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Case-related Topic Summarization Based on Topic Interaction Graph
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Abstract: Generating coherent topic descriptions from the user comments of case-related topics plays a significant role in quickly
understanding the case-related news, which can be regarded as a multi-document summarization task based on user comments. However,
these comments contain lots of noise, the crucial information for generating summaries is scattered in different comments, the sequence-to-
sequence model tends to generate irrelevant and incorrect summaries. Based on these observations, this paper presents a case-related topic
summarization method based on the topic interaction graph, which reconstructs the user comments into a topic interaction graph. The
motivation is that the graph can express the correlation between different user comments, which is useful to filter the key information in
user comments. Specifically, the case elements are first extracted from the user comments, and then the topic interaction graph is
constructed, which takes the case elements as the nodes and uses the sentences including these case elements as the node’s contents; then
the graph transformer network is introduced to produce the representation of the graph. Finally, the summary is generated by using a
standard transformer-based decoder. The experimental results on the collected case-related topic summarization corpus show that the
proposed method effectively selects useful content and can generate coherent and factual topic summaries.

Key words: case-related topic summarization; user comments; topic interaction graph; case elements; graph Transformer network
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30K 138 JH B9 ROUGE (recall-oriented understudy for gisting evaluation) MEAE Jhy G 4113F R % B AT 55 BOSEAN
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I 12, AR SCAR Y Pyrouge JIAS 5125 R ZE R b AR 22 2 ] 1) ROUGE-1, ROUGE-2 Al ROUGE-L ) F1 fE{F )
VPN SE R, 73 7R Rii] (word). —J04l (bigram) MK T )7 512 7] (longest common sequence) [ EBKR. 4 T
A {EA ST 53 3K 31 5 RG-1, RG-2 A RG-L.
53 SEETS

ASCHET Fairseq” *HE 48 52 4K 040 SR /R UL YN 2507 T, 0RO/ NV 4096 1], I ZR46 VB &
50 #&. K JH Adam 1R BERURAGES, 2% ) Z U N Te— 4. YIZRTT 4000 R Warm-up S0, B/ S R H Y
le—9. AEVIZRILRE R HIFRZE T4 (label smoothing) SEMS, ~F-¥i I 1 B0 0.1, YNZRRHATRE L R0 sk, S s
WHE R 4. PFraBZEd FE % dropout ¥ 4 0.1. TERERLRIZE Ji 1, K H BPE Hels AL i 2, H st g il 5 245317 %
FHRN 2. AR AL ZE Ry 7 TH, Ym0 28 Y9 K 6 )2 Transformer, il ik A ) 45 5 R () BRoiR AR 4 BB 512,
2R IIWCE N 8, TN 45 BB A 1024, fRTSHEMTEY Be, RATARHER & A %R (beam search) B, beam-
size BEEN 5. MR AT SRR Pl e KIS (PR R AR BT 0 10, SBAR G E N 50) B AR i EOS A28 I
{5 1AL,
5.4 BELAEAY

T BAERE R IR R, AR SCE R DL R R R 4, AR ME Transformer Jf oAy, J-T BFY B i) i 22
T3 AN T R

(1) Flat Transformer (F-Trans)®*": % fiftfi5 2% 11 5% FI#5HE R 6 J2 Transformer B, Z1F4% BUSE IS BEPHE N — A
KSR, R JE T 500 NFERVE AR

(2) Hierarchical Transformer (H-Trans)"™: 24 T AbBEK 341, 15 56 F 17 2 Transformer X4 46 PP i 8 4 i,
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SR 3 T PEE T 1 BRIk R4 T~ F B3t Ak (average-pooling) 75 2 6E 4 EE 1 1) &, AR5 FE 140 T2 Transformer
P BNEEANTEIR ) () i hLh (v £ AR 25 L0 AR ] () IR S 1] 2 1) B R SCRIA) 4 1) B 7R S

(3) KeySents Transformer (KS-Trans): 5 5 B (148 5225 SR, 2 26 A1 Textrank 532 Y MAH DL T dh
HUoesta, SR 5 56 T HRUEN) Transformer AE A 52, S8 A) (K B0R W E b 50.

(4) Keyword Transformer (KW-Trans): & H P B B 730 B A2 s i, w5 56 H Textrank 575 S BVES o 3
g1, AR J5 JE T FRUERT Transformer A2 B 2L, SCHERI AL B N 100.

(5) Keyword graph Transformer (KW-GraphTrans): J& T~ ] [958 52 248 i 7325, 1 2% AT DT i Hh e O Bt i
TG R O A ], AR5 2T 18] Transformer X DB ] P61 32E 4T 2 A 15 21 DG BRI R AE I A= e 22, SR e
BEE N 100.

(6) Topic interaction graph Transformer (TIG-GraphTrans): A% SCHE H 7515, JET S 1] R 3 SR A (1) F) T4
AT, SR )5 2T ] Transformer Sifd 45 275 RURFAE I A2 e 22, SCHIM B 58 100.

6 LRI

6.1 BEARRGERIILL
ARILAERE 3 P th T AN RIHE AR bR 8L AT 45 R 15 2 AT 55 L AT EE St 5 R, Forp A R A SR
f¥] TIG-GraphTrans A L HABIEL B AE RG-1 fihs L AIPERERETT.

®3 ARFIEAEINL AL

1% Y RG-1 RG-2 RG-L A (%)
F-Trans 88.73 84.83 88.63 4.79
H-Trans 86.42 81.66 86.09 7.59
v KS-Trans 91.17 88.26 89.87 1.99
PRk KW-Trans 89.31 86.08 89.31 4.11
KW-GraphTrans 91.73 88.95 91.80 1.36
TIG-GraphTrans 92.98 90.54 93.03 —
F-Trans 50.77 35.10 49.36 5.16
H-Trans 50.92 36.46 49.22 4.85
[ KS-Trans 51.57 36.60 50.18 3.53
KW-Trans 45.01 32.38 43.53 18.62
KW-GraphTrans 49.80 34.47 48.29 7.21
TIG-GraphTrans 53.39 38.50 51.90 —

M 3 FTLAE Y, TEAR AR AT 45 A I SR 2 R BAG T 34 1) P B, 41 F-Trans A58 #2505 B PR 18
BEAT WO AR INAS T 88.73 1) RG-1 45 73, 3K A1 158 W% i A= B AT: 55 AH % 157 B (338 b - 8 1K A 7 AN i),
Transformer AR A5 5L AE A >) B e FIRID o 2 THIER G 2. 55 A AT LR B H-Trans BEAL P BEAH Eb H A
BT 10 T B, T BEM IR H-Trans 51\ T AR gt a0t FH P VER T 20 )2 i, A58 53 R ver, S50
R, TR L T B0 G il L 50 AT U B P B A8 KW-Trans 1 KS-Trans #5028 15 SE 4GB 1] 1
B, RS T LR SO 4N, RIEA LG F-Trans AR RUAS T AP PE R, 59 AP L KW-Trans #75, KS-
Trans #574E RG-1, RG-2 I RG-L iX 3 Mighs L2 ilfe i 1 1.86, 2.01 A1 3.01. ASTMHT R A : S8 AU LE S HE
WALE W B R EE, WM T, kA A AR ) fE A8 T AT N B R SO E S B A4 KW-
GraphTrans R0 RLKE S 17 21 400 SEBLS< 817 4, 25T Graph Transformer B2 REA% A5 1 5 4T i S 1] 260, A
AHEL KW-Trans 5%, 76 ROUGE-1 $5F5 FAREUE T 2.42 (F4TF. N3 3 i 7] LLE ), TIG-GraphTrans 155 G
I ) FH SRR ] R SCBE A 1R 45 B, O FLKE S AL 20 = e B P, DR Lh L Al A R I A3 T S 1) M . AR LE F-
Trans %, TIG-GraphTrans #7 7E RG-1, RG-2 il RG-L 4} 5425 T 4.25, 5.71 Al 4.4, #H Lt KW-GraphTrans %!
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BT T 1.25,1.59 F1 1.23.

AH EE AT RS AL AT 55, 106 R 3 2 AT 55 7 B AR T I S 51 ANl 22 TR 3 8 A D 1l R 2. I 3 WA
F H, A B A 1) 3 2R AR T TIG-GraphTrans B R FERUAS T AL PEfiE, 5 F-Trans. KW-Trans fl KW-
GraphTrans B A HL7E RG-1 F645 14> SIS T 5.16% 3.53% Fl 7.21% FIFRT:. Xt Ui WA 76 53 2% ) S48 A AT
F-rh, TIG REME ] IR DG B 17 FH DG B ) Sk 18 JR S ) AR R, I i 8 37 A [R) 15 s TR) IR A8 T o6 FR A B s 1Y
SELF IR SR AR AL, AT 280 SE I A R IR A TG A5 R IR k. AR 3 38 T LA Y, BB A AT 25 S bl A AT
F I T —BEAN R BRE e (1) 305 A BSOAH LA A s B 5 R, AN [R)ASE 2R (1 1 e 2 S B0 W 3. TR 11 J R
Tl K PR R, AR ok PR T B, R AP A 8 T G G % T i N AN SR, BV N Fh A7 E e 75, AT AR BB 1
L (025 b . A 5 3 A AT 45 JO BB A B0 385 RV i N, SRS 2R LA T RS 40 AL R B N JRTIE R 7). (2) KW-Trans
I KW-GraphTrans B/ T O H 1) 7 VAR P AR T 7] 7 G A\ A e 22 BEAOK, RIVEETE A AR 1A 45 h
HR A3 54 P A 1Y) KW-GraphTrans B84 AH LG F-Trans fl TIG-GraphTrans £ RG-1 45 _AAHZ 0.97 Al 3.59. AL
A AT B I Tt AL OB 1] BLAR B B R AE ] ) PP I AT, ER M RIAEAE AR R 2 A5 B0 K, 70 AR i e TR X R TR L
SRR BN AR AT A H P Pe 1R 21 R s R

WL LA B8 AT A4S H 458, TIG fiet W] IR F DG B R OG5 R, & — M 80 Rk 8 7%, 7idni
A RN S A B P A A AT 4 A T R AT IR e
6.2 [E TIG B&RxItL

AR K TIG & LAt R G B 3] AL 2 SCBRER] 1) A 1A 5 R, RAASTR) T R 45 B 5 A ) 1) ) 1 SRty
ANE R MR, R T 3 — PR AEA R TIG BIRE 7 ik R R 1), AR SCERH T 3 BRI TIG Bl
&7 (1) PMI-TIG: 165GV Sk 1] 2 8] 1) 05 HL45 8. (point-wise mutual information, PMI), PMI 15 8 KK B ¢

¥4 5; (2) TFIDF-TIG: 2T TF-IDF 803 8 50 A U AN T AR, SR 5 25 T b T BN R 502 () (0 42 sZARABL RS
(cosine similarity), AFARLRE I It I IR0 502 (A DUR  OR GG R, B B h 0.5; (3)LDA-TIG: FI#% %! TFIDF-TIG
FAAL, AN A7 TN TS 6 7 5L T LDA (latent dirichlet allocation) = SR Y BOVI 24545 21 1 SCRY 3 L #4341,
o 3 R 100, A [FBERLAE S5 2R AT 45 L 1 S8 45 R & 4 FoR.

%4 ANF TIG BESEA TS Egs Bt

it RG-1 RG-2 RG-L
PMI-TIG 53.22 37.16 50.07
TFIDF-TIG 50.31 35.91 49.68
LDA-TIG 51.63 37.39 50.44
TIG 53.39 38.50 51.90

WA 4 T LA H, A SCHEHL I T4 7 JRBLIN TIG PR 7 A L SR T HHBLE /7 AR HR 19 T S P10 P .
AT BUR R ) TS BC R 0 b o B OG5 0 TN BT RSB R, 5 PO R 32 %
2R, 3 T PMI (7 IS0 SRR RSB R, 15 TIG BURIE T AL ROYERE. 3 F TF-IDF
FILDA (17 ML TIG P BN S HIPERE T, LR 0 ERVFPERE3OL T4 3 LT Transformer /7%
RIPIT B Jy . 50U B35 T TE-IDF A LDA G SCA A5 5 B 1 RIS 15 4 6 BRI, LB
LDA B LR BRI SR AN 15 22 I OB R, AR He TF-IDF BOBIRAE T 01 R
Th. AR S 45 5 PRI TIG 104 e R IR  2E2 1 S90H 2 R A 0 A, SRR 5
FIRFR IR, B SO FL SR 0 155 2 M IR & R LA AR 7
6.3 REIESEAHLIEERIIL

ARSCH R T BERT BB RIERLA S 1015 ST L 7. Jh T35 S A R 7 s B e
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MM, 22 5 F B2 T AR BT sSRTAa Ak 7 00 06 35 AL AT 45 Pk RE T Ll 4 2R, o Random SRR AN
SARYE R R BEAT IR AR 4K, 285 2 T T 334013 20 SR AE; BI-LSTM RiG A s B — M 741,
FeT X ) KA W10 1Z M 4% (bi-directional long short term memory, Bi-LSTM) #1726, LA I £ 5 i ZI 0 L 7 4
T RPERAE, BORASIIYEE B E A 512; Transformer B 5 Bi-LSTM AHALL, FIH Transformer % Bl 5 »5 b 47 9145
b, FET A BT SRR, BRSO 4E B2 [RIFEUCE D 512; BERT AR SCHEH I 7.

K5 AFEE mAIR N TTIEAE I A AR5 SRR E

FAY RG-1 RG-2 RG-L
Random 46.75 33.74 4491
BI-LSTM 51.13 37.26 50.47
Transformer 50.66 36.82 49.58
BERT 53.39 38.50 51.90

M 5 A LLE H, BERT B AUFH L Random. Bi-LSTM A1 Transformer 25 J5 VB T 0 4 ) fig, IR SEAHEL
Random 7E RG-1, RG-2 F1 RG-L $E#r_ B3R TF T 6.64, 4.76 1 6.99. XU B 5| X BERT #i fe g 345 5 4 1)
WG RAE, 5T R R BT 55 RES AR U 1S4 J34h—ANJE D AT RE 2 AR L BERT A2, Ho A BRI 5] N T 5
£ (2%, A5 Embedding 21 Bi-LSTM 8¢ Transformer %ifil)2, 75— & FEIE L] BE 2 A0 3002 K KU, 3
LERM A AT 45 B g B . 5 4h Bi-LSTM f Transformer 15 % 4H Lt Random AR AYENAS T 88 I ()25 S, 3t 3 B
FEBEHLR N (Rl _E, R Bi-LSTM B Transformer 4k 45E2% =) AN [)3] 2 J6] (KR 9106 2 BE W 28 BT I 1) iR 1k
FAE. RUEASSCIAK, # BERT 25 WO 2352 5 N BT N JZ REE 28 T 47 101 s W1 AR AR AT
6.4 ATLiFM

RSB HINN TN, WA ZE T B A5 B LA LS 3 AN )y 1T SRS 0 A VP A A= 3 11 135 4 22
e, FL b B A BT A R 13T R TR A5 A AE R B ORI VR R A LA U 3 DG A g e A
TIRSCI L SRR, R O T R SC A AN F S (A T 1T S D B A A R S A A S S 1 DL R A
JESCERIEATAEM . A9 T AT VR, 2R SCBEALAN T8 2 AT 45 IR E HP B $E 100 8RR AR 29 PRI A, JFE$E 5 4
WIFFCAEAE A VPN 556 A TR 28 A B P i i S IR HEATHT 4, SN 15, T 1 3 3Rom 3 0 eIk, 1M 5 r s e,
e 2R T PRI 1R T 3 A R REA K 5 2845, DRI 45 S a1 4 o,

= F-Trans = H-Trans = KS-Trans = KW-Trans

= KW-GraphTrans = TIG-GraphTrans = Gold
4.40

4.20
4.00
3.80
3.60
3.40
3.20
3.00

i B Lt
B4 AT EERAES 4 R

M 4 af DUR H R R A5 R B S 3 AMEFE |, TIG-GraphTrans SRS IAR T 44T R fE, JUH:
SEAEAR REARIS LI T 4.15 75, LEARHAESR 2 (gold) mith 0.21. AL M T BE SR BT A 2 TIG B fE
e % FTAE EITFAT 28000 i e 75 A5, DRI AR 5 B R 08 S W S s R ) A, D) AN A3 1) G2 A1
T B AP AR P, R bR AR S B SRR AT S, T S T B AT < IO AT e sl o DR 4
5 R TCRI A . B AME T LLAR H, FE T 508 W KW-Trans F1 KW-GraphTrans SR/ 8 . 5 B fE s
ERER TS, AT LSRG SRR AN AR T DG BRI R AR A TE AR ) B SR IR ARG B, R S BV A e
R UG S 7R FLS P S T, T PIRY BLY KW-Trans Fl KS-Trans PL & 3T B ) KW-GraphTrans fl TIG-



12 BRPR AR, wrnndE g K 0 x4

GraphTrans /751 RE5 LT F-Trans Al H-Trans, 1X 5 i I3 75 A3 M 4 b, S Bl dAT i B Fad 98 & — Py
SRR L ik, 0 I AR R e (1) A S BB AR I 1)l £ A B S R K 2.
6.5 SEfISHR

ARICAEAR 6 Th A28 T 7S [ (R AT AR B G 18 R 2 1) 7 A, FErh AR IR0 4 A il B G SRR R DG B 7). AN
6 AT LU Y, i1l S S RARLL DB MO AR NIRRT I8, T U R AR AR R A v e B A IR R AR AL
R AR NAR AR BSCH Te R, AN ] (R RS TR L 48 RS AR AT 25 vh B3 2B BT 98 SR PR 1% FBURR A, AS SCHR A 1Y) TIG-
Trans ¥4 FRHER ZE TR 16 FTHA R NGOy T RAFLL”, TE SCHR AR b S MIvtEdfy. 75158 5 15 A i fE:
4% b, Flat-Trans S8 T “RAELLAMACLEIX — A ELLA0T, A T S HR I EE, A ma s Bexd 5
L et A FEZE7. B R R IR o] B JR K 2 Flat-Trans BRI VPSR 500 AN 5 Ay A5 i R 2 1
AN, AL 1S IR R 2045 B, I TEEEARUF 0 T R8T ) B R 594 KW-Trans A T AIEDT . F5E
BEARIA) U, 0GR R AR i R A A, Xt B A i AR TR (SR T BOGBER], 2k 25 T B SO,
AR TE VAR (0 26 A 2% (U 3. AR SO 1Y) TIG-Graph J7 & NIE b 5 |\ S 8] >R R BLE BV 8 1) 2
S, (RIS ) FH QB8 ) SR B B OB ] (14 T SCRAE, DRI RE RS 2 i 138 OB B, SRS IEHRIN 15 5.

K6 ANIFIFELAE R i R N 83 T s

(1)20044F11 H 15 H, il B 48 BEACEL J& B A W 4 £ 3 R a3 R v 2, — A6 — 103, AR AR 8 M BREE N, BRI B

HRE . 20054E6 H23 H 2007410 H30 H, 1 B 71 B = R AR R NGE, A 5B L0 0E5%. Il 5 i e

CRVLHIANE B, RPIEH. 29k, RED LILFKBRLL VR NRLUR, RET —HIF4IAGE. 46

2.

()4 H L H, FEIT R i e FFRE B, B P e i, Bk R4 0 AR, M BER 2004411 H 15 H, Tr g BAUEL &

AT 44 B BB R g, — 1, AR LA T b DRI R B AR S X, DRISOE R AR 3 IR AT

2%, LU TCIIETR.

GINEF IUANGLE, S RE&TFIETIERIR, AKX 1645 10 H H A8, O P ik R 9GS2

e — o A DT B BATNA 0B — 1R, — 4], —3ET7

(D164FRT, T r 24 A B P4 R 2 P 3, — 46—, RGN E X T, EE A APy e A

R, HCH I T P TP 2 2 o R R B S T e, SR LA PR 25 1 75 50 ) e 45 B 7, At R s SR 4L B

T E K.

GNOEMELFE LI EFMATREER T, ZDMEEHIA R — N NN ik AN TER I AFE AR

FERE T 164, WA 525 N —AN AT, Wil ik NHIETERI A IE? S OZ U PR 52 3N AL RS 2

(6) JLAM6FEN] LLAEAE, 16 M FEFHEW | HREROEAEE T, B TIFA ! R T, 3SR AK

e AEPN:OIVS LY

(=KW FIBCER, = IR RPN, — R TC A, — IR R J50A, SR 4T 46 TR A R I A vl & 4

I8, A )L 7 R R R B4 HE E L.

(15 AR ] 0] e 1 64E R B 75 5 N 2 P Sl e R

AR [E 8T 41, “REDEE A LR R BT EH. WRE A m PN RIEBE g BoR, RAEL

BT FITCE, MEEREL

[ A ) R0 R e B i e R A A B

[TE 8 T 4 1S H, R e A 40 LUCRUR TR, P SO e N SRR AT SE 2R,

[ AR ) 0T R 1647 BT S AR 4T L7 ZE L R
i

|

R4

Flat-Trans

KW-Trans (37 0 S | T R 8 A% 00T, 39T v s 2 7 T 2 DR 2 A == Wl 0 1 641 9B 22,
ST [ 0 0 97 1 16 94 8 A A 2 4 B R I

~Trans (VA0 5] 2 4 0 5 0T g 5 2, A TE SRR, 0 ST A A B
o [ R R 20 P TR

~Trans V6 101 55 ] 1647 R A AR LT B 230l 1 5 B e, AR CH T .

ATCHE— AR T BN T 2 GBI R B A SCT7EEAAAE ) SR BRAE, 3 RS 7 7R % ) 5 R A A7 2,
TIG-Trans /A SCHE ik A 3. W 1AM 70T LU, AE2EE8 5 00 1, TIG-Trans 75 5 /2 s 19 5 AL
(K40 L, G E A2 R I L SRR S P RTRE AR S DR R A S U P 7 8 AR A B, AE RS AR A
P B3 g it <) e R g A SR MOG I SR AT R, i TSGR L 2, ST 203 2 A ) 0 A i
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PSR L, A5 7R DR A DA i S B 1) O 47 B2 BT ik, MR S R 5 R SR R A A 7R, S BRI LR, T34
M 2 AN AR T LR Y, AR SORBERAT I 23 25 B S8 3 SR R A0 22, A S PR AR H B SR 25 4
24 T A IR K A, TS T A IR (R i A A B TR I N A S T, AR ST T L —
22 R FL T AR P S8 3% DL R SRR ) S8 UL, M S AR SRIER IR R T 1%, 4R T MR P P .

T RSCBRAE F B B A 4]
TH24H, 1 F6 4  CAT EL N B 22 e S STA S AT AR 2 ST NAR, 0 2 DRI 2 S ORIBE T it It BB E,
PRl BRAEAT D RIS RIBAT AT A Z IR AP AE AR AR % 05e 16 H 15 H DS 45 35 506 SRR IR A .
TIGT I, TR s, XL 3] G g R LN L SRR, IR AE AR AT L BT A B SRR
TS, kb A .
S TH3E, LR &, BEET Bk A 558 — O RE. 52 H NP MR, SFIX R O T LA, BRERQTTEK, 4552
S N IE L2014, B TR A S R AT ORI T LR A
TIG-Trans  7H29H, VIVU R B, “HRE- e AR iE 8 — o 0, RESPFNRFETAN .

T

7T B

ARSCHRE S — Pl SEAFAH AT ) SCAIH AT 55 I F MOH IR A RETUBAR S et Ml T S 10 2l 4. o ox
ARSI P PRI KB 22 R M 7 Bl 20 28 1n) A, Bt — i T PRI TR o I BT Al 2 7 Bl 7 025, 3l e 0 Y e 4
LR IR IR S AR J A2 T P, ST 7 i (e DR B A G IR IE . AR AR B 10 22 SORS M 207 1%, 2
FAC T P e AT R (MR AR PP 18 P T I S B3R IRV QIR DGR, AT L ASE 7R B 0 ) PR A S (A A 0 R
PE BRI AL v A P M 55 b 1R S R AR AR, AR S AU AR 55 5 LN 2 AL T P g s £ O B T AR
(RISt A 20 B 52 2% SR P A TR 2, T A 2880 ) e 5 47 222 11 7 Rl o

FER PR IErR, ASCIU AR SR T ST U S AR (1 i, IR AR PPIR A VPR SR
(1) S5 ¥y A T VT o S () AR G A BRI OC R 1) 2 IRV IR RIPE G AR, 02D RS iy 5 | N S B 16 A T P i
TTEARAE T B A BT
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