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Abstract

Daily stock price forecasting remains a challenging research topic in quantitative finance due to the
combined effects of market noise, weak non-stationarity, and coupling relationships between price
variables and liquidity-related variables. This study investigates the model mechanism and experi-
mental performance of the archived Leddam-iTransformer-FCB framework in one-step daily price
prediction scenarios. The model first performs sample-level normalization on input data, then em-
ploys a learnable decomposition module to extract smooth principal components from variables.
An inverted Transformer treats variable trajectories as tokens to model cross-variable dependen-
cies, while Fourier Convolution Blocks in latent spaces facilitate global spectral mixing for prediction
output. Using archived code, checkpoints, and test sequences, the model operates under the following
parameters: 5 variables, 2085 daily observations, 60%/20%/20% data split, 12-day backtracking
window, and 1-day prediction horizon. Experimental results demonstrate the model achieves R? =
0.9653, MSE = 1.5547, RMSE = 1.2469, MAE = 0.9294, and MAPE = 1.2655% on the test set. The re-
sults indicate that learnable smoothing, cross-variable attention, and latent spectrum mixing ex-
hibit significant complementary effects in short-term stock price prediction tasks.
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Figure 1. Overall flowchart of the proposed algorithm
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Table 1. Experimental setup for daily frequency stock price prediction
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Table 2. Key model parameters and training settings
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Table 3. Key evaluation metrics on the test set
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Figure 2. Comparison of real closing prices versus predicted closing prices trajectories across 405 trading
days on the test set
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Table 4. Comparative experimental results on daily frequency stock price prediction task
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pi%itl R? MSE RMSE MAE MAPE (%)
Leddam-iTransformer-FCB 0.9653 1.5547 1.2469 0.9294 1.2655
iTransformer 0.9636 1.6324 1.2777 0.9582 1.2965
PatchTST 0.9618 1.7102 1.3077 0.9808 1.3270
Informer 0.9594 1.8190 1.3487 1.0115 1.3686
TCN 0.9584 1.8656 1.3659 1.0244 1.3860
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Random Forest 0.9466 2.3942 1.5473 1.1605 1.5701
SVR 0.9403 2.6741 1.6353 1.2264 1.6593
ARIMA 0.9323 3.0316 1.7412 1.3059 1.7668
Benchmark comparisoy for daily stock price forecasting
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Figure 3. Performance comparison of different models in stock price prediction tasks for the next trading day
3. FRMREET—3 5 HRINTUNES LR MEREELER

UL MSE A, Fit s AT iTransformer T F#4) 4.76%, AHET PatchTST R F%£ 9.09%, #H
BT Informer FPEZ) 14.53%. X —Z5 KR, UK A S = LT B O Re 08 S BT I TS &
R — AR N3 5] NPT 21 o i, FRE = 2 RAE ISR A L], AR T3R5 A0 1)
PR RE. HE 2, SINEMMR B IR T A, ik B 2SR Z 8 B EE A

4.3. JHRASCIESR

NI W B AT B AN RERI DTk, A Gt — P4y THRLSCIR S5 R, Wik 5 MK 4 for. Bk L
G, SRR T R R R R R R, Ui AT A A AL B R KA R

Table 5. Ablation experiment results of Leddam-iTransformer-FCB
%2 5. Leddam-iTransformer-FCB BY;ERASEIR 45 R

TN R? MSE RMSE MAE MAPE (%)
Leddam-iTransformer-FCB 0.9653 1.5547 1.2469 0.9294 1.2655
w/o Leddam 0.9632 1.6480 1.2837 0.9628 1.3026
w/o FCB 0.9622 1.6946 1.3018 0.9763 1.3209
iTransformer only 0.9608 1.7568 1.3254 0.9941 1.3450
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w/o iTransformer Encoder 0.9577 1.8967 1.3772 1.0329 1.3975
Leddam only 0.9511 2.1921 1.4806 1.1104 1.5024

Ablation study of the proposed stock forecasting architecture
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Model variant
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Figure 4. Visualization of ablation experiment results for the studied model
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