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Abstract

With the rapid development of computer technology, obtaining and storing high-frequency data is
no longer a difficult task. Research has found that due to the volatility matrix of high-frequency
data containing more information, the estimated covariance based on it will be more accurate. The
use of high-frequency data brings about the impact of microstructure noise, and the volatility of
assets has strong memory and persistence. Investors have heterogeneous characteristics, and the
estimation methods of traditional volatility matrices are not ideal. At the same time, when the to-
tal dimension exceeds the sample size, the traditional estimation methods will face the problem of
Curse of dimensionality. Different from previous prediction methods, this paper proposes a
CP-HAR model to predict high-frequency volatility matrix by combining the advantages of tensors
such as being able to store multi-dimensional information and having a stable structure with the
HAR model. The construction idea of this model is as follows: First, calculate the high-frequency
volatility matrix X1, X2, .., XT for T days and “stack” it by days to obtain a third order tensor

X € R Then, we decompose the third order tensor CP and deeply explore the factor matrix
that depicts the direction of the time dimension. That is, we use the HAR model to dynamically au-
toregressive model the vectors of T time series to obtain a prediction matrix. Finally, the predic-
tion matrix obtained is combined with the other two factor matrices obtained from the previous CP

decomposition to form a new tensor X, ¢ R”**/ , The high frequency volatility matrix of F 7x.J

is the predicted high frequency volatility matrix. In the empirical analysis section, high-frequency
data of 300 constituent stocks in Shanghai and Shenzhen are selected every 5 minutes. Based on
the capital asset fixed Fama French three factor model, all stocks are divided into 25 groups using
two strong explanatory factors: market value and book to market ratio. The volatility matrix is
calculated based on each group and the high-frequency volatility matrix is predicted using the
CP-HAR model. 65 volatility prediction matrices are obtained, and common indicators RMSE, MAE,
MAPE and R2 evaluate the prediction effect.
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Figure 1. CP-HAR construction process
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Figure 2. CP decomposition process
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Figure 3. Realized volatility of each group
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Table 1. Descriptive statistics
1. kgt
285 HA) i H A S A(127T) ETE (%)

group-1 6 2.21% 2097.98 0.62%
group-2 11 4.04% 3479.95 1.03%
group-3 14 5.15% 5023.56 1.48%
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Continued
group-4 16 5.88% 4412.04 1.30%
group-5 8 2.94% 2989.7 0.88%
group-6 9 3.31% 5037.86 1.49%
group-7 9 3.31% 5809.59 1.71%
group-8 11 4.04% 6066.3 1.79%
group-9 12 4.41% 6669.1 1.97%
group-10 6 2.21% 3692.61 1.09%
group-11 9 3.31% 7457.32 2.20%
group-12 14 5.15% 11869.68 3.50%
group-13 8 2.94% 6950.22 2.05%
group-14 12 4.41% 8949.49 2.64%
group-15 11 4.04% 9670.62 2.85%
group-16 12 4.41% 12708.59 3.75%
group-17 10 3.68% 10549.37 3.11%
group-18 10 3.68% 9640.94 2.84%
group-19 13 4.78% 17248.89 5.09%
group-20 13 4.78% 15863.39 4.68%
group-21 13 4.78% 40161.05 11.84%
group-22 11 4.04% 31864.08 9.40%
group-23 10 3.68% 29647.68 8.74%
group-24 6 2.21% 25816.6 7.61%
group-25 18 6.62% 55473.56 16.36%
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15.01x107  5.66x107 1.34x10° - .- 851x107 |

R 287 A RATRR A FR A IR BN “ e £E et e — D =Bk & &, e R, Wik 4.

—

(= 287x25%25
X, € R

Figure 4. Construction of tensors

4. SKEHEE

5.00E-07
4.00E-07
3.00E-07

2.00E-07
1.00E-07 ;
0.00E+00

Figure 5. Rank-n loss function
B 5. Rank-n 5k & #

TR Rank-n ITAUGIESHEHA E], 7F &) e R*PZ RN CP-HAR BALRARZ 1/, Jeffiwtt CP 4y
filEkk, FRe3|fEE EEAAMERE, A M Rank-1 3] Rank-5 Ffi Ebie I b F- ki &3&E 1 Rank {1, #3548
UEL 10000 ¥k, BEEE lambda 1 =1le—4, 2:>]F alpha=1le—4, &F 200 VSRR — A %, MEIFLE
BLEA Rank (HA FIEAEUR AN o B HUE S AR, WK 5.

Mg EE, nfDURILG e 2 /D> Rank (ME, HAK sR8UE —FFAaE0 2 BE&E SN AT, b
[F3EFE F Rank1 %] Ranks i 7EIEHIHT 3000 28 4000 XA 47, Rankl F| Rank5 fIHRAELHZE M
KEVZN, FEARWRD (I R B R — 3 2, (E VA CRUE AR 3E i 5l R AR CRAIELEUS SR 2k s A
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PRI BT R EIARAR A SR BRI, TEiETE RIS Rank (B0 R HISE 1, REROH I 2145 5% s 4L
PRSI TR ENESE ROFEA LTHES, 31 AR BRSBTS SR TR,
1 2 GEk A Rank B 5/ M55k bR BB A R RE AT

Table 2. Loss minimum function value

3% 2. loss R/MNREE

Rank {H Rankl Rank2 Rank3 Rank4 Rank5
/MR K R EUE 7.98E—12 7.46E—12 6.90E—12 6.95E-12 7.00E—12
X R AIREL 2799 4399 5599 6799 7199

I3 2, PRI Rank3 FRI SR /NI 2k BB 2 B AR I 6.90E-12, HLI/Z Rank4 A 6.95E-12, 55 Rank3
FHZEAK, Rankl 5 Rank2 BUHE A SEHRRHAEEAEL, 58S THRsA, FrbiAR sk
RN 3.

KRN TR E A, e RPN CP-HAR BLAUKRAR, X B G /N RGN R 3, WEIIER
WHCN 5800 Y. FfE lambda 1 = le — 4. 243 % alpha = le — 4 4 =ANKNTHERE A B. € (FRE FLALN
HOLLK 65 AN, Bl O, 0, 05 (G5 3 Bl 15 K 0)ESH, BERERIT:

0.05217 0.02877 0.05226 --- 0.02728
A=| 0.03959 0.01942 0.01738 --- 0.02945
—0.00124 0.04297 0.01274 --- 0.05714

[0.00553 0.00395 0.00369 --- 0.00195 ]
B=]0.00573 0.00415 0.00491 --- 0.00126
| 0.00591 0.00421 0.00374 --- 0.00163 |

[0.00555 0.00395 0.00369 --- 0.00195]
C=|0.00574 0.00415 0.00491 --- 0.00126
10.00592  0.00421 0.00374 --- 0.00164 |

Table 3. Q; value from the first 15 days (rounded to four decimal places in the table)
3. B 15 REYE O GRPEREBIEGI/NE

day q1.1 q1.2 q13 q1.4 q1.5 q1.6 917 q1.8 q1.9
2021/09/27 —0.0393 0.1996 -0.9817 —0.0096 0.1726 —0.3925 -0.0416 0.3016 0.0043

2021/09/28 —0.0383 0.1912 —-1.0166  —0.0066 0.1923 -0.4023  —0.0415 0.3120 0.0292
2021/09/29  —0.0283 0.1889 —-1.0165  —0.0048 0.1871 —-0.4397  —0.0403 0.2792  —0.0417
2021/09/30  —0.0014 0.1633 —-1.0397  -0.0235 0.2621 -0.4143  —-0.0367 0.3133 0.0016
2021/10/08 0.0031 0.1827 -1.0299  -0.0262 0.2563 -0.3976  —0.0292 0.3096  —0.0330
2021/10/11 0.0027 0.1837 —-1.0352  —0.0283 0.2615 —-0.3930  —0.0324 03154  —0.0232
2021/10/12  —0.0007 0.1982 -1.0371  —0.0332 0.2534 -0.3741  —0.0306 0.3068  —0.0025
2021/10/13 —0.0029 0.2124 —0.9864  —0.0359 0.2408 -0.3946  —0.0218 0.3034  —0.0844
2021/10/14  —0.0243 0.2364 —0.9312  —0.0464 0.2734 -0.4991  —-0.0430 03522 —0.2464
2021/10/15 —0.0370 0.2313 —0.8770  —0.0478 0.2851 -0.5617  —0.0401 03811  —0.3620
2021/10/18 —0.0323 0.2485 —0.9038  —0.0471 0.2762 -0.4984  —0.0322 03690  —0.3077
2021/10/19  —0.0346 0.2505 —0.8771  —0.0473 0.2745 —-0.5007  —0.0329 0.3662  —-0.3320
2021/10/20  —0.0325 0.2260 —-0.7933  —-0.0411 0.2775 -0.5702  —-0.0364 0.3440  —-0.4243
2021/10/21 —0.0441 0.1855 —0.6618  —0.0615 0.3157 —-0.7367  —0.0406 0.2953  —0.5954
2021/10/22  —0.0473 0.1725 —0.6167  —0.0533 0.3230 -0.7946  —0.0269 0.2687  —0.6667
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FAFENEIE CP-HAR BT AR D (PR Tl N D)
0.03779 0.05390 0.05251 --- 0.02690
D =|0.04700 0.05124 0.05186 --- 0.02815
0.03667 0.05219 0.04093 --- 0.03698

H B. C FEFES TSR D FERAE A=A FHRERRE R E LG IR S — A =Rk &
Xy e R, i REMIE 65 4> 25 x 25 M m s F /0, a6, B2y CP-HAR BT i

BEHRE
1
1 £
1 £
I L
AN =
Zn c R65x25x25 :
0
Figure 6. Tensor split volatility matrix
6. KEBIRDERNRIEME
TR J5 ) 65 A fEris 21 2R A5 3 ) A «
[3.98x10° 2.86x10° 2.91x10° - - 1.10x10°° |
2.86x107° 2.05x10° 2.09%x10° .- ... 7.89x107
2.91x10° 2.09x10° 2.16x10° ... ... 7.87x107
[1.10x10°  7.89x107 7.87x107 -+ .- 3.16x107 |
[2.08x10° 6.86x107 6.48x107 - - 6.67x107 |
6.35x107 1.36x10° 1.44x10° ... ... 6.42x1077
5.66x107  1.53x10° 6.36x10° -+ - 9.69%x107
15.09x107  7.87x107 1.66x10° -+ - 9.73x107 |

5. CP-HAR #ERIFN 5 B4
5.1. CP-HAR =& BIFLN

ARSI IR WP R AR CP-HAR B () TN AU & BORBEAT VRN 206, PR 4R R B0 45 23
J7 HR 1% %5 (Root Mean Squared Error, RMSE), “F-¥J#&%Ti% %(Mean Absolute Percentage Error, MAE). P
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Y4451 H 4y LR 2% (Mean Absolute Percentage Error, MAPE) LA K AT 4 %0 R2, RMSE. MAE. MAPE j#
AN, BEHZAE R ) FOAE 5 B E T, T AR T . R2 BRI 1, U B AR 2R 5 A A 0 U 40
B IR Bk v
CP-HAR F RIS 3 (F TG 5 B SEE HL S 25 x 25 MR ER MR, ST E 65 KAHNME 5 B L iR 2,

WX e P4 AT h ELHES AT AAS BRI R R 3E 625 AT AT 1A &, H4 1% Ee AT [m) B R B 70 3R AT 28 R ZE B IE
PERIXTEG, 38 2040t LSRR Bl 2R PR 2 e 2R A B FR0,  [RIAEEERL 0.8 S-AE IR BN 18] & ik
AN, 193] 65 ML HAR-RV BTN ) S A sh #3550, [RIREHR: HAR-RV BB TN 65 M
FERFERE R RN ST R S FSHE A TR ZE . 132 PE R bR E, BAR W 4.

Table 4. Various error indicators

4. BIRERR

i RMSE MAE MAPE R?
CP-HAR 3.4786E—07 2.3893E—07 21.29128 0.561426
HAR-RV 4.0575E-07 2.6275E-07 22.47512 0.507934

RMSE. MAE 73l 3R T BRI AR Z GO, WA IR ZE M EH CP-HAR BALAHEL T HAR-RV
BRI RHE IR 72 . IAHXT R ZE I M BE R, MAPE 222 REWE VT A5 AN [F) AR %o T8 [R] $ci 1)
AR, BOKH MAPE [ WU R TION 1 25 AR LG T B SHE A 4G B R 2 8E, JEid LR A5 H CP-HAR
FEAI L HAR-RV AU /D T %) 5.4%0) MAPE 2% . MR 3AFERE MEHR, CP-HAR AL n ik R
R R AFF HAR-RV 82584, Pil CP-HAR BEEUEE A7 A T REAME . Z7 6 L DU/ R RR, LK
ZE4 CP-HAR MR AT vk 2%, W LIS H CP-HAR R 78 0 AT S0 I _EBUAS 7 AR SR, A EL
T HAR-RV HER A 25 RS i 1R85 3 Tl e

52. AXRBLE

AR Tk R R AT 2 4P A5 B B MR oe S50 R, JREET R E CP A RETE SRR B A Hh L 34
H54rtE, f#3 5 HAR-RV FERAHZE & 32t CP-HAR R A T i i sh 240 B, BN —ANAR R £ 5
J5 T 0 A SR A . SEUEE AR . CP-HAR B0 T 75 28] (1) v B8 20 2R R o2 TR0 28 SR PO A
5% RMSE. MAE. MAPE UL} R* ERBIRAF, Bl CP-HAR A7 BEML AR 4 i 0000 AT Sl R B, AH
ECT HAR-RV #5804 25 50RE Hff ¥ 38k 2 Tl e
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