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1 BBU&IC

MO T 7 AT 7 ME, iSO E B IR IR
A% LT THEETH 2, ARSHHLBERIC T, G
o ZOEBEMRT 2 Hik% BN WS, EE,
Bid=a—=9 02y b7 =2 % HOEREN (UT, 22—
ZIVAREER) 2NEFRICHFE ST 5 [3,9, 10, 11,12, 13, 19,
20].

=2 — FVAERERIIZ, ANXELE ZOBENE AR T
ET2HT = 2 HOT, —RINICTFIFE Ses2Seq = 2 —
INETNZIL ., ZDFEEFEAET IV E2 A TATEI
WY BN EERT 2, =2 — 7V AERER, kot
BIFBRICHAREREOENZ LR TE 52—/, sHEAEFCR
MOBIRID 7= D 2AHiE D & ) eI R v E 2w A
VBB L, k. 2D XD RIEFICREWLEIZH LT
. XHOWRED ~EXTFRDAE WD | BEhE 1T
IEORMBIZ X > THMLHWTEL, L LAiDS, 20
&) BETAIEE A5G, ANCERKREZR L CENE A
BTERWN I ECHILHE I R AT E R Lo L[TED
b5,

AMFETIE, COXIBRRLT Y2 ANETHEICED
3= 2 — 7 )VAERERNORIEICR L T, Graph-to-Sequence 4
BR7 7O0—FzRAWEEARNERET 2. AN, AN
XHE 7700, 20T T 7 % ATNCEIXDEREITS .
Graph-to-Sequence &7 70 —F &, RXF—%% 77 71k
T32LT, AMBRZRIBCHEfTEZ LIRS, ANTF—
5 DD AHEH G BIERORTE G E B 7= 2k
EANNCH WS ZEWABETH B, /o, AIEDPS ST 7
ANDOZEHUTIE, bi-gram FghcHO e, 77 7 BHDOFHR 2
A M3 I V. REFIEOMEETIE, arXiv & PubMed D
F=5 19 Y PN EBLZ L KEBELEFT LT —F &y
FEMR L, EFRET-o %,

AHFEDOERRIZ, LT TH 3,

e Graph-to-Sequene 7 7’0 —F 12 kX % = 2 — 7 )VAEREN D
FETACRET 2, REFHER, wWXT—F 2 HiE%
J=FETB7I7WEML, V7 7=22—FL% Y b
7—27 % RNN ZfHAGbE =2 —F LEFILICE - T,
ZOTTALT7 Y P RERT S,

o MiXT — DT 7 %l bi-gram HiEl0 SR T 5.
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INPUTS-nodes: the / cosmic / acceleration / has / been / discovered / since / but / we / are
/ still / in / dark / about / nature / of / this / mystery / . / cosmological / constant / proposed
/ by / einstein / to / build / a / static / universe / solution / is / simplest / energy / model
/ ...("hg)... / parametrization / for / extract / information / most / wildly / used / called /
polarski / linder / ...(*h#%)... / bounded / at / high / redshifts / direct / motivation / proposing
/ such / however / also / divergence / problem / when / approaches / corresponds / future /
undoubtedly / nonphysical / ... (—if#kHe)

INPUTS-links: [the, cosmic], [cosmic, acceleration], [acceleration, has], [static, universe],
[universe, solution], [solution, is], [is, the], [the, simplest], [simplest, dark], [dark, en-
ergy], [energy, model], [model, to], [to, explain], [explain, the], [the, acceleration], [alter-
native, dark], [dark, energy], [energy, models], [the, evolution], [evolution, of], [of, dark],
[dark, energy], [energy, is], [is, determined], [determined, by], [by, its], [its, equation], a,
parametrization], [parametrization, for], [the, dark], [dark, energy], [energy, model], ... (—

k)

GOLD: in this paper , we propose a new class of parametrization of the equation of state of
dark energy . in contrast with the famous cpl parametrization , these new parametrization
of the equation of state does not divergent during the evolution of the universe even in the
future . also , we perform a observational constraint on two simplest dark energy models
belonging to this new class of parametrization , by using the markov chain monte carlo
method and the combined latest observational data ... (4#)

BIiLSTM: in this paper , we present the results of a global analysis of the cosmological
constant @xmathO . we show that the [UNK] of the model can be used to fit the power
spectrum of the cosmic microwave background power spectrum . we find that the value of
the derivative of the parameter @xmathO is significantly larger than the value of the scale
factor , which can be used to fit the power spectrum of the cosmic microwave background
power spectrum . we also find that the value of the cosmological constant is significantly
larger than the value of the cosmological constant .

Our approach: in this paper , we propose a new class of models for the evolution of the
cosmic acceleration . we show that the model can be used to constrain the equation of state
of the universe . in this paper , we propose a new parametrization of the equation of state of
the model . the model can be used to constrain the equation of state of the universe . in this
paper , we propose a new parametrization of the equation of state of the model . we find

that the model can be used to constrain the equation of state of the universe .

1 arXiv-PubMed T—%t v FDF A bty MIZBITS
FEEEOBERAEKB, INPUTS IFEFAANDANZET, Eid
@ INPUT-links 1% / — FDO—fZ R L T35, EFNLIC
FBHEITIIE LCH A%, £/, GOLD 3%~ 7 VOIEf@ET
7' A+ 7 27 +3C, BiLSTM & Our approach (& Z i Z N9 L
A—FEFTINVTCDERT TAN T 7 P LERT.

kY, Ttk 7 L LTHETELYAR
WKIR® 5N 22T Th{, 77 7 EBOBOHILIIC X %
RO A b2 KIRICEERT 5.

o METFLEEMIT 272010, HLOLKBELRRLT—F
v b & LT arXiv-PubMedd 7—% & v + DWEELZ T 7,

KEOMEZBRS, 52 BCBETIEZ B, 53 EHTIE
REFHEICOCTHMAZT). H4EHTERZRL, B5EHT
Bzt~ 2,
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Mok DR L, =2 —F VBRI, MR & AR
D2OOT I —=FRH 2, =2 — 7V HERICE VLT
BEERE QRS2 AL 100 § fxﬁ*@%%i%ib)ﬁ‘%
TRXTEN, Y A7 EZR/RIC, —a—F V%Y b7 =0 % AKX
H 6 O [9] R3O Z [11] ISEH § 2 Fikd—#
TH 5.

=2 — 7 VAERERIZ, Rush 5 [13] ® 100 FEFEEE D HEEF
ZANL 20 EEREO R L X243 % TR ., ASee
5 [14] © TRXER, OMELH %, FiTld, =2—7
Ty b7 =2 L E ALY = 2 — 7 VERERN D
W% [3, 12] DED SN T VS, = 2 — FVERERCIE, —i
FC LI & 5 A GG ?IJ@ FE7E % 17> RNN-Seq2Seq €
TSR D ERNXERZT). £, =2 — 7 VAERENIZ,
Flerzva—FLtFa—yEERTs =2 —7)L2=y bEX
RITHHED e I LT 3 [10, 14, 15].

—HT, AWMRTRANT =8 2tk% 77 740 L TAIITH

WBRTHRD = 2 —F VAERER & 38705, 72, AW
Tk, FERMD S 72— 0%y b= RV
2 & D EELHESTIRECH B b, fEko—RINAk 7 7
0—FERL->Tn5,
Graph/Data-to-Sequence Text Generation : Data-to-Sequence
BT 7T —Fk, MET 00T XA ERERT 255
TH 5. EE, RDF 7—7 [16] RHGER—A [18] 5D T F
A N EDFEIMED ST B [2,4,5,8]. HlZ21E, Trisedya
5[16] 1k, /7 7 EEECELIRRMN =2 —-FLET
)V GTR-LSTM %% L. RDF ¥ — 4% » 5 X% AW L 7.
Marcheggiani & [8] 3. AJXED S KAFHENTE AMR fi#
Wz Tl 779 7% A0 E LTUEBOIXEZ B L 7.

LA S, 206 DRI YT 7 I fhTas 2 Flvwic
FHTUIELZ 4T > T 223, AR TR, T2\ 3 bigram
Ml 677 72 L T2 RTRE> TS, $, HfT
MRTET—IEPETDOT =52y b EHWTHER—XDERL
ZRRELTRZDICH LT, AWFETIE, 10 T EDORB
BT =82y FEHAWT20 0FEREOEE ) SHRI NS
BRI EERT 2R TORL ST S,

3 REFE
3.1 FREERE

AR, GE X 52N L E, ZOENXY 24
Y5 EDBHNTHS, TOEE, HHXY OXE [, 1E.
XE X OXE 1, LR 1, <ly). AWETIE, wXT—%
X = {wg1, W2, .y Wen} 6 O6N2777 Gx = (V,E) %
ABELT, EHOXY 2487 5.

32 JI7DER

KD 777 Gx = (V,E) 13, BEAMNEWNS 77 ThH
5, Vi X g/ —FEATH Y, EiF X 25D bigram #i
FHC D RN S N 2 HEERN TR S 5 ) v 7 848 (VX |V
@%ﬁ%ﬁ)@%%.it\Eu Z DB RAIF (UNK)
ZET S DR 203, MBI stopword ICE%4 T % EE%
2O UHGENIZE A, FEEMIHEEZF L GHET 5.
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3.3 Graph-to-Sequence Model

AL, v a—¥E 5 a—¥%2Z 21 Graph Neural
Networks (GNN) & LSTM-RNNs CTHiE " % Graph2Seq €7
NERWT, 7972 AN LHAXRERT 2. Thbb, i
XX »oBons777 Gx = (V,E) AL LT, BN
XY 28R T B, £, va—FLFa—5LoEkc
pointer-generator X 7 = A A4 [14] Z#H T 5.

Hy = GNNEncoder(G x; Oene)
jy = LSTM Decoder(Hy, Y1, Z; Ogec)
Z = PtrGenFunction(Hy, §1—1; Oother)

T Hy 3,/ FEAVIC—N—MIET 2y a— FE
MR P LVOES Hy = {h,}Y (node embeddings) T& 5.
ZotE, Hy e RVXINI i 0 V] & b 3. 20020
J — FHEADKE Z & node embeddings DRHAERICE T T,
¥ 7-. Z \%. Pointer-Generator X # = A LICXk>T Hy £ Y &
SRONDLRHEENY PLERT,

3.3.1 Encoder: Graph Neural Networks
GNN ix, 7’97 G=(V,E) Z#AJ1£ LT, ~Mm:\%@

/) — F#£4 V O node embeddings Hy # N 2. Ak
i3, LFOT.N.Kipf 5D 777 =2 —FLETIL[6] ZLV

=3

H = GraphNN(Hi; G, ©) (1)
— Relu([D~2 AD™2|Hi*W) 2)

IOLE, HP HPM &, 20 NAIE» S I E 413 node
embeddings & Yi%JE M3 19 % node embeddings TH 5. %
B, BIEHOAINCIE, 7/ — FEAE VITHIET 2 BEEEDIA
HEBREHCS, £, A= A+Ty THYH, ABTI7GD
BEE1T7. Iy 13V x V BAET70, D~” = Z]' Aij ThHbH. W
BEHRTA—=FTHY, WeRMXIM <z,

512, A TIE, A7 97 G=(V,E)IZRLT, 2D
I v a— PR graph embedding eq % TEID & F ICED 5.

eq =Y ho 3)

veV

2Ok ¥, graph embedding DXITIE, eq € RIMIX1 TH 3.
3 5 4172 node embeddings (%, pointer-generator X A = X & %
4L T LSTMDecoder & ##E S %, —J T, graph embedding

bi\ LSTMDecoder DFIHIEEALVIREE L L THIW 5

3.3.2 Decoder: LSTM-RNNs & Pointer-Generator

Mechanism
Bxlx, 72— L LTTRD & ) %2 H)g o LSTM-RNN 1
=y Ml EHVS

hig1, Seqp1 = LST]V[(wn St @lstm) 4
Ppec(wi1) = softmax(Wourhig1) ©)

ht+1 t St+1 Ci\ %ﬂ%‘ﬂ\ LSTM @tﬂﬁ&y ]\ Jl/k%hliﬁﬁ?»&
7 MVTHD, Ppec(wisr) E. ¥4 LAT Y 7t +1 TOHEE

U LSTM BI# o a2 Bd AR o i o BIR b, #IZF L 2.
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source target
19> I bl OFEHREER | 432821 | 179.70
19> FHih 0P CEEE 166.77 6.36
1 XEH 72 h O HEEE 2595 | 2822
1LY 7NHh DT/, —FH | 763.64 -
1LY 7 Hih DY v 78 | 8312.63 -

# 1 arXiv-PubMed 7 —# %t v b @ Trainset FE#ll

DAEBIERT, Wy 13, BANRTIA—FTHYH, Ta—F DR
TIRIER Y bV DKITEIE |hdee| £F 2 & Wiy € RIVIXIhace]
Th 5.

51, Tva—F LT a—¥OEHRIC, pointer-generator
A A=A L [14] 2\ %, pointer-generator X A1 = A L1, ¥
A LRAT Y 7t TOHREFEOEFRMER P(w) 2 Tiloc Xk iE
D5,

P(w) = pgen : PDec(w) + (1 - pgen) : PEncAttn(w) (6)

Ppec(w) 1% Decoder 1T & 2 HMEEDERHEERTH D |
Prpeattn(w) 13, ¥ 2 — PR & D attention HFIC X D&
HINDHHEDOTMHERTH S, 7. pyen &, TREDORKIC
Lo TEHE SN D WERME (pgen € [0,1)) TH 2,

Dgen = 0(Weec + Wis + Wy,w +b) 7

ZIT, ¢s,w,blE, ZNEFN, v a—F LD attention FAE
KkzavyF 7 A MIERY PV, Ta—FDORIVRER
7 b, TaA—F~DAJJHGERY bL, N4 7 RAEERT,
W, W, Wy 12, ZRZRDRY F VKT B EH ST A—F
TH5, Fl, o lZ¥ A FREKTH S,
DLEORETREE T VIEMRIh, 7nxA1y buob—#
2R RMET B k) Ic B R T 5 2 Lol T .

4 RBR

FECIE, AR, KL & AR v 7 OVEETIO 3 D
DORGEZT I . FHBEHTIIc oW Tid, AHBRRERY > 7L
H1ODDANT 57 ) — PREFERD ATTHFEI DR I 2 R
%, KEEHE I, REETILER=—Z2F7 A v EF7 V% ROUGE
F512 (ROUGE-1/2/L/SU4)[7] I2 3D W CFHli 247 .

41 F=Htvhb
FBRK &M AL, BTl < Fok HMHEEE L 72 arXiv-PubMed
F—%%Xvy b3, arXiv & PubMed 34 -7V 7 7 & X
D XA P ThHD, i XDOT—F 2 WET 5 2 LT
EXN

FT—% Xy M, JIEET— 5 51 181,264 %, BAFT—5
735,000 5, FA L F—2535,000 % Lm0 TwD, A L
TUIFHH 30,000 5% FHV>, 2 ZICE ENROGHEEICH LTIk
AIFEALEE (UNK £4f2) #1772, £ 112, arXiv-PubMed 7 —
gty FOFERT. £, T ONELHIEICIE, DT
DOHANHAS T 7=,
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1. introduction & conclusion Dt 7 ¥ a v %z, &4 T3
7 arvPD L Ol ENIwmXT—% 2mtd 5,
2. Wil F = NOKL Yy F v AL, K60 LFETH B 3,

AN 213, /A RBpE2HNE LMERAEETH B, Wy v
TNl tex T—F THERINTED, KIEPHEADR7Y 7T
A—FZ2EHEATVS, ZOkd, BEHERICH O WAL
X BFRE L EATOE I EDS ) A RGRERTH 7.

T 7 ANDEW: 55y v 7R LT, gk bigram filiH
Zf1o7.. F£7:. UNK 2’& £415 bigram ZHER L. Boni
bigram BIfR T — % 22 & im1 7" 7 7 DT R R L 72, 6
12, &/ — Fidld, ANTF A MBI B RERDONEFIZIG U 7
position embedding % 5-Z 7z,
42 EBRERE

FEZ, LY a -5 DREHKT 272012, Z DBORKE
FHE RO € 7L cE & U 2. KEEETRIC (2. ROUGE #5
a7, BB, PEUF AIP O3 E 3 R B EH R H%
RAIDEN LTfro 7z,

EFIVERE : BEET T VIE, 38D GraphNN % i\ 7z, F /2,
H D AH T2 X residual ##t & layer-normalization % 58] L
7o ANTEBOBGEMDIAARRIIN Y L e Ly a— FREED
RIGIE, Wb 256 £ L 7. 7, position embedding & L T
fourier-positional encoding [17] & F\>7z.

FHEE 7ML, clip-gradient DRE I % 2 L LT,
FOBAIEIC Adagrad & IVCTiT 2 o 7 AI0IEEERIZ 0.1 & L
7o MEBEETNDNF A —=FHIIZIE, xavier #1H{LZ v
7o, JlE. 300,000 iters FREEAT 5 7. EH I, —A 70
ALy boE—#EEEE AV, EFLORKEAER, %
FRFE T A MRGT, ZNEN2007EE 22055 L. £/, 7
A RMRHE, E—AME%E 4 LT 58— A% —F %2 TFHIRY
7. FEEEITIE, python(2.7 &) & Tensorflow(ver.1.2) [1] %
fEH L 7.

EEETIL : KT 7 Vi3, BILSTM 2 R—Z2 74 Y ETIL L
LCHOWZ, ETVOREIE, RELELEAROREEITo 7.
7. AL, 777/ — F% position DIEFIZHE> TEHZ %
HbDE L7,
4.3 SRR
431 AHNE:RIRvs /—FR¥E

2 1%, arXiv-PubMed ¥ —% X v k OV >~ 7R
ZRINELE ) — FEOBAKITH 5. Fric, MPGEED 1 HiE
MPHRLY Y TNTIE S — FED 700 205 1500 FEORRE DI
BICIRE > TR 2009555, ZONHIEKT 3O 1 EBETH
. ANBOKRIEZIEMESTRETH 5. #ERETIE 1 TEE» S
BHY Y INVREREATIE LTS 2 EIZEEL o 7D, AN
FTOEEFTATIE, 7972 ATELTHK) 2 LITEH ATIX
EEOERER ) T ENATH 3,
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ROUGE
MODEL

1\ 2\ L \Mm
BiLSTM | 2622 6.58 1548 7.65
GraphNN | 30.17 7.51 1655 9.83

#2 HFEF LD ROUGE(F1) Tl L 7% R 7,

4.3.2 FEESHE

£ 2IRBEFHHOM R EZ R T, XR—AF 4 D BILSTM I
MLT, REL ERIZEREZ>TWS, Fric, ROUGE-1 &
ROUGE-SU4 2 £4 ~ FM Lol EasH s 5,

433 EHER

B 1ic, REFEIC X 2HBEOERS 27T, REEDOEK
L 72 B3, IEMREHISC (GOLD) & U7 XE 2 AR L T %
LG, —)T, REFEOAEESCHEIZ,” in this paper
, We propose a new parametrization of the equation of state of the
model . DCEHEN DD R LERVBECTEY, /9 7% A
NEFTBETNICE L TOIRD = 2 — 7 VAERERTEL 2
MHESFMBICAET T0 2 2 EWah 5

5 &bHIC

AT, 7772 ANE L TEHLEZERT2H LV
Za— I NERBERHO¥EE 7L — LT — 7 BHRE L, 1Rk
1. FSCAR % bigram D AT K B il 25 7 G IC E X ik
Z. Graph Neural Networks Z i\ Tz a— P79, £7,
INSREFEEZMWAT 27-00FH LT =5y P ZHHEL,
FEBRTZORRENGEEL 72, 513, XD EColiRETVE
DREERGERIEEDRINE AT LT 5 =2 —FVETILEDHM
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FRNCH T 7= FEOWB ZT> TV ELVEEZEI TV 5,
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