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REIRA S ARERLE
ACU
Version o

X X

1 86.03

2 34.8
3 83.35 92.65
4 86.62 95.14

K 1: Accuracy

1 5%

AR KAEN 58 Y52 Positive and Negative Sentimental Analysis — JUR EMHT IR . SCASR BT AE AL RS
2R RIS RS o S =i e £ A 5 7 T 2 T SR T3 A i | <8 2 o ST LSO B e =y e T )
T IO AT A IR L

HED, AR BT S5 A8 RGOS R AT AT BB R AT, BT (O HrErxt
ARG EA) 55, EHESRETEENIR, BEBRSTHMS SR L, WA IR R a2k,

AR FIGATL 55 HAAhy , Bt I, 48 — 0 SCAS, BEBUREXS SCA I @it ) (BB IR ) #4700
I A2 . 45 i IZREE T, e SRR A BRI AR I P-4 5000 2%, 3k 20000 Z5%idi, £t &/ Bk Sk
BR o AL ITEIFR R AAENNASE EIEF TR Accuracy IEHfZE.

2 fEEWcdE

2.1 Transformer K

A B P A AR A R BT R S BT 2 2%, G — A g iB e F— AR AE . T BB AR
AU T I —FhE B AL R g e A g8 R B R . (H27E Vaswani et al., “Attention is All you Need”—3CHifig i} 1
S| B3 33 I RN A AR A 28 X 4 1T 58 4 BT VE B ML A Y 2 2848 Tramsformer . SE35 M) Transformer 755 & FH AL, [
0 L N | E e LR A R
2.1.1  GalSas SifReh A al

ganh s th /A MHEIR ZA, B NENAEWATZ:

o F—AT 22 multi-head self-attention mechanism £33 AW & 112, HFEITEHANETE .

o BATIR R T O B TR 2

MTR—NT)E, R MARZEERE, ST R LEE Layer Norm(z + Sub — layer(x)), HHRTA 1204
A5 #ih#RS embedding layer fi th 4E BEAH RN 512 4E.

firnh s o S AR ) Z AL, RS 3 TR

o HANTEEWERNZLAEENZ, WEMTITRMANBERS, B2 FOAEAGTIAR PrmZ] 1, R
BREIE 1 2RI, FrPARN E— AR Mask.

o BIATRERAAET A EMNEEEM S
o EASTIRRAE G AR A R VRO BB AR A2 5 A T2 00 A BT R
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Output
Probabilities

Add & Norm
Feed
Forward
Add & Norm
_Add & Norm | .
ol ] Mult-Head
Feed Attention
Forward T 7 M
| —
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At 4 At
S— J —)
Pasitional o) Positional
Encoding g Encoding
Input QOutput
Embedding Embedding
Inputs Qutputs
(shifted right)

& 2: Transformer FZIZEHy

2.1.2  EZ L

H—LR OB RE
f£ Transformer H{fi K 27ER 172 Scaled Dot-Product Attention, BIH—fbi mBER Ty, Bk AR q,
WRIYERE di, (HIVHERE d,, IRATHIEE SN RO AT, FFERDA Vi, TERZA Softmax pREUHHALE

. QKT
Attention(Q, K, V') = softmax < R ) V (1)

ES BN )]

TESEE A, 4y E AR A AC) . BEAIE R SR A, FA A AR AT DARETAR R A B AL 2 > BRI A TR, 28
AR AT A R AR, SR S NS R oo 2 (BN, SRR RS HOBTAI R BE B C &) o A,
FVRER AR A AR SEAER A T2 M%7 (representation subspaces) A HEZA i)

MG, HHEE A —ANERODIEE, FATAT AN L2252 h AR LS (linear projections)
ARHATH) L SR SRS, X h AR A BERMER A TR B IR i, R b IR TR A
PHEAE—E, 7T Bl 75— AR AE S A BGE T2 e, DA A e R it o XA N 2 ki 2 ) (multihead
attention),

7& Transformer BT F— AR IR AN, FBARH T 2 A0 I, Bl T
o R QK. V- WRHEB , S AL duoaa 19 Q. K, VAEBEBUE] Q € R K € RV

Rdev

o SRJGHER A Scaled Dot-Product Attention 1724, 45 5H

o ZUHEIT FARTIS A, BIRRR L R A
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o FEEH RS R TLPEA
SEERUL, THEARXT:
Attention (Q, K,V) = Concat (‘head 1, head 5,..., head ,) W®  head; head; head; nead, = Actention (@w@. kwE vwY) @

H 1 ﬂ?lﬂ’\]?ﬂé‘ﬁ@f}ﬁ%%ﬁﬁﬂ\j Wz‘Q € Rfmodel Xdk7WiK € Rfmoder Xdi Wiv € Rfmodel Xdv 4 WO e Rhdvxdmoae
265 =2 G2 b s

TEVaswani et al., “Attention is All you Need”FH dinoder = 512, FonRE NI 200 A ZE 4 H 467, h=8 FR
8 K Attention ¥, dip = d, = 9mstel = 64 FORGF AN 5. W4T Attention $IEZ MIRILERE . AR 2MFT—IK
Attention Z kit A ELE R & R4 = R0 SRISHEAT h = 8 WIRVEQHEZ G i 25 L& Rmx(hxde) — Rmxs12
, PR AN A S )RR PR A ] . SRR R SRR RO AT I XS ViR AT o AL, R
W EoR

Multi-Head Attention
{

Linear
A
Concat
y J\” !
[
Scaled Dot-Product N
Attention
1l [l [

~1T [ T
Linear L} Linear L] Linear u

Y

V K Q

Bl 3: 23R PR R

2.2 Bert il

frDevlin et al., “Bert: Pre-training of deep bidirectional transformers for language understanding”— 3 H#EH T
Bert Til|Zpfi%l, BERT, HJ Bidirectional Encoder Representations from Transformers, 2&—/ET transformer 1]
encoder BLHRTRYIZRE FHAL, HIIZR BT IARCH SO, BUaldEr) 2 nl ARG R ) 2246 TS T [l i 4 SUAE
. BERT 7E—#51Y NLP {155 FERIGELG, 75 11 HEARESTHEULS k3] T SOTA, Wikt GLUE 4344t
A 80.5%.

2.2.1 Bert i JHHEZ

BERT #f# ] EZ AW %k (pre-training) FIfIH (fine-tuning). FYIZRH e B K H 1 Fobric 3
A S RTINS, WA BOSOR ARG A R AT IS, FETIZRSE AL T BT 55 19— Lo i Bt AT
g, XSEAA T
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NSP Mask LM Mask LM \ ﬁ /MAD Start/End SpaN
@ @

BERT ) FP | B [
el EleE]- &

Masked Sentence A Y Masked Sentence B Question P Paragraph
Unlabeled Sentence A and B Pair / Question Answer Pair

Pre-training Fine-Tuning

Pl 4: Bert [yfl AIHESE

2.2.2 Bert [fEifIgER

BERT WBBI M E— N2 2/, W a i) Transformer Y Encoder 3, I Encoder 52315 Transformer H1)
JF G SR LT 58 A — 3 .

BERT (Ours)

K 5: Bert mfEAIZEY

2.2.3 Bert Iy A5 #m

N T AE T2 LS, BERT M AFSIBE R AR — AT, R PAR— AN RRAT S 73 T A 1
Xto BERT HFFI[—> token BN, HRZ ] LA =7 4L

o BERT fifi {iiil £ K/NA 30000 [ Wordpiece filig AREHL, £E4 token 254 — Ml AFER

o NTFIR—A token ZAEATXIAT A ik 2H) T B o, BERT i/l —144°4 segment embedding A% %75
KPATFR

o N TFER— token FE/FHHHIALE, BERT iA{# ] T 258l Transformer J1 A7 & JwfY (position embedding) J5
AR R A_E =N A, mT DA i 5 25 343 1A B

B AR BI AR = AN AT, wT DA 4 5 400 1 5 B
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2.2.4 Bert HIZ:

BERT Jf Al LG n0E SRR i) 45, 2l e MR e 55 AT 24 2 R 52 i, XTS5
AR E M (Masked LM, MLM) #1'F—/#)fiiill (Next Sentence Prediction, NSP)
2.2.5 Bert Wik

BN FUHES 1, SR IES 105 ASHNFTR . A BERT, SRHRIH BERT AT SHGITSOMEIT .

BERT Jg 55— M RBUAYE TR, SR TRLHR 2 NLP (145 (A TR EERaZ0) g, If
PRTF T HAERE, 5 ERE S ARIE BERT IS HLAER T RH KiK.

3 ik
3.1 Bert B4

ARG B BT AT S AR BBt 2 X S A T — 4028, #ifEDevlin et al., “Bert: Pre-training of deep bidirectional
transformers for language understanding” — 3¢ H ) Bert #5284 FATLEIL Bert Fiil| 288 #4730 2k 52 A4S R
AT NS5

ARIEH Y, B FEH Bert HIIZEIACHITE Bert BIASUSIN—> A TERZ M BN 7SS 88 P AR AR . W 2%
R E 6 TR -

~
> Classifier
=
(12 ) (2] -+ [m A
Trm Trm s W W Trm
} Bert
Trm Trm e e Trm
El E2 e En )

K] 6: Model Architecture

3.2 Weight Decay(L2 1EW4{tL)

BT HER LK Proj PRI ZEIEER /N, AR SCHE A I IGRIMERE RN R 2 54808, R
TNk, W&HRA 1 &8s, XEEMEGEEXTT Bert BN 52 few-shot [, FrPATRE R weight-decay
(L2 IEN4k) B IEFE fine-tuning i AL T UL A
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N ZRAIA 8, weight-decay (WD) 2—Fh#s WA E L AR (Krogh and Hertz, “A Simple Weight Decay
Can Improve Generalization”), FEERRIGMENR S, MERSHPRE Aw, Hi Z2IENESE, w 2885
Bro FACYIN R A EE 2 R A v PO I Ae I 294 (Chelba and Acero, “Adaptation of maximum entropy
capitalizer: Little data can help a lot”) , BIMHARFEE ANw—w), Hi w BFSEIIZ%IZS%. Lee, Cho, and
Kang, “Mixout: Effective regularization to finetune large-scale pretrained language models” {4 KR, 7£ BERT %
P, PSSR A I B e A RO BT, HLRBAE AR fl0

TSRS, FATE transformer FESCHLRY AdamW fifLds, H-RIH S % weight decay ¥4 0.01, i
SEH weight-decay .

3.3 BUEIGE

A bert fif finetune B}, 2 EZEMH bert FFHIIZABIEAE, WG ML S PRIBZLSE, XHMUE N T
743 AL bert FEFI St FE 2z ) B AGHE T AR, RFHBRIE TR ] M54 4. DA bert-base i, H 12 )2
(1) transformer block & MM . HHIKEN SRS FIMARNZ, FR 2l HE XEE, ik, WEEiEE
HIER, TERSL R R R S 2, ST S BIEEE TR SRR, EWIGMES kUL, $E2 masked
word prediction, next sentence prediction {E4H)HIiH. ArPA finetune B}, T DALREJEER bert ALE, KT IERE
IALE (1 6 layers) A DATEHTIFATRANLMILAML, 1hiXF0 S804 TS5 L TEH24>) . Zhang et al., “Revisiting
Few-sample BERT Fine-tuning”ii i SEIR R, SRECEFHIGAER S ZS 0, a5 b, fatnifis 17—
LR BT SERE R INE TR .

Dataset RTE MRPC STS-B CoLA
3 Epochs Longer 3 Epochs Longer 3 Epochs Longer 3 Epochs Longer
Standard 69.5+£2.5 723+19|908+1.3 90.5+1.5|89.0£06 89.6+£0.3|63.0+15 624+1.7
Re-init 726+ 1.6 73.1+13|91.4+0.8 91.0£04(89.4+0.2 89.9+0.1|639+19 61.9+23
Dataset RTE (1k) MRPC (1k) STS-B (1k) CoLA (1k)
3 Epochs Longer 3 Epochs Longer 3 Epochs Longer 3 Epochs Longer
Standard 62.5+2.8 652+2.1 |80.5+£3.3 83.8+£21|84.7+14 8.0+£04[459+1.6 488+ 1.4
Re-init 656 £ 2.0 658+ 1.7 |84.6+1.6 86.0+ 1.2|87.24+04 834+02|476+1.8 484+ 2.1
Dataset SST (1k) QNLI (1k) QQP (1k) MNLI (1k)
3 Epochs Longer 3 Epochs Longer 3 Epochs Longer 3 Epochs Longer
Standard 89.7+1.5 90.9+0.5 | 78.6+£2.0 81.4+£09|74.0+£27 77.4+08|522+42 675+£1.1
Re-init 90.8 0.4 91.2+05|81L.9+0.5 821+03|[77.2£07 776406 |66.4+0.6 683.8+£05

K 7: Re-Initialize

3.4 Warmup and Ir-decay

Warmup 27 Bert JIIZ5H i 5T, SRS 22 ) 252tk BT, MEERRRINE, EZP %, &
AR BUR /NG 2 2 BT 86 B R . Xiong et al., “On Layer Normalization in the Transformer Architecture” %} I #E47
— LT, SR UL K I Transformer YEYIZRIRIIEIT B, i tHZ M 80 AR R, warmup A DA A
Hi FC ZMARE W RIZIAS , FreAA warm-up FIEBEULAE RIS IR AR E . Rl 2R M4, batch_size
BRI IHEE, X520 U] R .

ARSI BARSEH I, S8 F scheduler =
SEP—AE A warmup I DAZ I3 R 1 22 X & scheduler,

transformers.optimization.get_polynomial_decay_schedule_with_warmup()
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3.5 Pooling layer

FEAH] Bert Fiill iR A BRI S5 I, F525%F Bert A% UEATAHR AOALBE, FEARINH . FATHE Bert it
S RARZ LI T AR pooling layer SAbH Bert LAY i th:

e cls: B IEFREL Bert &y cls
o pooler: B #:KE Bert %yt 11% pooler output
o last-avg: %f Bert & )5— 2% B average pooling

o first-last-avg: Xf Bert 55— /2 55— Z00%0H 2 B average pooling, #RJ5-KF I i DFHE ML average
pooling,

o mean-max-avg: % Bert fix)5—Z 0% B0 5 average pooling 5 max pooling, ¥Pi&PHEHET—2E
B2 W] JFA 4R . mean-max-ave HUATTHE RN :

Xhidden : [batch__size, seq_len, embedding__dim)] (3)
mean__pooled = mean (Xpiqdgen, dimension = seq__len) (4)
max__pooled = max (Xpiqden, dimension = seq__len) (5)
mean_ mazx_ pooled = concatenate(mean_ pooled, max_ pooled, dimension = embedding_dim) (6)

3.6 Dropout

ARRIH R Bert BN SHCRZ , (HZ2INGFEAKRD, I RMBIAEEEAZ - EdUEm 4. 17
IZEA 2 W 28 (Y IR 225 B B WA T, G BARREIAE . BRI ZREdE Bk RN, T 324
By ABRAEMEAEIE _ LIR R, TAER R K. 1 2012 4F, Hinton et al., “Improving neural networks by
preventing co-adaptation of feature detectors” 742 H} Dropout (%iE¥%). 24— 2200 Ei e 28 W 25 gl I 2R Ae /NI B
AR, ARG A . R TRk A, T RAE A FE AR A I g1 A S [ 4 SR B e o 28 I 2 ) 1 BE

Srivastava et al., “Dropout: a simple way to prevent neural networks from overfitting” & HHZE )| e fe i, M
BWAEIT R G2 2wl M B — R AW . B2 I%— N 2 R RRZ MR, AR e A -4 ik
S EXGRECEIEME . TERRERNRVAE NI, R ORE CREF) WS B TR R T R R — R R R 2= .
B, BAPEIEYAE b DA * R fp BN R b B R, IR R

T P
_h_
1-p

RGBT, H B E R, B E[W] = h. Dropout 7~ FISHN A 7R -

K

8: Drop out
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4 L RS R
AW, FEMH T B il A R R b, ST/ N AT AT DAY SR DO RAS 3 AN -
o V1: W RAINZ:, i bert-base-multilingual-cased 57
o V2: 7E V1 [EBLEES b, R T — FM4EE5H, 7 Bert SG4TSR T —~ RNN
o V3: HHSCAHFUNGE, 435l bert-base-cased il bert-base-chinese AR A THE SCAT H SCIEARIR I 25
o V4: 7E V3 IEGE, R0 bert BALH base BIRLHCY large AL, 4352 bert-large-cased il bert-large-
chinese
4.1 V1
12 V1 i, AR bert-base-multilingual-cased FEAL, F-65 Hf i A — 2t K BRI g, IS
SEPr label FEATHAEL . TERIAT, FAVHXESEIW R E T T — RN
4.1.1 Dropout rate (¥}
AR, PR batchsize, P dropout rate, [&lE HAMESHINT, M AERUEE ERHERZR.
« epochs = 10
e Ir = 1e-05
e model = bert-base-multilingual-cased
« pooling = cls
« reinit_layers = 4
« reinit_pooler = False

o weight_ decay = True

SLER AR A 9 BN

TPAER, A ANFR batchsize, ACU i dropout rate A et B G KM%, £ dropout rate=0.2
) ACU R EEFERAR, 1M dropout rate=0.5 i) ACU BEAK T 0.4 ByIHEE, 78 0.4 BHRBCRAHN SR EF .

XU B, BRSO S, AR50 Dropout 2, @4 THEREAS batch ByillZhidAerf, BEALHIET I 2%
FIASEL, ATLAE R IR TN FE R E A . Z RS Bert @ —NSEEHAH] 1 ACHIBEL, Tl 2R £
BN, #HAH Dropout WARE S kA MEGIS, SEAERIESEMNIRERRIA . EFR, Dropout Y
WEMARE S, SIS T TR SEE, B batch #LHBEX DI S HATING:, 2455 320
RN T AR AR AN

P, i sess, FAOTAAEZA 528, Az IR St b, $E/ dropout rate=0.4 W] DABUSEL U Y45
X



B Zbatch_sizeX/)y, SEEdropout i AEFHEACUHI S I
batch_size dropout ACU
0.2 84.58083832
12 0.4 85.10479042
0.5 85.05489022
0.2 84.76316598
24 04 84.95508982
0.5 84.60525037
0.2 83.47420635
36 04 84.23412698
0.5 83.84623016
0.2 84.18025031
48 04 8443191392
0.5 8467071123

9: Dropout rate XfUERfR ACU (1521

4.1.2 Pooling Ji RSN
AL T, BEHAE P pooling 730, [ElE HABWBESHNT, MBI ERIESE FryHERTR.
e batch size = 48
e dropout = 0.4
e epochs = 10
o Ir = 1le-05
e model = bert-base-multilingual-cased
e reinit_ layers = 4
e reinit_ pooler = False

o weight_ decay = True

SEESEERANE 10 s

pooling A R I AT RACUN F T
pooling ACU
cls 84.23191392
first-last-avg 84.24145299
last-avg 85.15941697
mean-max-avg 85.29075092
pooler 83.63858364

& 10: Pooling layers X #EffiZ ACU Hy5
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WRIGEIETRATAE S, FEIRALF A, (%ISR ELA |, ] mean-max-avg ) pooling J5 2 nl DAL

(GRS T

4.1.

3 batchsize W55

£ > pooling SLH A EERI |, ASCHVEM A [FH) batchsize, [ HABSEANTT, WA ER IR FriE

R, HIY batchsize XF ACU 521

size

dropout = 0.4
epochs = 10
Ir = 1e-05

model = bert-base-multilingual-cased
pooling = mean-max-avg

reinit_ layers = 4

reinit_ pooler = False

weight_ decay = True

SCYREERANIE 11 fis.

£ Fmean-max-avgit—# 5%, #f7batchsizef93£3 (dropout 0.4)
batchsize ACU
12 83.93213573
24 84.62498081
36 85.06944444
48 85.29075092

& 11: Batchsize ¥ HE#fi% ACU B2

MRPESCI LR AR B, RS, (N ZREe 56t L, {8 ) mean-max-avg { Pooling J73(, batch-
B EI AR A PR REBAE , RS IESR bR THERR A
Xt REI R, batchsize B, loss fREEAYTT TS E , SRS EIRGE , IR & 8. H

i, batchsize MR T WA I AT K/ NEOROpUB Ry, i A7 AE— AP )

4.1.4 Reinit layers %t Hr5gm

——F7

AL A Reinit layers ZH , XHIZRAY Bert B S LEMNESH TR, e HALE S Em
M A E RIS EAHERIR, $RIT Reinit layers £ H X ACU By

batchsize = 36

dropout = 0.4
epochs = 10
Ir = 1e-05

model = bert-base-multilingual-cased
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e pooling = mean-max-avg
e reinit_ pooler = False

e weight_ decay = True

SCIRERINE 12 R

reinit layer#f B 3 AT RACUR G
reinit layer ACU
84.20138889
83.68055556
84.37586349
85.14384921
85.32799851

O = N

] 12: Reinit layers it H X R4 ACU 15200

WRHEZ %18 W Zhang et al., “Revisiting Few-sample BERT Fine-tuning”, Ff10] PAAIE Bert H R ZE WL E
FETHARE, FRIR R TE R R, A, R SEET AR, MR TR 2t el )2, S
8] T2 S BIHGE TIAE SRR .t TAEAR LR, 7E fine-tuning B2 P IR ER AR A 2w Z8ids, X0 T
Bert XA I AOR LA /2 DA S0 1 00 2 5840 2% > 31 N AT 55 U RRIE B SCARR R IR, T 52 e B A AU HE KT i)
HERR, P AEAR I H o3t T B #s i AR AR 95 T fine-tuning AYAR T, SR HIAG4L AT DA 1R bRy 1t 4
A, B aPmBAR f5 R HERRR, T H. dropout JRIAEAEC & —ERREE LREERT IR G, BT AL
A2 5, FATHE AR TRE R IR .

4.1.5 V1 jags
AT T A B —RN )G, FA52 T— AR S A R IR SR,
o batchsize = 36 B{ 48
e dropout = 0.4
e epochs = 10
o Ir = 1e-05
e model = bert-base-multilingual-cased
e pooling = mean-max-avg B last-avg
e reinit_layers = 0
e reinit_ pooler = False

o weight_ decay = True

TEIRASRIREA R, 25 2 NG 2 i R B AR, HIERRR Ny 86.03%.



4 EEitfEfesE R 13

4.2 V2

TE V2 o, BAHE VI AL E, FE Bert B4 A 2852 18N 77—~ RNN, i@ — ) GRU,
HI2 N 13 Z s ) B4 TP SR i (5 8, i SRR A AR B RO 4 T R R BEARRE 77, A7 B TR R e Tt
AETy, $ReHERLR.

ASCBRry, A1 AN BT % RNN J5, SRR RBUFBoA i m , M E—E R R R (RS L
HERRZIGMEAE 84.8% Zid7) o XTMFATHIMATIE, Bert BAUA B All-Attention HLI 5 C £ (AR AT DA 2 751 42
FIfEE T, FEAIA RNN (bt e S 2P 2 hi 5 S . 1iin_E RNN JSRORMG s 22, — 51 T A2 S5
I, WA A BT 73 IN SR AR I U AR I FATLEORE A D7 3R vl e B0 S IR A 45 R [ A S B B8l —
E RNN Z )G SRR IE— 2R, i) RS EOAA ST B AT, T RE s R i) e U A 2L
HAERUESE ERRCRAE. i TRCRAE:, TS A P IRATA N | RNN.

4.3 V3

TE V3, AT B i P AR R 2R SR A 2R X #E T, T Bert-base-multilingual-cased 5
BRTFE— A ZMiEk BT gE, ZMES RIPE BEXE R T TP, IR AE e SOk B AR [ R A Y
HATINGR. Hr, 3ESGERIIZR ] bert-base-cased, H SCHEARHK LR bert-base-chinese #5224 (#Ri&H hugging
face B 7 #MHL)

FATREAAE 3.1.5 PR BIMRIVIFAESE, TEWMEELEo BIHE T T 5558, 45Kl 13 1’ 14 Pk,

# 3 bert-base-cased
pooling batchsize ACU
last-avg 36 92.15686275
last-avg 48 92.61083744
mean-max-avg 36 92.49452655
mean-max-avg 48 92.65289449

K 13: Bert-base-cased S S E G FAYFE I

3 bert-base-chinese
pooling batchsize ACU
last-avg 36 83.3531746
last-avg 48 82.29166667
mean-max-avg 36 81.42857143
mean-max-avg 48 82.91170635

[ 14: Bert-base-chinese #AIYE Hf SCHdRAE L £

AT I SCRARAR R R/ e 4 —FERY , A2 10000 A8, S SO EAYRER BN 92.65% , ORI ) i
HRIN 83.35%, (92.65% + 83.35%)/2 = 88.0% > 86.03%, PN nT DAfa) A 20 B Y ZR A8 R B P SCIR
NG
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4.4 V4

TE V4 i, FRATEE V3 myEak b, K Bert #) base BIZUH(H N large B2, AKIHEFE h SCHPE SO AP TR 4
FENGRPEERL, Horp, SRR IIZR T bert-large-cased (1 hugging face ‘B #EME) , o SGERIIZR
bert-large-chinese #i%! (hugging face %7 rp > A2 G 4EME) .

FATREAAE 3.1.5 MBI RN AT B SEL, EWABE R BIHE T T 558, 455K 15 fIE 16 iR, FE
RN, i large BB TUIZERT, batchsize 52 4HIE/N—28, Fh large BBIHSEEL) 3 12, XTBAF
BRI, batchsize 1 KITH S FEEAAA L.

I3 bert-base-cased
pooling batchsize ACU
last-avg 12 03.61277445
last-avg 20 94.2
mean-max-avg 12 95.13972056
mean-max-avg 20 94.09117647

K 15: Bert-large-cased FERIYEH A HESE it PH

3. bert-base-chinese
pooling batchsize ACU
last-avg 12 85.77844311
last-avg 20 86.18235294
mean-max-avg 12 86.42714571
mean-max-avg 20 86.62352941

& 16: Bert-large-chinese #ZUYE W S8R [ RYRIL

PARE], 3 large B BRI 95.14%, H3C large B BRI 86.62%, ARELEILT base
B

4.5 gk
B A B AR E AR g R AN 17 Frs.

FEIRAEER RS LE
ACU
version .

f13C X

1 86.03

2 84.8
3 83.35 92.65
4 86.62 95.14

17: AR PR EXT L

SEF A/ S seml JASCPFUEA TN, 5200 xal fy i SCPRERIEANIE 18 R 19 R
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0" polarity="

P 18: w3 SO

" polarity="-1">i didn't laugh . i didn't smile . i survived

atching harris ham it up while physically and emotionally disintegrating over

hough this saga would be terrific to read about , it is dicey screen material

">this remake of lina wertmuller's 1975 eroti-comedy might just be the biggest h

">less-than-compelling documentary of a yiddish theater clan . ibo

loaks a familiar anti-feminist equation ( career - kids = misery ) in tiresom
ussied up with so many distracting special effects and visual party tricks th{
riter-director stephen gaghan has made the near-fatal mistake of being what t

ne scene after another in this supposedly funny movie falls to the floor with

cattaneo should have followed the runaway success of his first film , the ful

ewton draws our attention like a magnet , and acts circles around her better

his may not have the dramatic gut-wrenching impact of other holocaust films ,
ritney has been delivered to the big screen safe and sound , the way we like d
y presenting an impossible romance in an impossible world , pumpkin dares us 4

he diversity of the artists represented , both in terms of style and ethnicit:

complain all the time about seeing the same ideas repeated in films over and

hang yimou delivers warm , genuine characters who lie not through dishonesty
it suggests the wide-ranging effects of media manipulation , from the kind of

he film benefits greatly from a less manic tone than its predecessor , as cho
polarity="1">the film's real appeal won't be to clooney fans or adventure buffs , but to mo

Pl 19: B3 SCpF

GER T

HSCRER ORI 2 25 T3 SO RCR . AT TIAR IR i T BAHE P SO R Y ZRad AT, SRR 73]
WA, HERATAHEAME A, rIREEAR T o E R teot, Bduden s XKl nl G2 i X ph ie 2 25
MR Z —

XUERHE A I R BRI A ROR A SE AN AR R S e 00T 2 S R R0 R

KA 2 AR R 5, large BAURILL base B8, HIERSKHH . RUBZEEER/ I 2 ZROA 2 %
SRR RYEHN =, RN EHEE, WA RPCORERZEME R, B8R MR T e w5

SN BCEAEA ] AR 55 B L2 R R LRI, 40X T Bert B /5 JUZE ST E AU LR 7
X, FEHAMAL S5 EnI R AR RIPT L LG, 1R ERER RN, (HRAEAESS . Sads5is, RAOTAEIA D
TR AR A RER B M fRc 1), eI S R B B RE ST S5 10 5, i SE IR A5 2 R R Ty
v

5 JrH
ARWKAE NS FRT IR AGIE, SAFFE AR, FELA LA b n] DAE—E Y22, A BB EAEAY 2R
ST EATVNR A Bert BADRYE, ARSCRAVEHRERNN, WTA% BFIA— L E@ R B e 2Rkt
OB e R B, ANEESE A AT 559 BCEWithLogitsLoss 461 RS «
HTPATE Bert (% th i F1 23 285 0] 2 221 i — LE R 45 454, 4 LSTM.
A PAG LAGHT Y 3 St R B s Y i — A B R 2 P48 4R)Z U attention BLA], AIARIN GNN 4.

ATV ST, K epoch BORFTERAIN IR, AU B E ST M 2L, Ll
S I PRV D, R BB PRI 2R
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