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Abstract: In text classification tasks, effectively extracting text features while improving computational
efficiency is a critical challenge. However, traditional methods often struggle to balance feature richness and
computational efficiency. To address this issue, this paper proposes a novel text classification model, i.e.,
the linear attention text classification by combining text features and word frequency implicit factors
(LTTW), which introduces a linear attention mechanism to capture key features in the text. Specifically,
the model leverages non-negative matrix factorization (NMF) to extract word frequency implicit factors
from the term frequency matrix, capturing latent semantic information. Simultaneously, it utilizes
pre-trained models to extract semantic features of the text, which are then fused with the word frequency
implicit factors to construct a richer text representation. Based on this representation, the linear attention
mechanism 1s applied to effectively capture global dependencies and enhance the processing efficiency of
long text sequences. Experiments conducted on public datasets demonstrate that the proposed model
outperforms mainstream methods in terms of both accuracy and computational efficiency, with particularly
significant efficiency advantages when handling long sequences. The study highlights that the integration of
word frequency implicit factors complements the shortcomings of pre-trained models in semantic feature
extraction, while the linear attention mechanism effectively captures key textual features and improves
sequence processing efficiency. Together, these contributions significantly enhance the performance and
efficiency of text classification.

Highlights:

1. Propose a linear attention text classification model that fuses text features with word frequency implicit
factors (LTTW ). It extracts word frequency implicit factors via non-negative matrix factorization (NMF )
and combines them with semantic features from a pre-trained model to construct a richer text
representation, thereby compensating for the limitations of using a pre-trained model alone for semantic
extraction.

2. Introduce a linear attention mechanism to capture global dependencies in text features. This mechanism
improves the processing efficiency of long text sequences while effectively preserving key semantic
information.

3. Demonstrate through experiments on public datasets that the proposed model outperforms existing
mainstream methods in both classification accuracy and computational efficiency, with a particularly
significant efficiency advantage when handling long-sequence data.
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2.6 HEER
G ARG F2 AT 55 02 X 2 2k 1 2 LA Ak 3RS A I ASUREAE Ak B DA TR A5 1) SCAS X I b A AR
BN o A SO Lt A ZE R X ISR AE 32F 47 A 3L, RGO R R A ) AR R v D e i 2 A5 B TR
B AN FRIE WO B H AR5 o R0 20 SR EE < AR AR 5RO R Y AR B LS O S AR K Logist, 38 ik
softmax bR S 4 S BE R 23 A, I3 2o 28 SO 400 2 ok DL AL B AL 1) 2 85, AR 1Y % 1R T AR PIL I an B30k 2
JE7R
Hix2 iR S
BN SUAR TR 2
LTRSS s £ p
(1) for LA ¢; in BB D i do // ANHEAT B AT T 1 B
(2) Hyy=Hyop 1 T o+ + Hygp o+ Huoom 1 T+ + Hyonom « // 3R B A BE SCAFEAE
(3) Hyprr = bert_model(, att_mask ) //3RBU BERT il Il £k SC A FF ik
(4) end for
(5) Hy=H,,+ Hyggr // B SCAFRAE
(6) Yy, = linformer( H ) // i iz £k P 3 2 ML) b 3
(7) for B 2 SCA MY FFAE in ¥d54E D, do
(8) cls_output =Y //$EBSCA A TR
(9) logist = classifier (cls_output) //if 33 53 245 2 i logist
(10) i FH A SR8 2% pR BSOS R / /i 2k
(11) Jz {55 1 22 7 BB SR S 40/ / I ) A% 7
(12) end for
(13) return 432545 3 logist / /i 432545 1
e SRR M N ROk AR A [ CLS I BARAE AR AE TR AP 1) £ R s .
B B 1 O AR Y € R™TO T H i B HEY K /N L yier 9 BERT B BRGRCJR 26 BE | ., S 51 0B A 9
i
LA 2R M AZ O BRAE R LR AR H , R BRI N b . 20 0 B ARRAE Y, 2t 03 2 A% i
Ay logist 1135 23 N
logist=YM + b (14)
A M e RY e TP S RIS T S G 5 p N A AT S5 R B 2 R b € RY SR AT A T
X BB A 1 T AR AR ] i 5 B 1 KON R p i i A ] G A I8 R I 1A 28 G Y
(T
A REE 0] Y 38 2ok AR PR vk 5 A AR BE M ORI AR K R (B, plf i . HATSE AR
2=YM (15)
Kz € RP P RR ALK T R A FEAST F A 0 1015 43
SR 5 A A 2 A 43 VA5 oD 5 T L IS A i) R P R 4 logist TR A Kl

logist=z+ b (16)
K. 0 KR KN Ry p 09O B 200, T X5 A SO A5 0 AT R RS . BAARCR U, B FEAS 1Y logist {H A
logist, ,==z;,+ b, (17)

S b, A5 2 p I 0 B
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TE 26k 4y 25 2% 26 W logist J& , {#1 FH softmax bR BUKS iX 2E logist 55 30 R 73 . softmax bR ALY 2
H
logist
g, ——PUo8) (18)
2 exp(logist;)
i=1

Kb d, FRBEAR R T2 p BIBES . softmax B 50K logist 54 4 IE 5, I8 © AT — 4k, (48 574 25 71
(O RE SN 1. A TR0 T A ke MR 3 30 A7 5% B O L A5
y=argmax(d,) (19)
TEVN S ot B o, 4500 o 5 /N A 58 SR 02 K B 3 B, 2 SRR 20 46 ik A 780 900 1 28 %6 43 4 5
PUSRRAE 25 5, HE U
l:—éi S, log( py) (20)
i=1p=1
A BRHEK KN 5y, , LSRR 1 onehot 41 5 p,, S B 780 U0 9 28 59 p o E 6 . 3 aod e /ML AR R
R B TR i 0% R 8 A T A B MR B b, LS TE AR S M R
308 o 35k A 2K T LS 7 A E ) ik S 300 245 ) s ) ) AL R DR A7 4k MR e O
i softmax B 50K logits %  hy HE S840 A7 , 8 T 58 Y 26 1F 55 o i 3 B /M 38 U Jc L A0 4 L) 2% )
T FE IR 280, 8 FC R VI 5l 8 oo A B 0 43 P R e 2 ST AL SCAR 1 1 1 4325
3

S g

3.1 IR

A S F T ok B AGNews 24 IF 805 48 19 37 ] SCAS | Yahoo! Answer (123 IF £ 45 4 1 Stanford
Sentiment Treebank 2 (SST-2) MY TFEEHE . AGNews & Hi FEZS IR K2 & AT 1938 8 0 S 5 s 48 T o
T A B TR A R R B P R AR R . RS SO 29 30 000 AR . A S A
TR AL 60 000 25 /E R I ZRAE L4 000 Z54F Rl ik 4L , DL S 4 000 Z64F I #iI4E . Yahoo! Answer (4l
BB — N RBUBE Y I 20y 28R 42 W 35 T 10 B 4k & 5 30k Bl R HE R A E R
b GRS HIR R BRSO LS o AN S A 2 140 000 AR 8124 SCA . AR 5258 DA P B AL
HHHL 60 000 251 R Il 2B , 4 000 Z54E R AR | DL & 60 000 2 A H4E . SST-2 J&— A H T 15 & #r
19 28 BUBCHE 4R | 32 2 T X SCAS BEAT 43 28 CIE ) 1 RN 0 ) 17 J8%0) o 3288008 B8 40 3 M HL S DI rp 4R B
FYF I CEAR TE o AE 1) S0 [ 1 AR A . AR S
M B AL A R 53 681 A5 4 R Il 2R 4 L 4 000 4 4E

R2 BIRERER

Table 2 Data set information

DR LA K 4 000 46 VE R F0M 4 o S iff DR S 0 245 e NGE e PR
N B2 OH A 0 AS TR) 288 550 4 A B R ) 45 A 0] AGNews 60000 4000 14000
RO PR — B, 3R 28R T AR WL B 4 Yahoo! Answer 60 000 4000 4000
1) 34 B Hhe 4 SST-2 53 681 4000 4000

3.2 EMIERR
7% S A R 56 RS %% (Precision) 73 11 % (Recall) Fl F (B FE R 3E M #8655 0 A SCRE L HEAT 3P4
0 23 S A RTINSy T A AR i oA 22 /0 i S B 0 TE ), S e T A AR A T S T T A 7
BB, AT kN
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Precision = P (21)
TP + FP
A H B M (True positive, TP) A 485 1 5 70 Sk 1F 28 (9 BE A ; BB 1 (True negative, TN) Sy A5 #4
1E B T Sk 67 28 B R AR KL ; B BH PR (False positive, FP) Sk 5 U A8 1528 i B £ 200 A 00 Sk 1F 28 5 48 3H
(False negative , FN) S 5% U 485 15 HbKf 1 SRR A 500 2 .
18] RO IR SR o T 2 B REAS Hh AR IR I W T A 1 2 A RE AR BT o 4 H ) e T A TR Y AR
PR 35 R S T
RecaH:L (22)
TP+ FN
F (" (F, score) 2 71 A g 5 R 43 [0 56 (19 1 RT B4, FIOR 25 & PP AG BE A 1 MR Rk . 4G o R A
[ RARSE M , FE e 08 32 A 0 4 i il 1t 3 o
Precosion X Recall

F,=2X 23
! Precosion + Recall (23)

3.3 xuE*

F T I e UE R R B APE , A S0 £ BERT .ERNIE . BERT-CNN #l PS-NET 3% 4 1 30 74 43
HAE X Lk .

(1)BERTM™ s — b X5 i) R J2 28 e A0 3l 3 b= 7T S 114 30 i) 24t B 01 45, (4578 19 SR T8 75 A0 BRAT 55
HhRiE i B ) - A U B S

(2)ERNIE" . 73 B2 42 1 9 — bl 5 B8, 254 7 A0 IR 3% BE A7 P 25, 16 9 1 485780 76 b 3 5 A 0
P 5 SCAR BT R I,

(3) BERT-CNN" . 45 & BERT #F 47 $5 1F 48 Bt 5 % B bl 25 W 4% (Convolutional neural network,
CNN) $& T+ 73 SRR 7Y | B 8% 45 418 SCAS 19 4 Jay R R 8 REAE

(4)PS-NET™ J&—Fh &5 4 75 28 JRZE 8 L TR A7 D1 F0d B0 DI 0 1 A A 20 W B 2 ST ME SR A AR %
TR SCAR 43 28RN F A SCARIZ R AT 55 b S 42 o TR B MR
3.4 IWHE

AL T Py Torch VR 2% 2 HERL B /E & %£3 EAESH
4 & Windows11, CPU 24 14th Gen Intel(R) Core
(TM) i7-14700KF @ 3.40 GHz, fit /1 i & £ A

Table 3 Model parameter

24 B

NVIDIA GeForce RTX 4070 Super GPU, RAM BERT 5 i 4 i 7683
H#132GB. Dropout {H 0.1

X152 0 45 5K S0 R M B T 1% p s

B AR R T 12 )2 89 BERT Base-Cased 1 4 Pefbne Adam
WYINZ5 1 5 AL, e B4R 2 Oy 768, 35 110X A 3 B R 5
10" S8, IR AL R R /NI 8y 128 4 Adam 55 A 10
AT AR AR, 22 2] A 2e— 50 X T 4l AR i) 5 10

e AL BB A3t i 10 A AR 104>, 38 20 A4~ B 9
Bt IR AR SRR AIE o B SR B AR 3 IR .

4 KBWERSHH

4.1 SHHHER
FAEIR THE 3B LORR 7 ik A s 25 21 o bl A A A e (e . ISR g5 Rl LI A
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L LT TW 5557 B A H000s 46 19 BT A VP Al 48 b CRE Al 58 1 IR0 F o3 850 B3R B 6, 3 — B B0 iE T
HAE AT HAL 55 I sk RE . 7E AGNews B S, LTTW B9KE i 2% 4 [l A1 F 43 5053 51 35 5]
93.73% .93.71% F193.70% , & 2 & T R I AE M % AR PS-NET (92.95% .92.99% #92.93% ) . 7£
Yahoo! Answer %454 H , LTTW 23 5 B 17 70.91% .70.96 % H170.87 % (1 i 55 , [F BEAL T 3¢ B0 45 4
) PS-NET # %1 (70.78%6 .70.75% H170.69% ) . 7E SST-2 84, LTTW HRE #R% \73 BURFF, 5
B0 ok 93.81%.93.95% 1 93.82% , 4 T M ik % B 45 HE A9 X B A A ERNIE (93.01% ,92.84% Al
92.92%0) . BMORFE  LTTW FIETER IR F FRMF, 08 B2 REGaE. Sl Byph kM T+
Prog CEAE T ifE— B AR T AR M O 42 T TR AL 12 fk g ) .

R4 THWHER

Table 4 Experimental result %
AR Bk Precision Recall F,
BERT 92.60 92.58 92.58
ERNIE 92.88 92.83 92.83
AGNews BERT-CNN 91.66 91.63 91.60
PS-NET 92.95 92.99 92.93
LTTW 93.73 93.71 93.70
BERT 70.73 70.68 70.68
ERNIE 70.28 70.90 70.12
Yahoo! Answer BERT-CNN 70.23 70.49 70.10
PS-NET 70.78 70.75 70.69
LTTW 70.91 70.96 70.87
BERT 92.54 92.48 92.51
ERNIE 93.01 92.84 92.92
SST-2 BERT-CNN 91.86 91.12 91.97
PS-NET 92.86 92.91 92.88
LTTW 93.81 93.95 93.82

25 FRTIR LT TW 75 SCA 3 2545 55 vh 0 R IR T 0 A X LU RS T, J0 FLAE RS i 2% 4 0] 32 45 OGR4 b
LRI E R T H AR SRS AT S i AR N A
4.2 HBLIE

N T HE— 3 A3 AT AR A AN B B A R AR SO T 3 R R A AR A SR I B AR A Y A S BE
SE AR HEAT LU ER, S B AGNews BUHR A o SCIR 25 RN 3R 5 /s o ARG S g 45 R T LUK B, R %
AT B (A BE 14 TTRR A I AN [8] , (E 2 0 SR 15 G o A AT A — SR B R 4 T BOMEBE R B L X R WX
SERTH Y 5] AR B

LTTW-M AR 22 5% T ) 93 s IR A6 e, A 08 BER'T T 5 200 0 R4 | 28 4 P 2 Ty L 4k 3 )
SERLCA G RAT 55 o SEI R R, R BRI R R RS R AE i R AR R MERE I W TR,
Hod AGNews Bl 48 1R i R M 93.73 % [ 2 92.43% , Yahoo! Answer #5482 ) 70.91 % [ % 68.40%,
SST-2%H 4 M\ 94.94 %6 BE 2 93.25%6 o S48 I [ J A s A7 k2, (L1 BB 0 35 B o ok 3 B ) At g P 5 A
PAE SR e - B EE AR L G o i SR e e SRR R AR B 5 T AR IR (7 % A S
ARILfHGE ) o IR R RIS BT B e HRAAE A USRS S B0 MR R R
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x5 HEXRBER

Table 5 Ablation experiment results

GRS | Precision/ % Recall/ % F./% Time/epoch/s
LTTW-M 92.43 92.41 92.39 106.45
LTTW-L 92.84 92.81 92.82 108.43
AGNews
LTTW-Att 93.27 93.13 93.15 111.63
LTTW 93.73 92.71 92.70 109.87
LTTW-M 68.40 68.31 68.37 124.60
LTTW-L 70.18 70.05 70.12 127.18
Yahoo! Answer
LTTW-Att 70.83 70.80 70.69 132.55
LTTW 70.91 70.96 70.87 129.37
LTTW-M 93.25 93.15 93.18 86.25
LTTW-L 93.61 93.51 93.57 87.51
SST-2
LTTW-Att 94.61 94.86 94.72 88.32
LTTW 94.94 94.84 94.89 86.77

LTTW-L BRI R T M 2 T ML AL 7E il BERT Byl 25458 B REAE 5 3] 45 i R R AR S
BT ARG AT S5 . L AR T, LA E VLRI B M RE A T T B . AGNews
BYCHE B R 5 2R L 93.73 %0 B & 92.84 06, SST-2 %l 4hs A2 A\ 94.94 %6 [ 25 93.61 %0 o B[] B A< W A 3 o
XU I LR M 3 T WL B A A SO I A R R G R 0 R AR K SO 8B S ) v G B S R 2 )
M OIS For AR 55 BOCH B . MEE R N AUR 2 OB 5 2 22 B mi 48 7, W R T T
TR XoF K I B 0 G R ) I RE O

LTTW-At BB 2 M 0 2 Ty WL e o 1L Ge i 22 3k A 2 D0 L L 45 & BER'T B I 255 A e AT
590 B B R AR, 22 2 5k [ TR I HLRI AL B S HEAT SO A AT S5 . IR ES R BoR  HifE R 2k A
B WL e M v B AL S B PR RB R 6 T B Yahoo!  Answer B4 4 19 1 8 % M\ 70.91% F%
F70.83% ,SST-2%4a 4 M 94.94 % F& 5 94.61% . B A A A Fir s in , £ AGNews 5054 1 )\ 109.87 s
B ZE 111.63 s, 33X R 23k B B I HLH 26 4 4 R MO OC 2 05 1Th R0 R 4 R A A i A e L
I [0 3 A A A, T 4 M 3 R T WL B % LA B v ) A8 R A K B B RO O R L PR RE RN AR 2 RIS B T
By R T

L5 LA T Al 0 S5 B0 UE T LT T W AR AL b & A58 B 1) 5 20 5 Dk o ) 01 e PR S B 2o b FE
SOARE SCRFAE SR T TR BV B L 2 PR VE R AL A REAR T B 52 2% B 0 TR IR RO 3R T e R AR OC R
AT (4% 0 75 53 ST 55 b R BN 52
4.3 BSHEIAT

TE Ay O S5 95 25090 4R AN S 00 R B — BUW AT 3 T L A SCR G IR T AN TR S B0 R A M i 1 5
Wi, S 6 0 F AGNews B3 45

B X AN Ti] 5 1% ) A0 5 DAL 5% SCAS AR I B4 T 43 0 32 BT 1 B R - 14 it Sy 30,2520 .15 1 10
HEATSEHG o SCUG 25 AN 2% 6 T, /N [ 50 dk 11 1) 401 B R 7~ X ASE A0 1k B A S5 e . M BRI T AR Sy 20
B, B R TE BT A VA 45 b oW 2% 93.65 %0 A3 01 3 93.62 %0 FI F B 93.64 76 353K 31 f fwp , 150 W1 4 £ 19 sl
K F e 08 A ROF M R AR A S o0 R sl T RE . BRI TR S Z S5 ATIRE R, SRR
ZALBE T T R e PR R Ao WK LA 7S o3 4l AR SCAS TP i i SCRFAE , S I 59 4y 2SRk . BRI B
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x6 ARABREFHELER

Table 6 The number results of hidden factors with different word frequency

PEMNF8 5 30 25 20 15 10
Precision/ % 93.46 93.58 93.65 93.36 93.05
Recall/ % 93.44 93.52 93.62 93.34 93.02
EF/% 93.41 93.53 93.64 93.33 93.303

TR YA BEE RN TR A O ML 2 O, o 20 IR LB

Bt g ) A0 R ARR ] TSR] 5 0 SCAS R A B8 A T 2 S 32 BB R) A g PR 1 ) i DA e A 15 iR 15
FE AR 10 SR AR 10 35 450 15 IR A3 5, 2 450 5 I I A 15 A0 5 450 5 IR A0 5 3047 S5, SE b 45 R 3k 7 B
7 e V] ARG T A e PR 54 50 TG 0 TR P BE R AT S R o 25 B D Y s ORI RS 2 10
B AR AR & TG b b3 R IR A, B R RG #2% 93.73% (A M1 3R 93.73% F fH 93.70% . XKW, fE =
B R A B DR 7 =2 1) 52 R 49 A T 6 R 408 o R A A7 102 SCAR wh O B 9 1 A 8, ) e 4 DR el 22 70 A1 s A1
WK TR T S B TO A S B K o 20 e A S R D T ) R i 2 B A e AL PR RE B A BT R
R — 20 0 ] £ 57 50 A B o DRI D R Y B0 E O i AR R E A SC B, R 10 % 10 A TEE
BNEAMTTR

®7 ATREBER SR EF
Table 7 Different number of high and low frequency hidden factors

RAECED #1545 15 5 155 5 i 101§ 10 #5115 #5515
Precision/ % 93.08 93.60 93.73 93.38 93.36
Recall/ % 93.06 93.58 93.73 93.36 93.34
F/% 93.03 93.58 93.70 93.37 93.33

T SRSy B UE L T R D LR 4 M B RS E T L AR SO R AL b ) SCHE R SRR AT T R G Y
FAHT o 3% B S B07E AT 55 v ) 38 30 42 52 Wi B R 0 WO S50 B 3 B R DA B e I e i . DA
TR BT XA O S R0 B LS IR 2 A PR 43T

(D BEAIPREE (depth) o 2Pk T 25 I BB o 8 109 )2 550, WP R HY ) AR B2 R ) B % 2 ¢ PR .
FE 26 v, A S AR T R 2 AR R 5 2 R R ) R B, DA O M S 2 T R A S AT B T Ak
T AR BTE SUME B o SC 25 R W Bt 5 A AR IR R 0 8, AR RS R [ R FO A A R R R
B X R AN HE B 2 BT BRI SR AR AU Y SRAERE ) B TR Y 9 4 2 5] R HUA B0 BU)I 2R
AR, Wi FENERERYIE AL . 72280 v, depth=1 A9 1 )2 455 0 26 B S A , 3o U0 B X T 24 i 4T 55, 7 B 10
R 25 4 ) J2 L3R U 800 3 A B

(2R BRAT RN (K)o 2 T 8 O (U R U 1) 2 3 R A 70 S0 4R T 1) S A S 00, pl s T DLy o 4
FRAEZS (0] A R A FE B . AR 256 R AR SO IR T K=8.16.32 .64 F1 128 A58 &, LATEA [ 4k )5 19 15 8
IR BE 1 ST R Z MRS . SEER S R R, K R RIPE RE B A B S . 24 K=32 W, #5750 (8
B 5 A ] R Fy A5 40 180 3K 38 e e L, 3R WD 35 > 9 B 2 T LAA 807 Ml 1 I PR AR 8 0 AT H RO . SR
M KAA b /s K BRI RE G BT TR . X — 25 R R i R A 2 T BUE B R IR AR R
AIRERG NS R B I R

(3) 4t K/ (batch_size) o b HE /N2 5 MR I 200K Rk Pk i SC M S 8. FESe i, el T
batch_size=16.32.64 128 F1 256 A1 & , 7341 T A [A1HE f5t /XSS RO S Rz e vERE s o 25 SR 3k
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B 4t DR/ o R g i SR S P R PR B B — *:8 ZHEEENSH
So . YA E RN 128 B AR RE AR, R P Table 8 Linear attention parameter
SR RN EWSOSCR SRR Z MR T BBk M Precision/% Recall/% F,/%
LI AP A/ B A R RN AT e S RS 1 93.73 93.71  93.70
BRERGE SRR AR ) WS B8 B R A At i /N U AT 2 93.47 93.44 9343
I Sl 58 % 1) 4 50 22 B 1038 17 E o depth 3 vz.82 9z2.81  92.78
(4) 2% 3 F(Ir) o 2 >0 FR R 5% W 55 00 Wig Sk 4 93.32 v3.22 9324
JE AR AP RER RO B S5 2 — . AT Ad- 0 v2.80 0276 92.76
am Pe Ak 88 6 0 1 2% =T SE VL 22 (a0 47 D § 9280 J2.76 9276
W DU BB RS AT I RO S IR ;g iiii ziz 933‘1770
B ol JRE R K R T K O )R, S A Rk ' ) '
1R 125 5kl b B LA B U i
128 93.12 93.10  93.09
S RYEE N 2 X 107 B, BRI PR Rk B B AR, R " 93.02 0202 92.06
S R A RN F 4. ) 2 515 osus o3l
S BB B T TR R 2GR paeh size 64 93.69 93.62  93.62
T JBE T o P, S B AP RE AR E & 128 93.73 93.71 93.70
MNSE B 25 AT LU A S B 1 PR AR 256 93.21 93.14  93.16
o S AL AR Y (4 M B AT AU o R A A TR 1% 10~ 93.46 93.42  93.43
(depth=1) . H1 55 B [ 4k 72 B (K=32) i o (i it 2% 10° 93.73 93.71  93.70
H K /) (batch_size=128) F I fk i 2 > K (Ir= Ir 3% 10° 93.39 93.32  93.34
2 107°) B U L 6 R P 1k Bl 2 B0 L ik 1 3R ii}g 93.01 93.01  93.00
RS EOR T SR AR SC R G E ML Ay BT T B O 92.88 9286  92.85

S0 R AL 1 B 1 R R, DT A R T R 0 LT
TESCA A3 A 55 v g o AR Bt 7 2T i ke o
4.4 LG

LTTW L8 (5 A0 A 38 28 4 B it 5 R 44 BOSCAR 00) 1) A7 o R, D8 L 5 09Il 2R () BER T 458 284
AHRLA , T R0 2 SCAR G 284 45 B MERE o A SCER I A LT TW J7 32 8 56 foff FH R P o0 e B R i BB Se AR
HHVRT A 1R AT TR s A AP IR] 6 T AR B R 3K — Sk AR AR T SO e Y TR DT 4R e TR Y R
TEFRRBE S . ML Z T LS5 Tl A MR 1 BERT \ERNIE Il BERT-CNN, & BAK 1 T 42 J5 i %
A B 2 W 45 PR T SO S, B AR BE A A B AT 2% 1) ) - 5 A K T AT A B R R SR 43 2R 1 %
ST AR IO AN LT TW R o 3 3 K i 3By 3] 430 G PR 7 5 S RS AL A R AR AR Rl &, LT TW AL RE %
A AR BERT £ T SCHE A AN SR TR A O 35, 26 RB 5 25 45 1) AR B R, DRIE 17 % SCAR 42 sy 1 SR )
BRI AR A AT . X — RlA SRS AE AT 55 h AR BU T B A B SR IAE S0 25 S Y 4 T AN
FERR IO T H A AR A e 5 HA U A BERT BERUAI L , LT TW B 80 R A7 B B 4271 .

LTTW #F— 25 R M v 2 WL R b Bl A 5 MR AE o ZebEE B I HLEIAE L AE S i & Jm T
A1 R e (A4 AR 2 L B e N A R B2 L R = W /" e = 91 K O N W 4
S AR R A R AR AN R 43 T SR B O W BRI T O B AR A B R TR A M RE o 3B g kT
PIE LTTW 761 G852 7+ % TR B, 75 SR OR 0 A8 e A TH R0 e ol 2 76 R RSO 4R b A 2 oy, ek 1
HAHUEERS LT TW £E GG 73 2 o 0 1 1 [l OR 23 R T H S BE U8 9 o BE T AR . SE R s R LTTW
RS B 2 A0 F, 43 8034 5 T ERNIE , 38 4R PR VE 38 0 76 AL B & R AR B B8 0% 76 Mg T 5 30 07 06 ) ~F- Al -
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ASCHE A LTTW BEAUAF JEAE SCAR P 2R AE 55 P R B T 2 25 i A0 3 (A 7 — 28 R BR 1
LTTW A 5 i 3 5 o 0 ik 2 AR B RO B0 IR 7, 30 Ao 77 36 MR T SCAS ) B 030 A SR A 4 G B R B . AR
T, TR PR R s P T R AR B B I RIOR, (R 8 BT 55 v TR URRAE (1432 AR fE g T fE 3% 2
BRI o AN [ I AN ) 1 55 9 SO o B0 9 23 A1 R T BEAF AR BOR 22 5, I LT TW 7 A i 403
SCACIR R RETG AT S AN (] ) Gt 47 5 70 ] 8wl o1 e, LA DRSS TR BE M08 A5 20003 IO A [) ) 3091 3 A o

BAORE AR SCHRE B9 LT TW A8 AL 3 5k R W 53 512 IR A3 PR 1, O 05 BER'T B 25458 4 il
BB SRT SCAR AR B AR B o SRR T R0 ML 0 AR AT e A B AT AR 4R SO G B
A [R) IR S T 7 e 90 AR B AR . SRR R R W iZ A R RS B S 4R T SO R RE L, B BRIy
S P i H 1

5 H#RIE

ARSCHR T — A T A s PR 5 SR R AR A8 e 0 T e R il el A R e BT o [
TR S BERT SIS RY &, 39 1 SCAR A AR AIE 19 = 55 B2, P 4 P 1 05 0 WL A 6 R AiE R A
ol A B A SECAH B SCAR O B R A B[R] IR 2 T T R B Ak B B R R T SO SRR R R

LTTW 588 i B2 F s 6 AR B 1 5 SO 70 AT 55 0 HAT — 5 WY B I o Jd i 3 31 B I 1 42
WO R TR UAE B A RE T, WT LAAE 2206 5 PR 92 0 5 ) 0 S A 08 SORRAIE |, (HR 55 ZARE S TR 08 5 1Y
RSO0 SCAFEAT b B 5 Rl 51 221 55 BN R R AQ i 5 R R A B T 32 01 X R TRl 38 35 Bz AL g
T3 BeAh Sk T T AL AR A R 4 SR AR G AR A [R] IE HA o R T SR R A SO I B AR
AR BIFFE T LA RE— A SR B T 2208 5 RN 5 05 ik, U0 s e A TR s e S DA A TR R I R
BB ROR , I 3 I 5 1 7 KON A D 6 MR AR Y A AR B JRTE RN B i S I R AT A5 P B PR BE , 50RE B R
TE A BRALY SE R N , 40 238 5 PRI 70 JE AT S BEAR B 4R LB 2 9 SO fr
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