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PR HERR B S 47, REMRACT ARG H, S TBRRERE . fe)n, BbS GNNAITIEI#IT (gated
recurrent unit, GRU) HZ AL, BE— 254l SR IEIHCHE &5 A AN 32 J 1045 B RS SURFIE,  SIE3L 17 ARRAAE 11 & R
G IFRTE TR RHER E . SCIRAS IR, TR TR R, XML HE ADGL (adaptive dynamic
graph learning) +MLA (multi-head latent attention) [173JSHERfZE CSI 100, CSI 300 Fl Rus 1K £ 4E 537
REED4.0%. 2.4% F13.1%.
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Abstract: Addressing the issue of low classification accuracy raised by the poor performance of the model, which is
caused by the difficulty in learning from dynamic aggregation unknown neighboring nodes of graph data and insuffi-

cient fusion of semantic features, a model named graph attention text classification(GATC) based on graph neural net-
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work (GNN) and attention mechanism was proposed. Firstly, an inductive learning of graph neural network model

was constructed, and dynamic embedding the unknown neighboring node was implemented by using an aggregation

function to enhance the model’ s generalization ability. Secondly, the reasoning cache size of key-value was reduced

by the introduction of multi-head latent attention mechanism that utilized the low-rank key-value joint compression

technology, which significantly diminished memory usage and improved the performance of the model. Finally, the in-

tegration of GNN and gated recurrent unit (GRU) network models further captured the semantic feature information

of structural and temporal attributes for graph data, resulting in achieving efficient feature fusion and improving the

classification accuracy of the model. The experimental results show that the proposed method not only is effective,

but also improves the accuracy of classification that is increased at least 4.0%, 2.4% and 3.1% on the CSI 100, CSI

300 and Rus 1K datasets, respectively, compared with the algorithm ADGL+MLA (adaptive dynamic graph learning+

multi-head latent attention).

Key words: GNN, attention mechanism, graph data, text classification
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P2 4% (deep neural network, DNN) 7,
HOEE 2 SRR R R G M A By BE R, L Z A
BRVERERIRUR Z B H &, FollRHE AR
A DL AR AR R Y 2R A A LA, an kA
I 2% 48 4 Transformer 9 3 1) KA A4 38 1 Scaling
law 23 A ERERLR, 15 Open Al AR TR AR
(1) A= B XTI 25 48 3 9% GPT-X (generative pre-
trained transformer) """/l DeepSeek-R1-Zero!' 5%
R gl 55 > F i HERE a2,
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SCHRH T —FhEE T GNN 533 8 L 8 SCA 526
A —— 73 B ) CA 432K (graph attention text
classification, GATC), % J5 % 3 22 v1 ik A1 €
HRa

(D =2 7 — M gh 205 2] 1) B 2 5 Y
GNN, KHEERECRHEMES (sample and ag-
gregate, SAGE) SKSZILBNA B A AR FN AR fU2E
Mo SEERAE KM, EIEREREHENXY T
VERE A R 2 S B A0 R AR T AL, MR AR
ZARE

(2) R 7 —MEEZ LB EERE ) (multi-
head latent attention, MLA) #Li#il|, HIFAKRRELS
FEAE AR PEAR T 4 R B E A K, AE
IR E T IESEIL T —Fh & GNN A JJE 3R 5
Jt (gated recurrent unit, GRU) PJZEAM, IF—
A4 3R B B v A S B S I R 1 018 SR
fiE, BERWEFEAS T A7 S AR & 7 AR fe
MSEEL T RHER ARG, AR T TR A 2R
R

(3) N T RUEFTHEM %, SCERHORE SR B
Hh AN E ENIE SR T3 1 3 AN T g Ak aitde 2, 20 o0l
)% CSI 100 (China securities index 100) #1 CSI
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Yahoo Finance b %{#% %)% Rus 1K (Russell 1000)
e, SLIai R, A SCTTERIBAY I RE A
HERR 2R AL T B 72

1 tHxIME

ARATXS TR SO o KRR AT A, F B
A0 45 BT GNN [ SCAR 43 BRI T8 2 0L
il IR SCAR 43 AR

(1) ZET GNN B SCAR7r Fe Y

AROCE AT BRSNS RN ST
— 77 THD P B0 30 A A TR DG R FLIR I T Ak
% GNN # A, 1% SCHik[11]42 H DisenGCN  (dy-
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AR 3 1k 2 745 % F AL AR 22 38 3 R A 2] SR gk AT
R, RIREE S AT A [F AR5 AU REAE BE 7 AT
REA AR FRIRZ IR o 177 SCHR[12]96 5 B 2 70 9 2%
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SN B B L SIS AR ) 22 98 SRR AR 3
file, $RE T AINERE, ZITVEBRIRARI T AR G
R TC A R T TR 1) 22 00 R ARFAE A 1) R, {H2
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25 AH LI 2% 25 4 45 B, 5 B0 GNNOHE LU H
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HR FEAR S B 7 90 R 15 SUAE 2. SCHR[ 1614 H
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TIAGFFAES
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Transformer 4 & [ DNN 2244, HerZLd =)
(multi-head attention, MHA) #Liill /& 5 #% 0 [ 41
B, MHA J& H Vaswani 250 75 B4R Y 7
FONERINE], JF HAE B ARE S AR, B4
AN L EE (artificial intelligence, AD AR
SURRIR W, TCH SR (recurrent
neural network, RNN) EL#FRFHEZE M 4% (convo-
lutional neural network, CNN) 45 & 8 K ffi 3k
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&, d. (<dynp) F IR KV R 48 1) 4k T,
WDKVe Rdcxa' % ‘F & /gz %E IK? , WUK, WUV c
R ok FIAERE, ke Fllvg 3 B A ¢
(1 BEFIMEL In] 5
c2=w"n, (6)
(i1 g5 3 qem 1= =W %2 (D
X 6) A (D, BHRNFIE AL
HIR A R b, =R, d NG, ReRYHHE
WIELE G BRI, d) (<dyng,) Fonoi ke
B, qCmRt R R, WP e R7,
WU e RO Jo R R PR RE AN L B

) FAIFK (9) Fy I3l %o A ) i 2 A i A
BEATARAS, Horb, qf ORI A B AR (ro-
tary position embedding, RoPE) % i [r] & & 4) ,
q¢ TR B HADIE 2, kS FOR AR RoPE 4
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(adaptive dynamic graph learning, ADGL) Y, #%
3NN SAGE 2. GQA RIMLA X FiffiE R 7
PLEFIDACR S R B, B fa R S0 GATC AR AL 7E
IMAFIEAEE A Bk . R R
RUPERE RIS GRS YR B A TSI IS IR 45 SR 74T o
Horf, #ER% (accuracy, Acc) FUEHEZR (preci-
sion, Prec) 73 AARGEEAARAN IEREAK b (1) LR
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second) A F R — ICHT [ AL 3R I 12 Hh BT T 7 A
BEOE, HBRAAG, RoR LR HIEH .
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FARET NS H . GATC-MLA #8325 A 3
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i, AL 5% [ R T b T B R KR 1000 K 4 F
SRR B KA AR R . o, BdE4E
DAL TR ) 3 AP BRI A BARTE BE B Tildk
PR FE R A HE . B IE B EE R MR 5
HIAA R TIAH R RES L Sk ah H A 2
20134F 12 1 H 2, okl . S
oAb BEUE R S AN A B H W 3 HAORAE
B W5 FE P A PR AR 4R O IR AF I U R R T AR
BR[21], THEARZAE MWL (24) . AR RE
(25 Al 26). ABEEMERE ML 27,
WA A NAKEE, AR 12 %/
S, FEEBAEA MANFRE, WRHERFE N (N,
12, M), JEIRAFTHRE R .

PR R

s [l B

FHORPHEAE BT a0 T o

4 N Rus 1K FHE4E, N
1, corr=0.80
f(x) =30, corr<-0.65 25)
0, HAth
#74 CSI 100 A1 CSI 300 ¥eE 4, -

1, corr=0091

WRIUEZF T s B i m J1 i — KT E A f(x) =10, corr<—0.70 (26)
H] R AACIR I . CST 300 3% BY | ¥ 2528 5 Fir Fl 0, HiAth
RINEFEAE G b iR R &R 305211 300 SRFEHERETTE AT
=1 BIREBURAERIENR
BmE (A0 CSI 100 CSI 300 Rus 1K HiE
JR A8 S 100 300 1028 AHIBRSCH R R A>T 71 T80 46 HIHAZ 2013 4F 12 A 1 B0
Ab PR S R S 78 221 811

R2 HIRKEKBEST

Hide CSI 100 A1 CSI 300 Rus 1K
VxS 201541 —20184E12 20154F 1 FJ—20184E 12 H
IS4 20194E1 H—2019%6 H 201941 H—2019%6 H

MRS

201947 H—20204 12 A

201947 A—20205%12 H




o

+ 136 -

1, adj[a,0]>0 (3) HSHEE
-1 i < N weE S N w
S(x) =11 adjab]<0 @7 E S RS, BUET S HOL
0 HAty "
’ %4, GQAMMLANUHIEASH IS,
=3 FEEBSHHER
ID SRR FESHH]
1 R E 24 top_k: FERALIERR, HHOCHERE R HUHT & A SRR B A AR LA
Head (HD: 7= J13k#
Learning rate (L): 2£3]3%
Weight (W): BUHE ZEK
3 GQA ¥ q_h: i query FIVER J1kEL
kv_h: BE{E KV 1= /133
attention_dropout: >y T B b LA I R 75 B E 5 A, UTE Transformer 4% 221 11 5
ER IR G, A& attention_dropout 7~ £ 37 1 LL A
4 MLA Z%{ num_attention_heads: & 773k%
q_lora_rank: JEZE query HIFk
kv_lora_rank: JEZA{E KV 15k
v_head_dim:AEVE RIS, BN R Sk IR [ R4 B
5 RIS WIS K o, AT INIEREARIBIRTTIR, S > IEREA B e Dk, SR R B R A
AT
x4 BERBRASY
éﬁf CSI 100 CSI 300 Rus 1K
ADGL+ ADGL+ ADGL+
% ADGL ASDA %L; SAGE+ GATC F Gé(;ff ADGL AsliGG? SAGE+ GA:Cf Gggi, ADGL ASDACSQ SAGE+ GATC_F GA(;E*G
GQA GQA GQA
top k3 3 9 3 3 6 3 3 6 3 3 6 3 6

H 5 5 — — 5 8 — 5 — 5 5 — 5 —

L 0.01 0.005 0.0001 0.0001 0.0001 0.0010 0.0010 0.0005 0.0005 0.0050 0.0010 0.0001 0.0005  0.000 1 0.001 0
w 0.005 0.0005 0.0000 0.0005 0.0005 0.050 0.0050 0.0005 0.0005 0.0000 0.0000 1.0000 1.0000 0.0500 1.000 0
qh — — 8 — 8 — — 8 — 8 — — 8 — 8

kvh —  — 4 — 4 - - 4 — 4 - - 4 — 4
o — — — 0.3 0.3 — — — 0.3 0.3 — — — 0.6 0.6
£5 GQAFIMLA#LFIERI S
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A ADGL+MLA  GATC F GATC ADGL+MLA GATC F GATC ADGL+MLA GATC F GATC
top_k 3 3 3 3 3 3 3 3 3
L 0.0050 0.000 1 0.001 0 0.001 0 0.000 1 0.000 1 0.0050 0.000 1 0.001 0
w 0.000 0 1.000 0 0.000 5 0.050 0 0.500 0 0.0050 0.000 5 0.000 5 0.000 5
q_h — — — — — — — — —
kv h — — — — — — — — —

attention_dropout 0.1 0.1 0.1 0.0 0.1 0.1 0.0 0.1 0.1

num_attention_heads 5 5 5 5 5 5 5 5 5
q_lora_rank 16 12 16 8 12 16 8 12 12

kv _lora_rank 16 12 30 12 12 16 12 16 12
v_head dim 12 24 32 24 16 32 24 24 24
o — — 0.3 — — 0.3 — — 0.6
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3.2 LWLERSI
3.2.1 GATC 7 3= 20 5 2t tb o4t
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[ A5E Y 7E 3 /N A [F) B8 4R 1) 2 SRR b L3R 6.
5, AWEGATC ADN3) HET ADGL (D
D ARIEINSAGE FREFIEAECSI 100, CSI 300 1
Rus 1K 48 8 EHER ARG HE R 4 4R T 4.4 1
H HALS N E 5. 290N FH 4 mA6.3 N E 4
M 33ANESSEMIONE . SREW, K
Y7L GATC (ID R 3) $Em 7 T 22 7 34 f
s I HER SR RS HE R IR T e B e ) 7
%, IXJER N AL AE ADGL AR B S5 R 36 i 1
SAGE K#¥ J7 158U SAGE )2, #AIMERE SRR R
M. Hk, &I T ADGL+SAGE (ID
N2) N SAGE %A H % 4E CSI 100, CSI 300
Al Rus 1K Hffs & EHER % 5 R ER 4R T 2.9
B BEALSAED A 120N E 0 546 4N E )
B LIANESSR0TAE . S RE—PE
B A S 7 vk B G T VAt ) b i 2 3 e 4 e
%8, SCRETE H Eh TN B A ks 2, 1
#& KA GATC £ SAGE R #f 2 fili B34 50 7 MLA
HLHI A1 GNN-GRU il & # 22 B 28 R, JEALAL T
PR BRBOEAR, $2TF TIE IS IERL G R ), LIS
T B A v 5 RS B AN M ) SCASARRAE
SR, Sei sk BIGIE T % VAR I EE R
PR B R B RRAE B ALRE ST, R 2
BT I SR (AN [F) 1T 3 T 4 AT 45 O DL R
JJo IXFE BT B B AT 2 1 AL BT RE T 5L

Mt 7 B TU AR A RS T B 75 1 RN AR AR AIE it
BN, BT IHEE, AR
it IR T, SAGE AR AT M ik AH
A LA A A BRAT T RIS R, TR HLRT DA
RO AR RO A K 1) GBS B, 456 MLA FLIAn
GNN-GRU ¥ £ 152 51 0] DL ST A5 200 42 O il 5 15
SRHIE, $m T BIERERIIZALRE ). M, 1Rk
REHEER S0 45 RN RIS 25 J A0t oy A 78
Gy T ARSI VR A R R

®6 AEMREE ST RIBIRERIS LR ITEL

N CSI 100 CSI 300 Rus 1K
ID it
Acc  Prec  Acc Prec Acc  Prec
1 ADGL?! 55.6% 58.2% 54.6% 54.7% 56.6% 57.3%

2 ADGLASAGE 57.1% 582% 56.3% 56.4% 58.8% 58.5%
3 GATC 60.0% 59.7% 57.5% 61.0% 59.9% 59.2%

3.2.2  RACIR K L R AT

Valiivawae sy e AL L RICL s o N - e
ANEESAREAFEATIRAN ST 3 PR IR A A2
AP ) R, 5 O S 2RI AT
BADESTNREAR, BT T B8 AL FNTRI RS
O EyA PR S D OREA T PP QR AR & - K B e o
K Focal loss 43 2k bR 5 #1011 8040 2 0 AN~ i 418
KAIRE . TR RBRA A TR L R 7,
T HRIGERATLLRIL, GATC-MLA (IDA3)
R T ADGL+SAGE (ID N 1) 7ECSI 100 A1
CSI 300 ZHE NG UER KARTE T 0.8 1N E 73 i H10.6
ANES AL Rus TK R A T HE ) 28 F0RS 1 28 5 4
=027 RAT0.8 N E 40 ss GATC (ID A 4)
R A% T GATC _F (ID 4 2) #£ CSI 100. CSI

R7 BRRBAMST LHRILE

CSI 100 CSI1300 Rus 1K
ID A
Acc Prec Acc Prec Acc Prec
1 ADGL+SAGE 57.1% 58.2% 56.3% 56.4% 58.8% 58.5%
2 GATC F 58.4% 58.3% 55.4% 62.2% 57.6% 58.9%
3 GATC-MLA 56.4% 59.0% 55.4% 57.0% 59.0% 59.3%
4 GATC 60.0% 59.7% 57.5% 61.0% 59.9% 59.2%
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300 Al Rus 1K 4 4 b vH A Z MUKS e 2 7y 1) 52
B LOANEH 2 R LA E 40 i 204N H 43 RV
L2 NES A 23N RMO3 N A R iR
I L5 KR, ARSI R T, i8I Focal
loss BN B F (1 - p, ) (8RR 2o 4 B 5
SPRIIFEAR, FEEHIBNBES R, B Rt
fif U T BRI AP R 1), B TR
RRET), B T SURS U R ARG R
323 GATCAHEA ML 5 H Rt oAy
5T GQA A MAL WL ) GATC B AU PE R 5
Gy FRMCRAT L W2 8, AN AL A 7E 3 AN A [A) 4
ST R GEIEN LL LR 9. AR R 8 FFk 9 W AT,
GATC B PERE . RBR IO H &= 5 S8 A

ANFEFEEEPET, S SR g Rt T 4.

(1) GQAHLHI

— 771, P AT AR 2 S A R I AR A G
R, WEETHR S RYERE, R T IEE
7 A R P R AN R e MR IR R T
T, ARBUR S G5k R RS MR B % . 32 SR 19]
Ja7n, B MHA BUN GQA HLHIEAT 5286, Seih 4
B 8 MK 9, GATC GQA (D K 4) Al
ADGL+SAGE+GQA (ID A 3) T fa ARt &,
BATI R AR5 A E T GATC-MLA (ID 7> Fl
ADGL+SAGE (ID 24 2) fE CSI 300, CSI 100 F1
Rus 1K ##i 4L FHEFRAGHER $42TH 17 2010 E
IOy s —0.7 AN E 4 AT LA 4
A LONE S FI-02NE 5 AL 0.4 H 5 il

#*8 ET GQAFIMLAHFIH) GATCREUHES 53 FEHURXTEL

. - CSI1100 CSI 300 Rus 1K
Acc Prec Acc Prec Acc Prec
1 ADGL 55.6% 58.2% 54.6% 54.7% 56.6% 57.3%
2 ADGL+SAGE 57.1% 58.2% 56.3% 56.4% 58.8% 58.5%
3 ADGLASAGE+GQA 57.5% 58.6% 57.0% 57.5% 58.7% 58.8%
4 GATC GQA 58.0% 58.8% 57.5% 58.9% 59.3% 59.1%
5 ADGL+MLA 56.0% 58.9% 55.1% 55.2% 56.8% 57.6%
6 GATC F 58.4% 58.3% 55.4% 62.2% 57.6% 58.9%
7 GATC-MLA 56.4% 59.0% 55.4% 57.0% 59.0% 59.3%
8 GATC 60.0% 59.7% 57.5% 61.0% 59.9% 59.2%
#9 AEMEBE SN EHIEENITERIRITLL
b e CSI 100 CSI300 Rus 1K
GFLOPS ZHIETT GFLOPS ZHUE T GFLOPS ZHUETT
£ T GQA ) GATC BT 5 8 5 2400t
1 GATC-MLA 0.123 881 472 0.065 922 0.350997 504  0.065922  0.053 668 736  0.065 922
2 GATC GQA 0.095 127 552 0.050 434 0.269 528 064  0.050434  0.041 211776  0.050 434
23.2% 23.5% 23.2% 23.5% 23.2% 23.5%
BT MLA [ GATC 8 T B 5 S 400 1
3 ADGL 0.002 640 768 0.033 666 0.007 482176  0.033 666 0.027 405312 0.033 602
4 ADGL+MLA 0.001 150 656 0.017 794 0.003260 192  0.014818 0.019269360 0.023 826
5 ADGL+SAGE 0.012 829 440 0.164 226 0.036 350080  0.164226 0.133 393280 0.164 226
6 GATC F 0.001 470 144 0.018 850 0.004 236 128  0.019170  0.020216 608  0.024 930
7 GATC-MLA 0.012 829 440 0.164 226 0.036 350080  0.164226 0.133393280 0.164 226
8 GATC 0.002 471 040 0.031 682 0.007 001 280  0.031682  0.025128 024  0.030 986
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041N H5r s 03N E HA-02 1AL 0.1
ANES EA03 N E 5 0. FF BRI R RCR KR
I, W E 9 P GATC-MLA (D K 1D
GATC _GQA (D N 2) fix, 134044 L
GFLOPS MIZH {8 & ik 1 23.2% H123.5%. 73 Hfr
SEIGSE R AT UL, R H GQA LI AT LA
R PR ECEOE RS R, W EEUR S ST R
PRI AR, BRI T FaE M ISR R AE
o 7R R AR I A T A A T
WEe s, it GQAMLHIFEAL 7k H B A =,
Perm TGS, BRI TR A RR

(2) MLA ML

NIGAIE GATC J7VE BRI R, it — B4 Tt
Ir R AIGERINERE, 25 8 3] [ 45 ) HE 2 7 200
KR IAFOAE 25 AR IR I, R H B2
SRAC T, ARSZAZ T VEME DU A2 50 o] 3 S 1 T2 5K
e TP AT 5% o B 06F 1 ) 78R ) MLA Gl g — A4
B A], B A R4 KV NIRRT
I, SR T HEE AR A 2B A7 K
/AN, T ELAR & T AE TR 43 AT 550G FE IR AT A R
S SEI RN R AF BRI SR . ok,
IARFRER A R AR BRI D T ITUR UM, A AA]
DAy A SRR AR, PR AR ARLAR, SRR
45 B W% 8, ADGL+MLA (D N 5) #% T
ADGL (ID ¥ 1) ##44E CSI 100, CSI 300 1 Rus
VK Hotf £ B v e A0S UE 224 3R T T 0.4 1
B HA0.7 N E D A 05N E 505N E 4y
R 02 NE T ASA03 N E /e Hk, gk
PRI K46 5 SAGE I fE GATC F (ID N 5) XK
FH Focal loss J&, X b & BIAR AL P e 5 2008 FE 42
1, GATC (IDAN®) HHE T ADGL+MLA (ID A
5) fECSI 100, CSI 300 ll Rus 1K %4 4 - i) i
TR TR R 5 3e = 7 4.0 N E 2 0.8 AN H
RN 2ANED EMSSAES AL 3N ES A
FL6ANE M. BJh, GATCIMHESSHIEI,
MLA 7E 3 /NMA R B s 4 BRI T 0 75 iR %

AE. 4k GATC 50 7L U ff 30 FIOKE v R A A 1
B, MLA & EHPEK T IHEERENSHE. A
KT S, MLA {E CSI 100 ¥4 48 iz 5H3d i /2
¥ OCH ) 4 % H0.012 829 44 GFLOPS [4 &
0.002 471 04 GFLOPS. 0.164 226 [% % 0.031 682,
AT RN BEAR T £ 80.7% F1180.7% (111 L &2 44 & AN
SRR . Rk, MLA WLH] R IAAL T4 b
QiR O (T =N 2 (i BB N ol el £ i - R
TR, $EE 7 HEEERE AN AR .

G bR, RICOONETE IR EHR AT T 5k
5 FHAS [ 452 20 & S Ll o T BE 78 70 W 7 & T
MLA MLl GATC J7VE A AR e, X 785y
WIE 77 R M SRS T o S BE R, JRERE A
PEREAN 23 ORI AR T HAth 7772

4 LRI

ASCIRH T — PP T GNN 57 b S
Oy RIGER . A BN T BRI AR A
25316 T, AR T — P g 2 o 1 e e A
R, ERA RIS RN RIS N
fe AR A SCRFIE T 3R S A e, SR 2 k08
TEE R INUH], 8RR G 46 7 V2 k> 1
HZAF, DMUBEAIC T WAFIEAE, T H3g5m 1 AR
PEREFIZ ALRE )T o 5 flA GNN A GRU ¥ 26 45
R, B R RO 45 K13 B S I R SURRE
A, SEPLT SCAR AR R R TN E bR . 5058
SERRW], ARSCHTHE TR BOUH b0 L5
% ADGL+MLA [)7r 5 #ERfE #4E CSI 100, CSI 300
HRus 1K HdlE 4 L2 FHE T 4.0 701 70 AL
2ANE T EMB3IANE T AL RRUEN] T AT
R . AR BRI 7T AT DL 2 ke s Pt A
5530045 1200 SR IR 1 110 B 7 28 (03 SURRAE 32
TR, [A) B PR %R BE AU DNN B AL, dd i
Transformer 2244, FEFAHPEREFIHEIL AR, %
SRS R
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