ET B miSERR0E A M AR
I, RIS, R kIR

(1 R RFHRIES ¥ AE W E AL S, dbat, 100871;
2 Jb5UE BB A HENL AR, st 100871)

WEE: 17 I SURME SGRAE, AT 7T 1 2008 T 2 2R MR 4R 4 1 4% (recurrent neural networks,
RNNs) FIIS B3 ke ASCH, FRATERH T —Fi 1B &tk A 454 (gated mean-max AAE) , A
T2 538 M R SCARE R AE . A SO B g e il i £ Sk BiE R I HLE] (multi-head self-attention
mechanism) SR g a5 FIMERD AR 45 . FEGRADPTEL, St T IME- KM (mean-max) A& RAEHNE,
B[R] 33 FH 343t 4k. (mean pooling) Flf Kitifk, (max pooling) #fE K 3 A\ SCAS o 58 22 REME 138 U5
B MREBCATMAGRAE AT LA T M 5 AR, AR 3R B E T 3h A& 0 . I 7E KRB
JESCARARE R EYIZREAY, FRATIRAG T iR A P amis et . 7E B SORBUR I SEg AR SCRIRAE S
B RBCRANT H AR LIS T AL G RNNs A . JRATRE A TR ZREF I SOAR G s, A HmT DL 5 (i iz F
TIRELMMAT 5.
KRR SUARIE; Amidas:; ZkEER VLS
FEKT: TP391 SCERARIREG: A

Gated Mean-Max Autoencoder for Paragraph Representations

Minghua Zhang', Yunfang Wu', Weikang Li*, Yangsen Zhang?

(1. MOE Key Laboratory of Computational Linguistics, Peking University, Beijing, 100871, China;
2. Computer School, Beijing Information Science and Technology University, Beijing, 100871,
China)

Abstract: In order to learn distributed representations of text sequences, the previous methods focus on complex
recurrent neural networks or supervised learning. In this paper, we propose a gated mean-max autoencoder both for
Chinese and English text representations. In our model, we rely entirely on the multi-head self-attention
mechanism to construct the encoder and decoder. In the encoding we propose a mean-max strategy that applies
both mean and max pooling operations over the hidden vectors to capture diverse information of the input. To
enable the information to steer the reconstruction process, the decoder employ elementwise gate to select between
mean and max representations dynamically. By training our model on a large amount of Chinese and English
unlabelled data separately, we obtain high-quality text encoders which we will make publicly available.
Experimental results of reconstructing coherent long texts from the encoded representations demonstrate the
superiority of our model over the traditional recurrent neural network, both in the performance quality and

computational complexity.

Key words: text representations; autoencoder; multi-head self-attention
1 318

H 325 2130 G, 8, A7 UURBTE D 1 SRAEZ H SRE 5 402 (natural language
processing, NLP) H—/NEEAb I FIBF 72 TAE . H 8T Qe AFEIE R m AR [1)F) F K & Tobs
BRI SRR (word embedding) , X UEIERAEN NLP &0 RT3 7 A 200

T R HEA: ERBHA:
HEHEUH: EBREABFELIIE (61773026, 61572245)
{E& B
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FRIE SRR ITAER, ORI AT 57 3 TF U6 DGR B8 R SUAR LTI SCRAE, H HARE T3
A FF B AL B TR FIE S S b Bl — A ] K2 1) ) B, SR 5 R ax e 25 =) B R R AE AR
IERS B H AR NLP AL 55+
Horb— AN AT T A8 P 3T RNINS (2 B0 2% 28 40 44[2,3,4,5], 1E48 &5
ANXAFFIRTIR T, LA SN P 5805 T LN ST 5 I 45 H ARk 2] SCARIE U3
fiEe Soh—LCnf Fi 35 [6, 7142 th A& BhbRiE HdE >k % 2] — /M@ H I Xt s, bhanima g |
SRVE S HEFE B G 4L (Stanford Natural Language Inference, SNLI) [8]. SR 1MijiX LeHIAE ) 51534
AHEAWRR . &Je, HTFIMRERTTE, RNNs PIZELE KA R IT (BE) 1)
G, AP FERS, U AE T BRI R B R 2 S AR CRIEI = R, IZIT
B AR MAME LA RZ . LAl , O T 3REUHE BRI R RAE,  [2148 %% T W9 R B 1Rk 12k
skip-thought vector. /X, XF-T SNLIIX PRSI & B s bnid 2, 76 HADE 5 A b
SEAAEAER,  FEUAR S A AL B ) R SCCAR
ARSI TS T LA B 1 5 Tk B 305 o) SOARTR SCRAE, A4 H T —Fp I 158G
WAL YR aE (gated mean-max AAE) o B, XTTHINKISCARFES], Sniashies i e
172 Sk BER J18AE DR BU R N I B i 5 SR 5 B & 50 A 7 35 3t 4k A0 g Kb 4k 7=
mean-max i X RAE. EREMEFEY, MEIEES SR 2k B S A -3 SUR P 21 2 Jii
)25 3R], #3508 T TR NLHI R3S 557F mean-max #1E. B, EEME 2, s
A 6 B RS TR) 25 4 I, 1T EL 2 78 20 Mo ) R A N SCAS PR AT SUE B B — 0 THT, |
FHCAMALERAER I, ARS8 1T LA BIASFIE CRAEZE 48 T, LA R AN R SCAR $ T
EFXEANTEIE 5, FRAT 4 AE 2 JF 1 9 SCBUHE 4R [91 A KIS 1) S Gigaword 15 Rk
(LDC2005T14) FlZR3CA gD e . N 1 Wik m) S R AL A P38 UE B MR /),
AT mean-max FRAE H AR B S R SR B . SRR RN, ESCHHRESgE B, R
TR RS R 7 505 = U271k LSTM (Long- short term memory) %% . 7 i S ¥
£ b, ASCRERL ) SEIG ORI AL 48 RNNs AL, [, FRATTAE AL ) 47 iy 3 e 1
W, EMEEBIEEREOY, MET RNNs B8 71 /N I 2R e, AT ALY
T 32 /N o A TAREM I TE, BATH AT CERINGLF ISR RIS S, X THRAR—
AR, R E KSR ERR.
AT F EETTRRAE T
(L HBZLEERIIGIEBINAgmisas, T2 0 R SORE SGRIE. BT IF
AT 2, FETIG KB TC AR BRI, AR T ISR Ta],  m] DABE &AL
(R ECA B S ) SR AR
(2) AW IS H PS8 A A S A B A SR SR BUSCAFE B e 61 SCGRAE, 28 )5 il it
FIEHLE],  LEPANASIE B R AE 25 [F) 3L R 3 A Huds ST FE .
(3> BB R 7 om0 R s SRS A, AR, DR
B S AE BACEE A SR AT

2 MHxIfE

VTAESR, BEAE TR FE 2 SRR FHARE 5 AL FRATUS A I A B RbR 22 A TIF 903 PR %
TESCARFF B E SCRAE, H HARH T 8 Fh 5 FE AR Y >R 22 U Hox /S 1. A DGt 78 AT BAK)
I AT

FH T LI H i B AR TR AR AR, B KB AR AR i 8l v 22 1B SGRIE A BN T
— AT THIBFF T 1A . [10)4% H T paragraph2vec A2Y, 3 7E G Rk M AR 42 18 S A 1]
G NA4 5 I B[R] Bk 2 S SCA ) 3 A ;R AE . 7E skip-thoughts A7 [2]7, 1E#& $& H#
—> RNN P48 Rgmtidim N B A+, AHF A RNN P28 55 5 500 e o ) b —ANA)F
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AR —AA)F, (HRSERYIZEONFER . [3@ILTE skip-thoughts #E7 b 5] A2 IE ML 1
(layer normalization) #&5 7 HEAL I 2R fE, (EITRAT S EAIS T E AP AR, (RS
HRER AT SR AL B, T — AN A IR ] . [413R T P21 B 5 4 fid#s  (sequential denoising
autoencoder, SDAE) , M M & I T 5 i AL JF AR I A) o S AMEE Sl T —LEfi
PR RAS AR, LEln word2vec-SkipGram A1 word2vec-CBOW. [12]42H T —/Maj s s 25 1)
SIS 7% (Smooth Inverse Frequency, SIF) , 3] ] & (I INBCT- #k i 56) 71 1 &=
FAE. [BIE B ML ML (convolutional neural network, CNN) 4ifih 21 LSTM fiihis 2% 5k
AN F AT RSO, RIREE AR ZR TR R JE A R R R P SO S 2
AR AT

AHECT S, oot B BN ARy 2t AR AR R, (R BT F038 % 2 o i B 7 iR A SR ik
ITTHEBMIIRE . [T AR R ARE R, 35218 5 A 1 18 1) 7 3 e
B SR BIAH B ()] ), R MR R B R i, DL IGE AT BRI 2R a2 B B
PR, SR oLl IS X mtD s . [61IAA B 2RE S BT SW KFE A FE SRR,
DRLARAT T4 H A SNILL Bim Sk o) F)F-3RAE, FF Fdd Xt bk 7 MO [RI AR R 484, fiAT]
RIEET B ML ERAE B A] LSTM 28 BT T Bl B S Be R . [T13 AR 241555 )
HUHIR IR a) Fomidas, A48 F AT 5555 skip-thought A 81 [2]F F T _E R A5, B
SRTEFHEEAT S (SNLD , LLRHERIRAES[13], (EFHIBIRER T 456701 Gl I8 ORI
gorE B TIEBAES%

3 ZRBEEENNE

TE R I B [15] 52 I s T A T e g ML R e b, L 32 BB AR AT DA A
e G5E— RIINREX (K, V)M E R Eq, B elEqMK a2 875 — AL
HL, SRR RAR L A [ BV EAT INBORAN,  DUE RS LR I, 8440 24 i &k fm) &
R SR S v A BB XS RS TR B 22 (98 SIS B TTIE BV RO #R AR, 20 1) SR BB X 1
KB AR NP A . ASCREFI K B R IE I 2 ShLEI[14], 2 IFAT 2 OO I Tk
T, R MNERE RN R B EER. BEmE, WTeMEK, V), @i Fimax
HEER A Ea:

a = self _attention(q,K,V) (@)}
= concat(head,, -, head;) 2
head; = attention(q,K,V) )
= softmax (%) 4 4)
o
q,K,V=qw kwkvwY ()

W, WERIWY 5 NS 506 R g € R%, K € R™¥4%, 7 € R d, Fild, 40l & KRV 48 s
e (K, V)& s E R E s

%Sk FIE R IHLH Fo VAR R Bh A Hh OGRS R BE X (45 U2, T LUE N A [ AW 015 B 75
Ko T H BT head T 5848 B2 90N DA 22 Sk AT BRAE, BT AR T3 4 Rt i
) B Sk R TR E A 2

4 1RE

ALK P b - AR S 454, AN 1 PR o NP S x o S /e 120 ) G 5 28 1Y
2% (encoder) ¥ HNFIFIEFHI, RJEHE ] AT HE AT 1T St A AN i K AL ER A 45 2
B N BOTE SCRAE, B A TA RIS a3 M 2% (decoder) A 1R SURAER EAHAFF 51 .
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4.1 “whEzs

B R, ARG — N SOR M i 751, A X o) 7 BUBE . AL
S = {wy, wy, -, wy PRER R S N7 751, e NARER A P 20 o] (8 e, RN A4
AN
Pwe|we, Z)
((AueN )

Add & LN

i

max-pooling n
([ hi ] [ hi ] [ hy D_mean-pooling

Add & LN Add & LN
l fully-connected l fully-connected

ﬁ

o

=]

zj
®

( multi-head self-attention ) ( multi-head self-attention )
X Wt
encoder decoder

1 7145 mean-max H Zmiid a5 M 4% 45 1)

NFFIIR RIMF UL “</S > o FEASH A ilw, i S b ok e i
fifite, = W,lw,], LW, € ROV Ra [ RAHE, VABHMAR, wdorstmse e
AEA RS, W)W, 1 Fvsl.

SN T BB RS B, B TR A o B S [14]:

pe[2i] = sin(t/10000%/%w) (6)
pe[2i + 1] = cos(t/10000%/%w) (7

HAeRRNF I AN, RO B GRS S e . A7 B b P PR ELE X S — AN 1R 5%
B, AFECENIE R — A R5%E. ik, 7TCAS RIS 8 A Nx, = e + peo

DA B & — N2 L |TEE /E (multi-head self-attention layer) Fl—AN4niE4% 2
(fully connected layer) , i oK A R FP S oyl m & 541« A0 T [14] ) AL 72,
BARERR T 2k HiER N E M5 2% (residual connection) , X B 45i&E 8 2 5k 28 8,
PRI AT DL E b RS E 4, DUER MBS E Z1E UER.

ETERIAX = (xq, -, xy), Ji 028 SE 0 IR m) g T US55 3

ai = self_attention(x;,X,X) 8)
a;g = LN(af) ©)

£ = max(0, aiW¢ + b;)Wy + b (10)
hi = LN(f? + ay) (11)

Hehwy € R HWy € RY*ImBPASHGERE; bf € RYHbS € R i B & dp, M
deor AR A A AER TR AERL ;. LNZOR)Z IR AR
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HT TR 2k BRI R 2% (S ARy i b, BRATAORER AT DLARH A Rttt A7 JF
T TR RIS, BEAYAT DRI P ARG &, AHEE T LSTM itk
HIFPHIAEHTT 3, SRR BN SR 2R

4.2 BN FRIE

AL M A RIBS B I Y eapr,onys T 2R IX — FR A Jay 8 K ) B R AR g —
A4 R [ SURAE « BAT R B ALIRAE , X AUAEAFHEHUR TR SCRAESR S T4 N7 51 K,
[ AT AR S KB (A R R AE . [6]7E BILSTM PIZE[3EntE b, it it b i/ R IR B
NA)F [ SCRAE, ARA1585 1 PRt A A i, 25 SRR s R E AR I A 3%
TEAE & PR 55 ARG 4T .

MEARSTH, AT BN s P b A i KA 3 . 6 F4A 2 i R, ok
AL TH 2 4 B 1R B RAEL, DA B 3R 7 91 b g il 25 1) J e i o e e At 5 B B R
JRERAE o TP RAth AL AN G S5 1 R AEL, ARSI A A SRR A AE AR, T A PR
TS PERE B REAR, XA SRS T LA 9%h 78 . Jd@ i FFERP M AR E I S5 2R, 15
B N5 1 mean-max AL -

Zmax [l] = max; h?i (12)
1

Zmean = EZIE hf (13)

Z = [Zmax) Zmean] (14)

A BB A 1 FH A A AN R PRt A SRS, R AN [ ) A BESR AR B B ) B v 27, DA BE 22
FEVE I SCRAIE, 1XAE mean-max RAL AT IO EA S REIR BEE 2 ISR, ERIXHKSCA P51
TR i Fre L HE K B R

4.3 FRADER

IE g a8 A8AE, i as s 2 3k B S VLR EMRI AT 5. WE 1 PR,
i A A A5 8T mean-max [ 14523 TIE, RS ARAL 28 78 A I AR TP 3 AR R A
mean-max 15 &..

R TR E AR R, RATR A IERZ N mean-max [ 145 28 AR 2284, 1
EHZLHERNENRZEERE . $E 2 TN RSy = (-, xe ) BEIN T FI R R
Tz E N2 4N, BRATAT UL R T 1A R F AR 28 58 05 B R h g

ad = self_attention(y,,y,y) (15)
a = L (a) as)
f& = max(0, afwy + b )W4 + b (17)
fE=LN(f2 +af) (18)
Z#lax = Zmax & o-(ZmaxVV3d + ftdWAl-d + bg) (19)
Z#lean = Zmean & o-(ZmeanVVSd + ftdwéd + bf) (20)
htd = LN(f_td + Z#lax + Zrdnean) (21)

ﬁ\:quld = Rdedf,Wzd € Rdedm,u&W:;d,W‘l_d,WSd,Wéd c Rdedmy)jj'\jZSﬁ%EBi; b{i I= Rd
Hbg, bg, b¢ € RInY N wE . o~ sigmoid B& %,
U R BT T B (R, -, L), TR B FIS H R ST F

P(welwer,z) o exp(h¢Ws + bd) (22)
L(O) = Yt logP(wi|lwee, z) (23)

<
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Hewd e R4V pd € RY; MALERARAL H bx ek Bk 2 > BN T
5 SI§
5.1 SLIEHIE

ASCRH TP KU I g SO 45 (Hh 2 gigaword A5 32 hotel reviews) 3K 73l 2
SRR 5 B SCATE SCGRAE,  Ffidid B A SCAR B SR I IE A 3RAE G B Re

AT Gigaword 1ERHRHTHE F R M 1 SOCR Bg SdE S . i 3o R A
WriA 4= ) CoreNLP T H HL[16]1E4T 73 in] AL #E . 6] 2 K/~ Jy 33090, At AR A 1] )
“<UNK>” FRor. {URBEAEZTE 10 2] 200 2 0], I HAREFR RN T 2% XA, &it
AL S, SILIRTT 4194066 NELTE . BENLRI > 5, INGREE . R AREEFIMIRER 7 0l 65 1)
BB 3890004, 50000 A1 50000,

7t Hotel reviews F#E4E[9]4, R A& VFIRAL & 1 HLIA B i AR 50 2 250 (8] 1E#H A
Tl L B TR T 25000 AN S FRR] . BT EOE IR B A LU ER I N T 2%, PRRIRT
By 124.8. YIZREEAFTIASE 7373 € & 340000 2% F1 40000 4 PFit .

5.2 SLIRE

ARSCHEH B A = AN guliD A MR S8 I 2 f e e, ZhaS T 1 ML L &
mean-max Gt AL SIS o FRATTS: 0 SEIL T AH B HEHE RS B FEA T LA AT

TG, g as A RD B8 I 25 35 SR F 22 Sk B R LRI . SN T 38IE 2k HIER AL
HIPER, SCBL 7T LSTM BEAY: ZmAdds R AR LSTM Mgt H kG m &, AREiEH
I Ak SRS IR B A B SCRAE, IF BA#ERET ) LSTM A TR LSTM HIR R Ra A& A T
WIS E LSTM PIRES, D FE A I s B R GE 2 RS SGRIE. R
R ERATE LA gated mean-max RAE KK 7R .

74k, 1E gated mean-max RAE (134 b AHIBR I 1# ML, £33 758 fa] 5 ) L AERL Y RAE,
AR FUAEE A 1B SCRIESIES TR S IE DL D 2% 1 A RUR

W, N T UEBA AR R 3, 78 H s Pt A sl i R L E IS L T
Iy HS2IL T Gated mean AAE I Gated max AAE , 1AM TR fity At 35 79 Al A SRR 7RY (K5 — 5

AIAFH Adam FE[LTIRAGKEERL H bR i8] S48 A Xavier 7774 [181E AT BENLYIUGAL,
TR S5 BT . RS I FE R FH D0 598 (greedy) » S KK FEANE I fr N SCAR ) 1.5
o HBESCERES PR H B SR 1 TR

® 1 ERmESHE

HEH hotel reviews HrieH K
the dimension of word embedding 512 512
the dimension of hidden state 1024 1024
head count 8 8
gradient clipping 5.0 5.0
dropout rate 0.2 0.2
learning rate 0.0002 0.0002
batch size 32 32

BT AR ) ] Tensorflow S2H, FH7E3F51A GeForce GTX 1080 GPU _FizgfT.
53 SLWERENR
SEIGEE R IR 2 fon, KA T WAMRAEI RN FEdR: BLEU T ROUGE.
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TEAR S SCBARAE b, ARSI B T TR AR S i SR 35 A T SRR . 7E hotel
reviews £#& I, MLt T Attention Hierarchical 47!, Gated mean-max AAE #& 7 i 2 1 i 7+
TSI AR, K BLEU M 28.5 #2513 T 63, F 4k, Attention Hierarchical #57 (1) 2 il 23 A1
ARG ER S 4 JZ ) LSTM WS R, TASCIE R J R A 7 — B I B AR N 4
RlIt, Gated mean-max AAE SZHLEE INfai 8, 3247t 5 N 2.

TN T SCGRAE T LAShZS i FE SARRL a8 (W B A #2, XS L Gated mean-max RAE Al
RAE mJ &1, FORFHubgon FRAERE, AR D EEEE L, BLEU E23 7371 25.6 A1 27.7,
1M FHLAH B T8 — Bt A4, BRE A LE SOARSRAESE 1 B =R & 18 B B, FE i Th 95T 1)
KR FHIN, I T RERIRR . S50, Yubls FIARIDAR R 25 25 65 SEIR R
BRI, EE BRI AT DOIER IR, 5348, Gated mean-max RAE Bk T 1 H
B ERAE RN & RAE, &R T XA LSTM g 2% 1K 2 B i) 2 R AT 4 4 S 28 IR
MASHF AR R ERRERE R

% Sk B R IHLRSE R AT B0 A5 7 3, TN SCAS, AT DATE B E50 IR ] Y 2 2
IR A AL E, MEH M2 75 20T E A BE R A BE A e K . PRk, A SCAsi Y
MRS/ TSR EE, [RI B8 25 5 S S SCA H ()R BSOS « 78 S0 b s I 2R A2
Gated mean-max AAE 7£—ik GPU L4 T 32 AN/, 4RiM Gated mean-max RAE f# 4] T
TLAVNEE, IFHE T E GPU.

F£ 2 PIEVETEEM K. HP, “Standard”, “Hierarchical” A} “Attention Hierarchical”¥3 H[9]F A% 2 ,

GRS BRY BLEU ROUGE-1  ROUGE-2
Standard 24.1 57.1 30.2
Hierarchical 26.7 59.0 33.0
Attention Hierarchical 28.5 62.4 35.5

Hotel Reviews Gated mean AAE 40.2 89.4 48.9
Gated max AAE 40.5 89.6 49.6
Gated mean-max AAE 63.0 92.3 69.8
Gated mean-max RAE 61.5 86.6 70.8
RAE 35.9 67.7 41.9
Gated mean AAE 45.7 87.6 59.9
Gated max AAE 45.8 86.1 61.8

FrEH R Gated mean-max AAE 61.8 90.7 74.0
Gated mean-max RAE 65.3 89.5 7.7
RAE 37.6 73.1 51.2

BN TR AU L AR A5 25 B T i 4 SOA R0k, AR W] RATE 70 B A R S N e 90 £ 2 )=
HESCRAE . N T U A SO R SCAR A B A0 %S, 1B 2 25 4R A BLEU fERESCAR K
FEARA I M2 . BB SCASKFEERIIE N, #5548 RNNs SRS (v R Dok T R, RS RAEAIT 14241
B SN AR IH BAT AR I 26 3, AT AP SCI Bl AR B LI HY 1 P SR
Bk (¥ EAL S

5.4 A FHEENLK

R ATERT 5 MR A TR R S Py A7 B 3 gigaword 1R} E
WIZRIF DGR SCAR G a5 BEAT i o SR80 538 SO R SZARLLEE A DR R BT e m o
MR S R TR, Gk as N R I TehRiE Bl h RERS BONKS B LTS SO 11E UE R .
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Gated mean AAE
Gated max AAE
= (Gated mean-max AAE

Gated mean-max RAE

40 50 60 70 80 90 100110120130 140150160 170 180190 200
XAKE

2 iR AE b BLEU 18 Bf %\ K B AR Ak i b 2k

R 3 itk HIRBoE HR s

Ground Truth

bEE (AZERKIME) 5L SKIEMFR 60 FEM KR
HRRCRAT SETCE D SR R H AT b T 10 45,80 Z it
6000 % 15 7 N EFR R R it T <UNKSF: 1] & <UNK>1IL R
G AN B R E DRSSO B AR 7R

U

Gated mean-max AAE

BiE (LLEKIE) H%5 MO SKAERFR 60 JAFER T
HHRRCRAT SRS D S BORLAS HRT 2 AR T 10 45,80 2
AL N ZE 5 T I PTRE M <UNK>$3 51 2 <UNK> L R A%
GLHH EBS R Dy e it T RS A SR i B A T ot

Gated mean-max RAE

B (LZERIL) S5 MO SKAMF 60 FAFEREHA
AT TR DT BRI AR T BB LAE . 80 2. I
I, <UNKS 12 4 K AE SR At T <UNK>FF 5l /& <UNK>
M RAE G M A Sh B, v e idt ZE DR el SO e /Rt 1

B (LZERIE) S5 MO SKAMFK 60 FGFEETH
R BT A E R B RS HR 1 AE BRI — B AL

RAE HK,2 JiF b A AT A G<UNKS#T 7 8E MA
HE LA BN, 3 755 TR AT X BURF S T <UNK>SE
(V7 T L) v 1 I 2 T Sl 8 1 [ )3 2R o e DR A
Ground Truth

JAURE AT AR, e 1R Nl THE 200 A e d

Gated mean-max AAE

(IC 3 FHIE AL )72 [ B2 2 S A ARt 5 R 103 2R Y A% e A
AR/ Al TH AR B THEE 200 A2 A

Gated mean-max RAE

(IC ¥ EHLL)R [ Be 22 L Sl S [ 03 R = 2 A e
AT BEAR /DN, T [ A 8 AU THAE 200 N EAS

RAE

(C ¥ FHLL) GRSl b Y S R (R 2R A 1 A e T
AERCEARK, A N A T B AE 200 Nt
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R 4 PR TR KA AR EWRA, 58 A2 ML 4 15 00HE HRIER 2 W i elf) 7
HE SRR R T MR Z eI A FI G E S
(P NRICAE 5 R HE X0 ARG E )
AR IR T A 30 HETH
A JE R TAH 31 HETH .
BN AR EA PR A7 R — KA T AT
FCVF A B R) TRE 2 7] E BB BT A W
P38, TLIRABUN AR RE, AR 2 X IR R -
P&, B TR A LR B R Y N AT IO E 4 5
APg—. RRRE, RadhEANRKEFEER.
AP P ) o, IRt I SR S AR

N

A=

6 451

AT, BATRM TG Agifdds, DMK TIChRETERL T2 ST AR 5 1
W SCRAE . T $ AR AL ST R AL S B B s, A FH 22 3k B VA S UL SR A 2 4
AR AR 2% o FEGRISET BL, T B AU A B KA A BB A e A SCAS R AE W] DA 3 38
FEMEE R B, WA ES AT TR BV E RIS g i ) 42 R i SCRAE . RIME AR B
SCAFPF, 1 SCRALMIRTT AR S MOt A5 AR o 8L 1 SGRAE F A ISR SR
SIS, ASCRERL ) SR I0 RORGA T AR S0 RNNs R8RS, BT TR s 7 20, #5
BB R IMAE R T SCARAL A ST I 18] o 8 JE SR FErh, AR 2 8 2l LI R - A
R B R TSR S R S AR ORI

B35 3R
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