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Abstract

High-frequency trading (HFT) has drawn extensive attention in the current financial market due to
its rapid capture of market price fluctuations and efficient arbitrage capabilities. Traditional meth-
ods often lack comprehensive modeling capabilities when dealing with high-frequency data, as the
data is complex, subject to noise interference, and characterized by rapid trend changes, posing sig-
nificant challenges to the accuracy of real-time decision-making and model interpretability. To ad-
dress these issues, this paper proposes a structural online classification model (SOC) based on
structural information embedding and momentum optimization. The SOC model constructs time
series features, local extremum features, and global relationship features through multi-level fea-
ture engineering to fully embed the structural information of high-frequency trading data. It com-
bines a two-layer clustering method (K-Means combined with hierarchical clustering) to reduce the
dimensionality and optimize high-dimensional features, significantly enhancing the transparency
and interpretability of the classifier. The model is improved using L2 regularization and covariance
regularization strategies, and the Adam optimizer is employed to achieve efficient momentum op-
timization. The performance of the SOC model was verified on high-frequency datasets such as the
CSI 300 Index and UR stocks. Experimental results show that the SOC model performs exceptionally
well in multiple metrics including classification accuracy, mean squared error, and F1 score. Specif-
ically, the classification accuracy of the CSI 300 Index reached 98.73%, significantly outperforming
traditional online learning models. By comparing the performance of traditional neural network
models and the online learning model (SOC) in classification and regression tasks, the improvement
directions of the online learning model were quantitatively analyzed. The experimental results
demonstrate that the SOC model outperforms traditional models in terms of prediction accuracy,
generalization ability, and memory efficiency (reducing memory usage by 67.5%), verifying the ef-
fectiveness of the online learning mechanism in dynamic data environments.
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Figure 1. Linear classification in high-frequency trading context
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Figure 2. Spider program functional module relationship diagram
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v, = sign(wat)
QPR AP SELNTIREE
Algorithm: Structured Online Classification (SOC)
INPUT: aggressiveness parameter C > (
INITIALIZE: w=(0,---,0)
For t=1,2,---:
Receive instance: x, € R”
Predict: J, =sign(w, -x,)
Receive correct label: y, e {-1,+1}

Suffer loss:

¢, =max (0,1-y, (w, -x,))

Update:

Compute gradient:
V=-yx + 4w+, w

Where X is the covariance matrix, capturing structural relationships among features.
Adam optimizer update:

First moment (momentum):

m, = Bim,_ +(1-B)V
Second moment (variance):

v, =By +(1-5,)V?

Bias correction:

~ m, v o= Y
' 1- :81[ Y 1- ﬂé
Weight update:
W, =W ™

Final Prediction:

24
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Use the final weight vector w to predict new samples:

p =sign(X-w)
4.3, REAIALIZIT
N T i SOC HERY 1) o SR B AN AT f e 1k, AW FC vt 1 — Rl T X2 SR 45 ANy KA sk id
FEITAT AL J7 i - B 5, P K-Means SN HE 3047 42 7 70 A G 45, R BT I 35 1) 3 2245 1 - K-Means
(1) B broad i i MR NP 7R 22, 3 n AN R K AN, AR R EOE R
J=2 X -l 25)

k=lieCy

Horr, G 5k MRAPREEE RS, x NEHES, w ARRIIG . 9HE BAERRE K, R A ARA I
THHEANF KA T HARRR S J IR, 24 AR BR80T Bt 54 W) B O 2 I 16 1 fo K
FE& R RISGET , Nt — DAAREAEA SRR, A TAEREA K-Means 7% N N KRS
JR RIS BB SR A B /MBS IB D R, LR B R AU
d(C;,C;)=min{|x, -x[:x, €C.x, e C,} (26)

Jof, d(C,C)) FoRE G MR C, B, x,, x, MEEAERAE A BVCREAML T N5, &
HR T R HSTT S 5 RO RO B R e . KM L e — 2 P TR PR U7 2250 =, (R4 S b
PLIEMRT, 3 TR B

5. SEREg it

N T B UEFTHR H 3 T S5 RS RN 5 Sl s AL s TR 1E 2 2 SRR A ke, AR SEaG e T
AR [ N S . AR 2R 2R ) HAE N IRAE . N T IR BT H A S5 R A TE 2R 4 SR RN (SOC) A R, 1 T
PR 300 FEHE. UR BRZE. SA BRZE. @idxfERE®R . MSE. R J7. F1 ST BEDEAS .

5.1. SuEBEN S

R ZHR BN, L2 IENAGSRERE 55E N 0.01; 07 Z IEMMLERE R BN 0.01 (); &)k E
4 0.001. PEACEETTT, FRATRA T Adam fifbds, I HSHORER: —MEE=REB)N 0.9, —kH
HIEIEMEP)N 0.999, BUHAEEH ()N 1e—8. {ELL¥AIREF, HtEm K/ EN 100, BRI
Z5 100 MEARJEEH —PARAIRE ., SOC HALEIZ D EHAE, X miad 5 =3 B SRk 47 serd fi,
TFRFR(E D)= E RIS

Table 1. Domain adaptation experiment results
= 1. G EENERER

HyEE HERZR (%) F1 18 ¥)J71% 2% (MSE) R-squared
PR 300 FEEL 98.73 0.986 0.015 0.981

UR 5 86.82 0.864 0.028 0.850

SA 5 82.24 0.815 0.032 0.831

VIR 300 FRECHIEERIEAE, UL F] 98.73%. UR A SA BRI e &, 330
HER A B, (H SOC BRLE T Bt 2k YR M B m AR k. 151 3 Jeom T AR R Al SRt SR A
RS R B AREAR A, Eh AT U R AR RERI G 0, I Zai SR A ) U138 T B Ja e sh UK
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Figure 3. Training vs validation loss curve
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Figure 4. Feature Importance analysis (ANOVA F-Value)
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Figure 5. Pairwise feature decision visualization plot
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Figure 6. K-Means clustering visualization (4 clusters)
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Double Clustering with Classification Decision Boundary
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Figure 7. Double clustering with classification decision boundary
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Figure 8. Time series visualization of features
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