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M~ BERT /XLNet O fH & 7 DFEHE, B
% W RE SR EREORE, fAEbE B bz
FOLBHE XA PN BRTEDOIEIZ DWW TFERT 5.

2 BERT/XLNet O

AT, AR (k¥ 5 RESTRERIE - 21 b
AT GRIEIERR <) 1269 %, BERT/XLNet O
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2017 A R | B0 el el EEE RTEE
% 1AB| 14 14 2 7 7

SERC 2A 18 20 2 9 10
FEAEEY 2B 12 12 4 3 3
FE R 2C 8 12 4 2 3
REEXESER 3A 4 8 4 1 2
FEXFRE 3B 15 15 5 3 3
BHREE 3C 18 18 6 3 3
HErER 4A 15 20 5 3 3
EIEER 4B 5 15 5 1 3
i 5 24 30 6 4 5
AE 6A 30 30 6 5 5
X4 MULE 6B 6 6 6 1 1
i 169 200 (W 7=1H: 60.1)
2018 Ak il [ W o IEFRR MR
% 1AB| 14 14 2 7 7
SR 2A 20 20 2 10 10
Y 2B 12 12 4 3 3
FFE SRR 20 10 15 5 2 3
KEEFEK 3A 0 0 4 0 0
AEXRE 3B 15 15 5 3 3
BEREER 3C 12 18 6 2 3
EtER 4A 15 20 5 3 3
ETEERL 4B 15 20 5 3 4
YigE 5 18 30 6 3 5
FE 6A 30 30 6 5 5
24 MVE 6B 6 6 6 1 1
i 167 200 (W 71H: 60.5)
2019 AR R [ EA WA BN EER PR
% 1AB| 14 14 2 7 7
SERK 2A 20 20 2 10 10
EMHEY 2B 12 12 4 3 3
FEE AR 2C 15 15 5 3 3
REESERR 3A 0 0 4 0 0
AEXRE 3B 15 15 5 3 3
HHEE 3C 18 18 6 3 3
iEtER 4A 15 20 5 3 4
AETEER 4B 10 20 5 2 4
YigE 5 30 30 6 5 5
dmE 6A 30 30 6 5 5
XA MIUE 6B 6 6 6 1 1
i 185 200 (IR Z={f: 64.1)
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ETI)VEBGEHEIC L DML L TEE LTV, 2
K NVN—THEARMZ ZnE L, BERT ® Head

SiEE TN & LT (LMHead ZH\T) Finetune U
7265 D% HWTWA, Finetune (213 wikitext-2 D test
T—23EFAL, #BEOL Y X —RBRPHEREDL S
Wl IRV FY—0T—REMBT—2 & LTH
Wz, GEARTRE T IR N-gram TH5EE LT

3https://blog.einstein.ai/the-wikitext-long-term-
dependency-language-modeling-dataset /
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TWBEBEY, RS VAR INT VR EER
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ILVTUDRETE TR -T2, BEYV IV AN=TI,
I DOREDOREIZ, XLNet # RACE T Finetune
ULZETFIVEBEHALTWS., ZHIZLD, TFAID
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(5), #maiEE (6A) X, TNEN0.85 X 5
WIEERERLTWS., —F, 77 7PROHMHIRK
HOoNBIEEIERME (4A) *», FI7 U RLEEN
5 DEHENRD 5 N5 ETHERIE (4B) 1%, @HED
XLNet TIEEZZ SN W28, EEXKIT0.65FRET
H5. 5 UMBEICHET 5121%, Rifizi7>F
% [6] REHEERITD FIE 2] BB LR 5.
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B R [$REY L/ N— Finetune 7 — X EETE BREV VN —FER ERTFEREEXR
SERUCCTER 2A BERT  wikitext2-test 7-gram w/ 1.9G corpus [12] 0.98 (49/50)  0.78 (39/50)
FHHRT 2B BERT  wikitext2-test 7-gram w/ 1.9G corpus 1.0 (15/15) 1.0 (15/15)
FeEESER 2C BERT  wikitext2-test 7-gram w/ 1.9G corpus 0.86 (13/15) 0.53 (8/15)
REEXGER 3A BERFW@bW%smﬁﬁ%%%%bbé+mlmﬁ@ B [10] 0.5 (2/4) 0.25 (1/4)
HREE 3C XLNet RACE [3] HEERIR N2 ML O 0.86 (13/15) 0.20 (3/15)
MRaHERE 4A XLNet RACE HEERIR R 7 OV OFEBLUE 0.65 (13/20) 0.05 (1/20)
AIGERL 4B XLNet RACE HIFERIRNR 7 MV O E 0.61 (11/18) 0.22 (4/18)
5 XLNet RACE ﬁ;ﬁﬁﬂ%\& NV OFEAL 0. 88 (22/25) 0.24 (6/25)

A 6A XLNet RACE HEERRAR Y ML OFLE 0 (25/25) 0.36 (9/25)

7 2: #MEAD BERT/XLNet O fH 1k & ek TF1E & DOVERELLEKL

Wearing proper shoes can reduce problems with your feet.
Here are some important points to think about in order
to choose the right shoes.

(1) Make sure the insole, the inner bottom part of the sh

oe, is made of material which absorbs the impact on you

r foot when walking. (2) The upper part of the shoe shou

1d be made of breathable material such as leather or clot

h. (3) Some brand-name leather shoes are famous becaus

e of their fashionable designs. (4) When you try on shoe

s, pay attention not only to their length but also to their

depth and width. Wearing the right shoes lets you enjoy

walking with fewer problems.
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