I-shot ~5-shot
GMatching_RESCAL 139 - 305 - 228 - 061 -
GMatching_TransE 219 — 328 - 269 - 163 -
GMatching_DistMult 222 - .340 - 271 - 164 -
GMatching_ComplEx 200 - 336 - 272 - 120 -
GMatching_Random .198 - 299 - 260 - 133 -
MetaR (BG:Pre-Train) 314 323 404 418 375 385 266 270
MetaR (BG:In-Train) 193 221 280 302 233 264 152 178
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