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Abstract

With the advent of the big data era, data volumes are growing exponentially, and the problem of
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information overload has become increasingly prominent. Automatic text summarization technology,
which distills the main ideas of a text through computational models to generate concise summaries,
can effectively alleviate information overload and is widely applied in scenarios such as news head-
line generation, text retrieval, and intelligent question answering. Based on an analysis of existing
text summarization techniques, this paper focuses on the Seq2Seq model and explores the role of
the Attention Mechanism in summary generation. A novel improved Seq2Seq model combining bi-
directional GRU (BiGRU) and attention mechanism is proposed. In this model, the encoder employs
a BiGRU structure to fully capture contextual semantic information, while the decoder incorporates
an attention mechanism to enhance the accuracy and coherence of generated summaries. The
model is trained and tested on the CNN/Daily Mail English dataset, and evaluation is conducted us-
ing the ROUGE metric. Experimental results demonstrate that the proposed model outperforms the
traditional Seq2Seq model in both summary quality and information coverage, validating its effec-
tiveness and feasibility.
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FEG, BB SCATEEAMY B8 5 B s BRI, I REFIR AT IRA, T2 N T3 b A il SOA
gk AR S SEE I S AURI3]. I, BRI A BB ISR S R HANME.

M FE 738 B, B SO 32 B 53 B B 5 A i 2 K28 e e e g o) S
WG R] BT RHMT VR SR AR B, AUV AE Luhn BOIRAGETHE[4]. Kupiec S8 AFIANER
DUt 7 [5], BAZ Mihalcea #2 HiHY TextRank SA[6]45 . A= iUl 2 i B ph 2 W 2% 5 1 SR1E 5 AR Ak
FOAR, MRAEE SCEM A SAB N 2, B R AE S A RS 1E CEEARRE 7. 1 Sutskever 55 A3 H
Seq2Seq [7IHET LIk, A A B BN 7 s . Rush 28 A\ [STEHE & JIHLHI 51N Seq2Seq #iY, 42711
T EA T B See 25 A\ [9]42 45442 M 4% (Pointer-Generator Network), 5 2UZ5fR 1 % B H 515 B
JRiE L, A4Sk, FET Transformer Z5 R AL (1 BERT. T5. PEGASUS. BART) M KBTI ZAiE =
R (41 GPT-4. LLaMA) [10] [11], #F—BHEsh 7AW Em S iR TR 2B S T mKE.

BT RO FURE R, A SR — P T X I IR ER 50 (BIGRU) 513 & ML R 502 B Seq2Seq 3¢
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HI[12], B8l B A R B S HERA M . A SCHE CNIN/Daily Mail [13]355 S50 48 bt B AR k4711 25 5 1
W, IR ROUGE [14]1Fa b5t Az il AT BT, DAIGHIEASE B (1A 250t S A0 vk sl st 28 X
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2. BRREATALIE
2.1. BARIREL

TE H B SCARHBAT 55, B 5 1 Pt A A I Grak R B AT BB o T AN [RI B SR e SO K
F R A BRI, SRR R I TRl — e R 2R . BT, # A3
T R 42 B 55 Gigaword. CNN/Daily Mail 1 DUC2004 £5(# 1), H:H1, Gigaword 5 DUC2004 %
PR F LA TR EAT S, &GRSO T S AR % 177 CNN/Daily Mail 4 48 )& T 2 A1) 45 224K
PEEE, FEMSUTHT [ K SOAR M Z A oK, e s A SR AU R W B AR 5 R R

Table 1. Dataset introduction

=1 BIEENE

i Bzt il te Pl LaneS g
DUC2004 news 500 - - -
Gigaword news 420 380 /1 200 20 1

CNN/Daily Mail news 311,632 287,226 13,368 14,490

B EibErE, A3CEH] CNN/Daily Mail it SR BRI G55 IR A Bdm R IR %8t 4R i 52 ]
AL AT I (CNIN) AT &k H BB (Daily Mail) (055 [l 58 2R, 035 37 el IS LR R 22540 2. 3L
Pa K BLASATmm, R4 2 B TR B 2 T 55, e MCCHE AR A K SO A il

MRS A
2.2. BETALHEE

JE UG HE SR A Unicode 4afSTmiAE ASCH KK, BRI 15 S HEAT 4 A 5446 LU DR ESHiE 19— Eeb
BEJm, AT IR, AR TR NS BLRRBRSORE RITUAR TS . BT Bl (15

PRERNIERL, AR B LS AR i 15 7 B 7T

Table 2. Data preprocessing

=2 BiEmALE

AR5 R4 R W 2 s

JR4s5T

VISZIELCINS

> As they make a final push to approve presidential nomi-
nations before Republicans take control of the Senate, Dem-
ocrats said Tuesday the confirmation of a record number of
federal judges was evidence they were right to make con-
troversial changes to filibuster rules, despite objections
from Republicans. “Yes,” Senate Majority Leader Harry
Reid responded loudly when asked if still believes he was
right to employ the so-called “nuclear option” a year ago in
order to clear a backlog of nominees. The No. 2 Senate
Democrat explained that at the time there was a “breakdown
in the relationship between the executive and legislative
branch.” “If you just look at where we were, with all of the
nominations stacked on the calendar, most of which had
been reported from committees with overwhelming biparti-
san votes,” Sen. Dick Durbin said.

< as they make a final push to approve presidential nomina-
tions before republicans take control of the senate demo-
crats said tuesday the confirmation of a record number of
federal judges was evidence they were right to make con-
troversial changes to filibuster rules despite objections from
republicans. yes senate majority leader harry reid responded
loudly when asked if still believes he was right to employ
the so called nuclear option a year ago in order to clear a
backlog of nominees .the no . senate democrat explained
that at the time there was a breakdown in the relationship
between the executive and legislative branch . if you just
look at where we were with all of the nominations stacked
on the calendar most of which had been reported from com-
mittees with overwhelming bipartisan votes sen. dick dur-
bin said.

DOI: 10.12677/csa.2025.1511307

322

U BB


https://doi.org/10.12677/csa.2025.1511307

VPRI, BRI

23 XAEEK

SR TERUE, TRER SCARMAT M B AR, KRR R R A BUE M E . AT SR A Word2Vec [15] 77
Fggia &, f% CBOW Al Skip-Gram FiFifs . CBOW BLALE b R SCia fidll B Axid, #6555
¥ SR, AR R i D AN KN Vs T SKip-Gram 88 DL B FRiaE TR SO, B EEAE F
T HERA, BN — AT I 2 A R, R GRRECE 2 . SRS, (HR T R AR 1Y
1B RN R, fEARSCH, i Word2Vee SHERIEAT M EALALTE, A Seq2Seq H s EAR A HR AL
et O R PR e AN, AT S AR B E 1 SR A R4 A i E ARV RE
3. IRENIZFNESHER

1E B3SO EAL 55, Encoder-Decoder (4ahh#% - R0 #%) 440 BA R UF R 7 5@ 8iae 11, (B4
1) Seq2Seq A ALTE S Fr N FH HIAZIE —EA R - BT BN T R4 N B K i, 551
BB 318 S B ES, MTIsEIa A 2 A s & . AR RX — R, ASCERAR 5] N T 1 E /) (Attention)
MU, X N5 51 RS [E L B eSS A, S AR 38 7 A2 BN R I BB 8 OGRS oA e R
B, A BER L I BRI ZE G X e B, i 1 s

?PY

Decoder

...........

Encoder o C,

-----------

® ® ®

Figure 1. Sequence-to-sequence with attention model diagram
L EERDNHINFTIE FIRE R EE

TE it 0 2% T AP RL) 28 P B A ST ey, AR B 22 00 2 (RNIN) )02 80 5 (ELEE b BRI e 1) B 25 5 LR BR 3
TR AR ) . A, A SCEAESE Seq2Seq Z5 A4 IH3EAE_EBEAT T S5dk:  mts %50 70 K FH XL 145
TERHTE, PATRArl 3 B R SO Re A s XS B R 28585 K i) GRU, 45 &1 E = AL
R SE BT IR S, AT PR B A R R T S T
3.1. YmiLEs

I 2R RSN P, 18I GRU $yoiHHE AR A5 (I BRCIR A, FEKs Beml 2 H Vs A2 el b
FXFRRmEC . HitEdREnARQ)FTR:

C=q(h,h) 1)

&G B GRU W REF 2 21 I BT MRS B, AT RE S BUE A 23, 78 R R efs
B, A CERmLEE 5 A A GRU 4544, BIGRU HIEH GRU 5 1A] GRU PSR :  1F [7] N 2%
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T B LA 7 B B 28 AL B AR A ERR N, I 1] 9 28 U A7 91 K S Tl AL RN o T TE BN B [8) 25 11
AT PRGNS, MRS A i bR SR ER R, HitEE AR Q) R,
h = f(ht—lvxt) 2
BiGRU 8 52455 [m] B 48 SR A A 7 FI WA 5 XS S, ARG B E R, Hmt I RiEme 1. L
iR EE 2 s
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Figure 2. Architecture of the BIGRU network
2. BiGRU M4g4515E

FEfE B EERE T, Zitit A2 (Embedding Layer)s #1531 (#) SCA i &5 91 8 BIGRU 25N,
BIGRU KX S B (35 SCRFALE, R H A0 5 I s (8 B A 38R, Ht BB A K@) Pr:

h=g(h..e:0,) ®)

Horh, o) FoRIFRIEIE R 0, FORMEIR G L B HE A
AL T — AR GRU (BIGRU) w2, FT- Seq2Seq ML A SCAYmIG . 4fi#s &7 e ifid nn.Em-
bedding # 4 A1 R 5B A R &, i BIGRU #ii#e e A RIHT M 5 /5 M B XUER, A& s. b
J&, GRU %t ii i 4= 52 2 Wi [l Beel = 4 2, 45 BB A& 1) il m) & o ZERT B R AR b, S N i3] 1)
B HT— A2 RS RUR S B GRU ARFE, JFiR 8] 85 R UIR S 5 9mis 45 R . A MR A 30E & b
PXER, MRS ERAEE R R . R B R BR
class EncoderBiGRU(nn.Module):
def __init_ (self, input_size, hidden_size):
super(EncoderBiGRU, self).__init_ ()
self.hidden_size = hidden_size
# AN Z
self.embedding = nn.Embedding(input_size, hidden_size)
# X GRU
self.gru = nn.GRU(
input_size=hidden_size,
hidden_size=hidden_size,
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bidirectional=True
)
# a2

self.fc = nn.Linear(2 * hidden_size, hidden
3.2. fRFSEE
i) 85 P 2 AT 55 e AR 2 A v i 1 1) B ST R DL AR AT AR ORI T, 338 TN H AR R A
B —AMA . A SCAE RS 2% 70K FH B 17) GRU (Gated Recurrent Unit)45#y, 51 A= /1ML (Attention
Mechanism), #5584 7E A A ANAIE I G208 ) A VRN T F1 0 5 25 1 T S5 AR DG (038 43, AT 472 e 47k
BHTE L — B 515 B et

iR AL s A 5 i A o B A 8 0 T SCTa & C S AT I 2 R e 8y, R 2 ] A A A R
BRI R A K@) s, fl R 2 K G) s
h[ =f (h(t—l)’ Vi1 C) (4)
P(Y Yo Yar ¥ea C) = 0 (Mg Yer ) 5

Hor, fA1 g BRI RI S 28 e 8. 8 F R AT R B B A R A S(6) RARAL IR T 4, FERAAE
g 2% e B (T E I 2k B g
.
P(YlYir Yior oY) =TT P(Ye Vi Yoo 0, C) (6)
t=1
L=—10gP(¥,, Vi1 Yeoo s Y1) )
3.3. FEHNE
TEAE 4 Seq2Seq AU, gmiid a3 H 1) LR SCmEE AR IS FE R AZE, TiFAR I N T 51
FRAS TR IA]VE [ BB . 3 R AU HLA (Attention Mechanism)id i o4 N 7 51 16 855850 /0 BO AU EE, AR 7R 1 A=
B B B B A TE S BB ORI B E, M IEE % B AR v M S ] R e . S AR A
(8)~(10) i :

C = zaijhj (8)
=

h=g(x;) ©)

Si=4d (yi—l’Ci , Si—l) (10)

Soh, () BRSBTS D WA | IR AR, a, WA X, RHAT KR R
H, CONIBUSHI LR, s NFESGESTES | B 21 RRORES .
A e NG EREEUIRAS hy RIf#RD s b — P RGBS s KA VRS, AR PR .
& =05(s1.h;) (11)

TEB NI BERS — EFEE LS 50 RNIN AR [ B0 R V8 2K )il - 8 S A 2R F) o fgoRe A2k o S w4
WER 17040, AT LR U SR AR A 2 B I S A SO X3, DR R 70 A AR AR e AL 4 (AR

AT T —ANE R PRI GRU Hihbds, F TR A 7 I oy B R 305 R R
FF ARSI R0 AR A . H R B N FR :
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def forward(self, input, hidden, encoder_outputs):

# WAJFUSIN dropout

embedded = self.embedding(input).view(1, 1, -1)

embedded = self.dropout(embedded)

# U EERJINE

attn_weights = F.softmax(
self.attn(torch.cat((embedded[0], hidden[0]), 1)), dim=1

)

# SR JIRE

attn_applied = torch.omm(
attn_weights.unsqueeze(0), encoder_outputs.unsqueeze(0)

)

# EEMANGER

output = torch.cat((embedded[0], attn_applied[0]), 1)

output = self.attn_combine(output).unsqueeze(0)

output = F.relu(output)

# HA GRU

output, hidden = self.gru(output, hidden)

# R

output = F.log_softmax(self.out(output[0]), dim=1)

return output, hidden, attn_weights

3.4. BEVGEERE

AT TR G RY Seq2Seq SCAS i B ALY SR AL LT T -

(1) i r R EH Word2Vec X SCA 5 4 BEAT IR, A2 il RN [7] &

(2) ZmALERALER: Ymfidassin KA BIGRU AL A ia] [m) &, i th A& B SOE B BRBUIRAS 17 41

() HFRFAImEA: A3 o R FH -5 g i 25 A0 R R RN DT 2, R B AR P 21 B Dy 1] ) 5

(4) FENA R To: ffh S B e) GRU 4544, DLgwmbd a5 B m RS UIR S M AWIIRIRAS, R4 BF
SCAR BATHT— 2 4 IR — AN

(5) farH AR RRDARE A AR Z WU S, @i Softmax BT BRIV R R 40 A, I AR R
M EEAE R B AR E T 5. BRI S 3 Fios.
3.5. LW GEE

TESCASRE T, AN 7 ER 0 I N TR A B 3PP 28 . N TVPAN 48 B P o 3 [l 32
MR AR R L, AR HERf M (Accuracy) 5822 (Completeness) Fl1 1T 132 14 (Readability) 55 32 WL Fa R 2 AT
FIr W76 TR MR A FETPAS T 20 2, HH TIFME N E 5. 155K L E W W
AR S, WA aE R R ARRKES) . o, NTIPM A s ARG, A& T KRS S A 4l 2
1155, Rk, AHF5C 2R A ROUGE (Recall-Oriented Understudy for Gisting Evaluation)$8#x12£47 H 211k
AT . ROUGE lid vHR B AR il i 22 5 N L2 22 7] (1) S5 S oo Bl, S e B AE (S B8 i AE R
BE 7 TR M RE o
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el
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HER AT Softmax
5 1
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] ) ] )
. )
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Figure 3. Seq2Seq + Attention model flowchart
[#] 3. Seq2Seq + Attention # RV E % R FZE

ROUGE #8455 ROUGE-N. ROUGE-L. ROUGE-S il ROUGE-W PUfh2&7, Horp 7 H F 2
ROUGE-N #1 ROUGE-L. ROUGE-N & N-gram ULECJFEE, 55224 4 225 4 i 2384 10 N T
FAIE]; ROUGE-L % T ¢ K /A 37 /41l (Longest Common Subsequence, LCS), A8 S g B AE A) 7k 45
1) 5 B AR SC IR ARALLEE

ROUGE-N 14 77 i TH RN fros :

ZSe{RefSum} Z N-grameS Count e ( N-gram)
ZSG{RefSum} Z Nn.gram €S Count( N'gram)

He, MRS HERMES N-gram FEK, 2 TRASHEMESHEBREZHIAH N-gram 2. X+
ROUGE-L f&#5, L &R E S E Ml Z 2 MR K A TP II(LCS) K, HitH AR T:
LCS(C,S)

ROUGE-N =

(12)

ROUGE-L = 13
Recal L |en (S) ( )
LCS(C,S)
ROUGE-L, .. =——~> 14
Precision |en (C) ( )
(1+ % ) Precision x Recall
ROUGE-L = (15)

Recall + #*Precision
Hr, BRI REL, M4 B >1KF, FE A I (Recall), J2 B E R (Precision). i#id ROUGE
Fabr, A FCRENS B PP RS B8 05 15 SR B M B T TSR I, AR S e AR
4. RO

% 3 R T I T ALY Seq2Seq MM A K EOR B . W LA Y, IR RERS AR SCAS R R 3 S B
B, BRSO B A R A AE — e R PR, s B T8 SO BE DU ) 30A 5 B 48 [
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Table 3. Example of model-generated summaries
F2 3. 1RBIAE RIS

london cnn the new james bond movie will be called skyfall the producers announced in london thursday.
oscar winner sam mendes will direct daniel craig as in the rd bond movie. we Il start shooting today mendes

JECA 1 said. spanish actor javier bardem will play the villain and judi dench will reprise her role as bond s boss m.
the cast also includes french actress berenice marlohe. the announcement of the title of the movie came on
the th anniversary of the date sean connery was revealed as the first actor to play ian fleming s spy

Sy the film is to be called skyfall daniel craig will reprise his role as in the rd bond filmjavier bardem will play
= the villain the announcement comes on the th anniversary of sean connery s casting new

AN E  french officials bella was part from a walk for tibet from st to west palm beachhe <EOS>

cnn student news september download pdf maps related to today s show egypt libya democratic republic of
VA 2 congoyen ennew Yyork city chicago illinoisclick here to access the transcript of today s cnn student news
- program. please note that thene may be a delay between the time when the video is available and when the
transcript is published

the daily transcript is a wnitten version of each day s cmn student news programuse this transcript to help
ZEfHE students with reading comprehension andvocabularyuse the weekly newsquiz to test your knowledge of
stories you saM on cnn student new

the daily transcript is a written version of each days cmn student news programuse this transcript to help
AR B students with reading comprehension and vocabulary use the end of year news quiz to test your knowledge
of stories you saw on cmn student new

M1 3 AT L, %48 Seq2Seq M BARRENS AL Rk R AL & B TE 5 450, (ELAE IR R RN
ToRAG B BRI OB A, RWIHAE 42518 SCEBTT e A 2

% 4 Jeos 7 HET BiGRU + Attention AL BRI A SR 0 R 6] . SARGERIRUMEL, i e Y
AR E N AN S B HAE T, U2 A EAES PRIV W RS, RS A Rt e K SR
FISCHEE S, SEELE SLIERI R IL .

Table 4. Examples of summaries generated using the GRU + Attention model

5% 4. GRU + Attention &84 pi 352 S2 431

cmn the national flag of the united states of america can be found hanging off homes across the country
VA 1 flapping atop mount everest and sitting on the mon s surface. here are some of the most unique places
- ireporters have spotted americasstars and stripes. have you seen the american flag in an unexpected
place ? share your photos with cnn ireport for a chance to be featured

S ireporters share unusual spots they ve seen the stars and stripesthe flag of the united states was first
= adopted on june

A Rt new a truck is on the to death in in total prize

cnn student news september download pdf maps related to today s show egypt libya democratic re-
VA 2 public of congoyen ennew york city chicago illinoisclick here to access the transcript of today s cnn
- student news program. please note that thene may be a delay between the time when the video is
available and when the transcript is published

the daily transcript is a wnitten version of each day s cmn student news programuse this transcript to
BN help students with reading comprehension andvocabularyuse the weekly newsquiz to test your
knowledge of stories you saM on cnn student new

the daily transcript is a written version of each day s cmn student news programuse this transcript to
A R help students with reading comprehension and vocabularyuse the end of year newsquiz to test your
knowledge of stories you saw on cmn student new
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I 4 WL, SO A B U S I T A D R R S L, {E SO S
ST, HURAE (S B ORBR ) 4 B 7 T L ) G5 2 5 R TR IV ROUGE 485 L1
PSR

Table 5. Comparison of evaluation metrics across models

5= 5. 1EENES I

et ROUGE-1 ROUGE-2 ROUGE-L
Seq2Seq 1! 30.69 23.08 28.87
#£F BiGRU + Attention HJ Seq2Seq 1 #! 32.12 23.27 30.05

MEERFGHR KB, 1558 Seq2Seq M #E ROUGE-1. ROUGE-2 il ROUGE-L f&#5_E2) #liA % 30.69.
23.08 FH 28.87, Tt 5 1) BIGRU + Attention #5241 53- 712 32.12, 23.27 A1 30.05, ¥H P, iX#KH,
FIARA GRU 1 Attention B e G ZERARH A SRR bR SUE 55 JGBRHE, T B8 T4 22 11 56 4
PEFIE X —EhE.

HE—25 3 Hr el &1, ROUGE-1 Fl ROUGE-L feFr&FHIREH R, /i T 1.43 F1 1.18, 1fii ROUGE-
2 PEFHIE AR /(I 0.19) . X A[HES5 ROUGE-2 F= B4 & —Joia] 7 4 ULE A 5% BT 24 il A 20
BRI WP, ZIullEpRI AR AT, SRR TR A o R TEE SO (5 &
LA EE T T T T4 48 Seq2Seq B! .

MALH 5387, BIGRU 4ifi 4% A [F B SREU A F AU E ) 5 ) B RSB R, b E R 5%,
Attention AL AN & HB 0 /r BORCE, AR RS )48 i B BN A BURAE, M AR BCE R A R S
B RETEA BRSO 2 A AT 55 B LA 2

5. &

L ERTiR, ASCHEH P BiIGRU + Attention SGEFARBU/ERG ZE A HERA I . (5 278 o5 %6 5 % BUIE 7 T3 &
EIRTAES Seq2Seq #i4Y, ik 145 MI1E B B U EAR S I AT AT S5 A . ASRBT 5T AT it — 2
Sh4 %2 S AHLE] (Multi-Head Attention). FRiIZRTE = # A1 (1 BERT. T5)Ek&Ek: > 7k, LLitt—5
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