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Research on Time Series Prediction via Quantum
Self-Attention Neural Networks
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Abstract A Multi-head Quantum Self-Attention Predict Network (MQSAPN) is designed in hybrid manner,
which could be used in time-series forecasting. MQSAPN comprises two components, one is the Multi-head
Quantum Self-Attention (MQSA) model, and the other is the predicting Variational Quantum Circuits (pVQC).
When fed with sequential inputs, the MQSA firstly computes the key, query, and value vectors corresponding to all
time steps through the variational circuits, and then according to exist studies, the attention is estimated via
Gaussian function. With residual link on input and multi-head features, the output of MQSA were pushed to pVQC
part, which was encoded into quantum circuit again, and the prediction would be ultimately calculated out by
measurements on observables. The prediction results of MQSAPN numerical experiments on atmospheric variables
indicate the effectiveness of quantum self-attention, by comparison with the results of a data-reuploading VQC
model with almost same amount of parameters. The accuracy of predicting is close to classic multi-head
transformer model and LSTM net. To be noted, as input time window extends or the more features are adopted, the
number of parameters of pVQC will also increases correspondingly, which makes the pVQC part become the
bottleneck of the whole model due to ‘barren plateau’ problems during training process.
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It EL AR B2 2 fiff o FEE Y 2 A5 A g ) U, 17 300
A 1) RNN [ 28 A0 A7 7650 4 Ja A I ALK (long
term dependency) 15 5 #2& HUAS J& S HME DA FEAT 1 R
s, BT ) TransformertE 44K 4 5V & L
(Self-Attention, SA) ", U AT DLA 47 Hb fife ¥ 1X 7
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SCHR [28] R sz kBt B EER D R F
JEEK E T R B E Az R, L E B RS e
FEEGRERRE S, I HMXT TR Key 5 Query HINER,
st FH v 307 o 0T DL EL R AL T 2 B BT AR
2.3 REYEE
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X

MQSA ;

quantum [ quantum ] { quantum ]
self-attention block | | self-attention block self—attenfion block
[
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multi-head concatenate
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0>

quantum .
self-attention block [0> I predictor A
quantum |0> U_pred_enc Ijiizd
self-attention block J|| |0>
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[ quantum self-attention } X 4 quantum query circuit |q m IQ1

layer

hout=(out,, out,, -, out, ,);out,E R*

head out;
choyt = {head_outg} (12)
head_outs
MQSAPN 2543 25 1% . 1) ¥ MQSA fii i $f

B Ja 10 2 Sk RHE B D 2R B8 (Upred enc) BEAT =
Fomtd, W=k (13) fin; 2) wDETELLT S
LR U pre V5 A0 I 18 T 0 528 15 55 01 2 1) S 2B 45 B0 0T
BWNJFAE T —B 2B BAE, X (14) fis:

gy = Ubred_enc (chou)l0™) (13)

<Zpred> = <w sl U;red (epred VZoU pred (epred)llﬁs> ( 1 4)

*********** / AER™
Xy quantum query c1rcu1t ' m 19 n
i T : —
quantum values circuit 14, =I==m 0 ‘
,,,,,,,,,,, g -n

hout,,, =X, Vs Ay Vo=, 01,77,0,-1)

Kl 4 single-head &+ HF & 1M )=

2 HBIRSSW

B0 LR R AR AR B RO St O S5, K
FRVE T A RUESE 1000 KM ESLHMLE R, %8
FIIA T IR e IR T B N
REAERMRMEE RS, HHET iRk
(data driven) ” [ RRE R, THONMALT
I o — EEF R R R
5, RAFZEHE (RUR. BE. k. KE)
[ AAAE i BE ARG R, DRI, RAH AR & AT
25 0] DL SR IGAE QSA & 13 B A i B & 8] JE 4 1
KAMAES] . ZEAREILAY 5 PR E, W
S JE (Air Pressure, APRE) . HAKILE (Minimum

Temperature, MINT) . # = i 5 ( Maximum
Temperature, MAXT) . # %} #& & ( Relatlve
Humidity, RH) . X% (Wind Speed, WS) . lll %k
Kl 800 K, WIAEHE 200 K, 41Kl 5 Fis.
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s B @
Z 25 acc=1- —Z:El2 (1%5)
\ 7 4
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SR A | i
o AeHE R - lactual — predict]| (16)
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5 MWMMWMWWWW 22 HERE
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32 5 AL K e = o 1 S =
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2.1 HIEMAESHE
ﬁ%ﬁﬁﬁ#ﬁﬁﬁ”“%ﬁﬁ”ﬁ%ﬁﬁ
B BOE 15 RIFSIREIE H, LIRS 3 {5 beiE %
PRI 6, PRGN Hh R B BB S o PP E{E
BEAT IO 28 Ja 4 AN [l R n £ . tbah, oAb
BRHE A MR SR BEAT A — 1k, AR RARALTE
FIE [0, 1] XA, AFEAYHEN. R

B BE XIS R AT 5 L R AT AT

T, FER FELREAT S VA — PS5 AR SR s £k
g.ﬂﬂmﬂ I -
EIE = Sl
—0. - 0.2 g ) | 0:37 —0.43 —0.28
Z--024 039 02 [SEN-024 T- 0.1 —0.43—0.3
;- 2 0. 24- Z2-037 —0.28 03

AREA MINT MAXT RH WS AREA MINTMAXT RH WS

a. 1~100 K b. 101~200 K

< <

2 - —0.44 0.025 024 = - -0.39 0.11 0.14

< <

= =

E-—o.44 B 035 037 03 § -0.39 0.34 —0.27
= =

ﬁ- 0.35 -4).37—0.085 % 03 ..o 007 8
s =

Z-0.025 0.37 —0.37—0.35 Z-0.11 034 —0.39
£-024 0.3 -0.085-0.35 - £-0.14 -0.270.007 8—0.39

AR.EA Ml.NT MAXT R.H WS AR.EA MINTMAXT RH WS

e. 401~500 K £. 501~600 K
K6
#*1 BRNRTESHIT=E

Hir AL & FEAEAS

APRE APRE, WS

MINT MINT, MAXT
MAXT MAXT, MINT

RH RH, MAXT

WS WS, APRE

RH MAXT MINT AREA WS RH MAXT MINT AREA

WS

GEMBAREAE SRR ZE SR, KA TR
5 AR ANEE 15 SRR T R, —
i [F) SR B AR R A A 5 R AL R — Bk, X
N—HRRAAHRERE . AN, BRI A
Al f) 100 KM [) P R B BONMBARRAE, Wi 6
fios, Wit — B USE T RIE B AT 0 2R &
BE. DA, A AN AR AL 55 £ A (R
HAFER AR BRI AN N & IE . AW s
FAR R R PR IE AR 1 s

-—0.43 0.26 0.11 -—0430075 0.2

-—0.43 0.31 0.37 -0.33 -—0.43 032 042 —-0.35

-ﬁwlﬁm-ﬁmllm
1

- 026 037 —0.43 -0.075 10.42 —0.43

- 0.11 =0.33 0.032 —0.043- - 02 —0.3570.039—0.43

AREA MINTMAXT RH WS AREA MINTMAXT RH WS
¢.201~300 K d. 301~400 K

- —-0.34 0.13 0.13 -- —0.42 0.015 0.25
-—0.34 puE 0.27 0.34 —0.24 -—0.42 muE 0.29 044 —041
- 0.27 0.049 - 0.29 —0.42—0.025
-0.13 034 [ - 0.39 -0.015 10.44 —042.
- 0.13 —0.24 0.049 —0439- - 0.25 —0.41 0025.

AR.EA MINT MAXT RH V\}S AREA MlNT MAXT RH WS
g. 601~700 K h. 701~800 K

RH MAXT MINT A

WS

RH MAXT MINT AREA

WS

R BdndE b 5 AR R EES: 800 KA R HIIA

2.3 FUMISEIE

KA ST VQNET & T8 5 SJHEZL st
I MQSAPN B AR FEAE ZHEZE N I WT4R 1L 1 &
TR PRI L. BT HEE T 2R
Witk 2 s, [, AaRHS8ZkE
& 71 W 4% ( Classic Multi-Head Self-Attention,
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CMHSA) PR KFEHICIZME (LSTM) it T4
FIFINGR TS OREGEIRILE 3) o Wy a7,
B AR B AR R n K (n=4 8% 8) BEfE

OB NRFAE T B o I 221 FR N 1) R4 R i i o
HK. Q. VINETLBRIHT B T A m IS AEL .
i35 0 420 1 %
, ‘ N
s B

7 WA RSN T 5

B THER NN T QSA EHN L, £ kit
HECREN H, WRER eI 22505 B 2B R 1)
SZEFI——XM, w17 Fin. afiEE
N, BT NBAE S B G KR, W n=4 B, S
f] K B2y 200 1 5, WU 2R E A B O N=
196; n=8 I, N=192. %757 % M H Adam 1
Heas U S8, 5 2] %% BN 0.02~0.075,
1 0% oA BOCR H ¥ 7 MR 22 (Mean Squared Error,
MSE) 3 (19), FRINAE y, W) & 12 7 2624 1)
my A (R 04). 20y .

0 ={"6.065 V6, 6prea) 17
1<I<L 1<h<H (18)
1 &
LO,D) = — " (Vy, =y, (19
N

Dy, =D (Z ) (20)

AR, FIUINAR oy 2 B ASE e e i £ T s 22
LitEM S R R E17& 5, %83 Hardware
Efficient Ansatz (HEA) ZRERHHLS) T 7ERE {50 B

(I NISQ i), AHTFUR ] HEA Ay A< A5
oo, RH4AANE TR, DIMARNRE 4 -
i, AR & 8 Frox, LA A AN B # T

(depth=2)

2 56 VIE AR Y & g ik R v i N ESCHRE N TR R
il = Pe s WAl YL G bk 5 S E S = WAl
AT S R ggm, ki 6 HSLim bl e 14
Data-ReupLoading (DRL) 5248 (MR 2) . fE[A
FEERAE W E N, Bk, KHZA M Transformer [
H B 1 R 3 AT N SRR T e A, N s
BHE B K 4 K8 K, NTiHbETHE
B IHLH SIS TR = A 5, ASHIE TR
FH & 3R ME S 6550 K 6 8] & RS D 8 R A\ 3k
w2 & 14, KA DRL A& AR5 &1
Lo, HIEAL PRSI DRL ZRE%ZH0RE, W] 8
fit7n, DRL HLUZ P51 HEA 458K Fi 5 MQSAPN
HH R TR 53 2 25 AH [R] Y BE A e (& 7) . DRL
SR AE T E B T4, DRL ZBR
%2 F—EHEAENE TSI, AR
PR Ym b g N2, 0T OR RGNS B R
P, ARG T AR B A I AR I
BT T

encoder
U _pred_enc

predictor
ansatz
U_pred

8 R 4 By HURF I B Cff P G B 2k i 15 22 73 T 26 % D
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*z 2 BHEFFIFNSEIE IR A R

WERTT R SH/MH QSAZEH A TNE SHU T TRKIRE I ] /%
t4-layer3-sh Single-Head 3 81 52 14 4
t4-layer6-sh Single-Head 6 126 88 14 4
t8-layer3-sh Single-Head 3 137 96 26 8
t4-layerl-mh Multi-Head 1 108 48 14 4
t4-layer3-mh Multi-Head 3 204 96 20 4
t8-layer3-mh Multi-Head 3 168 96 30 8

DRL-8 - - 130 48 40 8
MBS RKE (R 3D, KM MQSAPN it O 8 sedasi R, RIJT% (6) MiXTIIE (3,

TR B 5 24 22 S 795 B IR DL K LSTM W 2%
{10 TR A BE AE & AN T AR B ) SR BAE  . 5 3
Mk [28] Hff H QSANN 7E AR r RAL S 5 &
Transformer FEAT EL#E, S5 MMl. JEHALL T HE
PR H DRL AR5y & 12k 8% Canld 9 Fros) i il
FEEET S, MQSAPN &M & (RS EAN 72
WAE LR ESAECONHE MR, XHEERHT

FFEAT REBLH BT AR o 3K AT RE-5 AT 7E b Fi
AL H A B — R R, I H A — I TR 3
R R A LERCBAR, 22 4 R R 2 8] AT 4 S H
AR RIKARF A IR, IR 58 ek B 2 kit
COITE )

Input: X Input: X

DRL layers

Pauli-Z
QML 5] N H v I % T 15 (8] Fy 1) Fi i) /2 0> gj
AR, WIGUE 7 &7 BiERE VL B S5 0> \—+ |
FRRIEMHRS. TR (D @ 5 @ (5 o> —
(TS SN, A B 22 0 QSA s ) 4% 2 % s T
Tt RS FE R A E R AR . A4h, AR A
“Z3L7 ER T E T HERE ILEIEETY
J&, RUETE NLP S, RH “£Z3k” J7raem Ll
ZAEETIN 53, RN B (S B R I8 RE > Ghese e 0
J1, BRIASHE 7R Pl s2 o6 25 Bep, BRI E A 4 1)
S
Ea = X 3 ﬁ ——————
7575 (5) $H szj?K (D Eﬂi‘ﬁ%/m& %R\JEE/]E K9 Data-reuploading ARy TR
MR — MR, H “ZL” HRENEE
#£3 MR ETIRERE
F5 VES [k AR iR AN VR R KIE
QD) t4-layer3-sh 0.998 9 0.936 5 09314 09139 0.5157
2) t4-layer6-sh 0.998 9 0.938 1 0.9303 0.9309 0.532 6
3) t8-layer3-sh 0.998 8 09413 0.9329 09311 0.548 6
(4) t4-layerl-mh 0.998 8 0.940 3 0.926 7 0.927 8 0.504 1
5 t4-layer3-mh 0.998 8 0.9410 0.9302 09237 0.554 0
6) t8-layer3-mh 0.998 8 0.943 1 09312 09172 0.5113
7 DRL-8 0.998 7 0.928 8 0.926 0 09227 0.426 7
(8) CMHSA-t8 0.998 7 0.940 1 0.9326 0.923 6 0.553 1
) CMHSA-t4 0.998 7 0.942 1 09311 0.9254 0.543 4
10) LSTM-t4 0.998 8 0.940 2 0.928 8 09330 0.4453
[QED) LSTM-t8 0.998 9 0.940 3 0.930 8 0.928 0 0.5122

LA, R EKE RN S, REXN T —
& NLP ) /3, BAIRZ M Transformer #87Y A] i i A7
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