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Abstract
Forecasting cryptocurrency prices remains challenging due to extreme volatility, regime‐dependent
dynamics, and unstable cross‐asset correlations. Statistical methods such as ARIMA and GARCH
assume stationarity and linear dependence structures, making them inadequate for capturing
non‐linear temporal patterns in high volatile cryptocurrency data. Conventional machine learning
methods often require hand‐crafted features and fail to capture the sequential temporal depen‐
dencies inherent in price series. Recurrent deep learning approaches such as recurrent neural
networks (RNNs) and LSTMs address the issues but suffer from limited parallelization, vanishing
gradients, and difficulty in learning multi‐scale temporal patterns. The advances in Transformer
have demonstrated strong capability in capturing long‐range temporal dependencies through self‐
attention while enabling parallel computation. However, canonical Transformer still struggle with
noisy, volatile financial time series due to computational complexity and sensitivity to irrelevant
temporal patterns. These limitations motivate the exploration of Transformer‐based architectures.
Our study makes three key contributions. First, we propose MSPCIFormer, a novel Transformer‐
based architecture that integrates multi‐scale patching with channel‐independent (CI) modeling
to capture heterogeneous temporal dynamics while mitigating noise from time‐varying inter‐asset
correlations. Second, we conduct comprehensive experiments comparingMSPCIFormer with state‐
of‐the‐art Transformer models and strong time‐series forecasting baselines, evaluated using both
statistical and economic metrics across multiple forecasting horizons. Third, we establish a uni‐
fied evaluation framework incorporating both Hold‐out and Walk‐forward evaluation framework
with economical metrics for regime‐robustness testing. Empirical results demonstrate that MSPCI‐
Former achieves the best or tied‐best predictive accuracy among all Transformer‐based baselines
across three cryptocurrency assets, while maintaining competitive and stable performance across
diverse market regimes.
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1 INTRODUCTION

Since their inception with the white paper of Satoshi Nakamoto
(Nakamoto, 2008) proposing a decentralized, peer‐to‐peer electronic
cash system, Cryptocurrencies have transitioned from experimental dig‐
ital currencies to mainstream financial assets (Wątorek et al., 2023).
They have been increasingly adopted by hedge funds and institutional
investors. PwC’s 2025 Annual Global Crypto Hedge Fund Report indi‐
cates that 55% of traditional hedge funds surveyed has exposure to
digital assets, up from 47% in 2024, reflecting a growing trend in insti‐
tutional adoption (PWC, 2025). As of 18 December 2025, Bitcoin has

reached a global market capitalization of $1.7 trillion (CoinMarketCap,
2025), reflecting its dominance and mainstream acceptance. However,
Bitcoin’s reliance on the energy‐intensive Proof‐of‐Work (PoW) consen‐
sus mechanism raises significant environmental concerns. In contrast,
newer cryptocurrencies have adopted eco‐friendly consensus proto‐
cols to balance innovation with sustainability. Among these, Cardano
(ADA) has emerged as a leading alternative, with a market capitaliza‐
tion of $13 billion, ranking it among the top 10 cryptocurrencies as
of 18 December 2025 (CoinMarketCap, 2025). ADA stands out as an
eco‐friendly cryptocurrency, leveraging a Proof‐of‐Stake (PoS) proto‐
col that achieves substantial energy efficiency while ensuring scalability
and security (Jayavarma et al., 2025). With PoS, users can stake ADA
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tokens for network validation and governance, thereby promoting a
decentralized and energy efficient ecosystem that is attractive to in‐
vestors seeking sustainable alternatives to comparable Proof‐of‐Work
coins (Iuga et al., 2024). In addition, research (Anderson, 2023) iden‐
tifies a pronounced lead‐lag dynamic between Bitcoin and Cardano,
in which Bitcoin consistently anticipates subsequent movements in
ADA with a quantifiable delay. Furthermore, a recent study B. Chen
& Sun (2024) shows that ADA acts as net exporter of both skewness
and kurtosis spillovers, suggesting that its return distributions signifi‐
cantly influence the broader market. These studies suggest that ADA is
embedded within a broader information transmission structure in the
cryptocurrency market, making it an informative asset for examining
price predictability and cross‐asset spillover behavior.
Accurate price forecasting for ADA is thus essential to mitigate

risks and optimize returns in its volatile market. However, a recent sur‐
vey reports (Yousaf et al., 2025) that among the 234 cryptocurrency
forecasting studies published from 2016 to 2023, only 1.8% of deep
learning‐based forecasting studies cover ADA, highlighting a substantial
gap in the existing literature.
To bridge this gap, it is essential to understand the various method‐

ologies used to forecast cryptocurrency prices. Our review of the
literature categorizes the prevailing cryptocurrency forecastingmethod‐
ologies into three primary types of frameworks: statistical models (Zhu,
2023; H. Yildirim & Bekun, 2023), conventional machine learning algo‐
rithms (Chaudhary & Saroj, 2023; Alsini et al., 2024; Z. Zhou et al., 2023),
and deep learning architectures (Seabe et al., 2023; Kiram et al., 2025;
Omole & Enke, 2024; Bourday et al., 2024). While statistical models
like ARIMA remain widely used in time series forecasting, they pos‐
sess inherent structural constraints. Notably, these models are typically
built on the assumptions of linearity and stationarity (Tang & Xie, 2025;
Madhulatha & Ghori, 2025) and necessitate domain‐specific configura‐
tions such as trend, seasonality and differencing, making the modeling
process time consuming and error‐prone (Li et al., 2020). To mitigate
these structural deficiencies, conventional machine learning (Z. Zhou
et al., 2023; Alsini et al., 2024) and deep learning frameworks (Kiram
et al., 2025; Omole & Enke, 2024) have been introduced. Despite their
potential, machine learning and deep learning models frequently yield
forecasting discrepancies due to the inherent complexities of cryptocur‐
rency time series such as high volatility and regime† shifts (Kehinde et al.,
2025), and vanishing and exploding gradients, which restrict their abil‐
ity to capture long‐term temporal dependencies (Li et al., 2020; T. Zhou
et al., 2022; Zerveas et al., 2021).
Introduced by Vaswani et al. (Vaswani et al., 2017), the Transformer

architecture replaced recurrence and convolution with a parallelizable
multi‐head self‐attention mechanism that is capable of modeling long‐
term dependencies, enabling it to capture temporal patterns without

† Cryptocurrency market regimes are defined based on volatility: Low volatility
(price movement is stable and predictable), high volatility (risker but with greater
return potential) and distress (sharp downward movements)(Agakishiev et al.,
2025).

the gradient vanishing or exploding issue. After Transformer‐basedmod‐
els success in natural language processing (Devlin et al., 2019) and
computer vision (Dosovitskiy et al., 2021), studies (Nie et al., 2023;
Y. Liu et al., 2024; Cai et al., 2023) have increasingly demonstrated
their effectiveness in time series forecasting. In this context, recent
studies have shown that patching techniques can improve the accuracy
and computational efficiency of Transformers. However, despite the
demonstrated success of Transformer architectures in cryptocurrency
price forecasting (Singh & Bhat, 2024; Kehinde et al., 2025; B. Yildirim
& Taskiran, 2024), only a small proportion of existing studies (approxi‐
mately 1% (Yousaf et al., 2025)) employ Transformer‐based models and
the application of patching techniques in cryptocurrency forecasting
remains relatively underexplored and has not yet been systematically
evaluated, revealing a notable gap in the existing literature. In addition,
existing studies suggest that many cryptocurrency forecasting models
exhibit strong performance under backtesting, yet may not generalize
well in real‐world application (Yousaf et al., 2025; Ang et al., 2026).
This highlights the limited adoption of forward‐testing frameworks and
economically meaningful evaluation measures. These limitations under‐
score the need for a systemic investigation into Transformer‐based
models under realistic evaluation frameworks to better understand their
robustness and to enable their effective adaption and optimization for
cryptocurrency markets.
This study addresses the aforementioned gaps through the following

contributions:

• We propose a Multi‐Scale Patching Channel‐Independent Trans‐
former (MSPCIFormer) for cryptocurrency forecasting. The pro‐
posed method enhances the canonical Transformer through multi‐
scale patching strategy that captures diverse temporal patterns
and reduces computational complexities. In addition, its channel‐
independent processing is shown to mitigate the noise introduced
by time‐varying cross‐cryptocurrency relationships (Wątorek et al.,
2025) in the data.

• We propose a unified evaluation framework for financial time se‐
ries forecasting that integrates hold‐out validation, walk‐forward
validation, and both statistical and economic evaluation metrics
to enable reproducible and practically relevant evaluation. Within
this framework,MSPCIFormer is comprehensively evaluated against
state‐of‐the‐art (SOTA) Transformer‐based architectures and estab‐
lished time series forecasting baselines. Furthermore, computational
efficiency is assessed through training time per epoch, inference la‐
tency, and memory consumption, providing a holistic evaluation of
predictive accuracy, robustness, and practical deployment feasibil‐
ity.

• BeyondBTC and ETH,which are primary focus ofmost existing cryp‐
tocurrency forecasting studies (Yousaf et al., 2025), we extend our
experiments to ADA price data, providing a more comprehensive
evaluation of model generalisability across diverse cryptocurrency
market dynamics.
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The remainder of this paper is structured as follows: Chapter 2 re‐
views the existing studies on cryptocurrencies price prediction; outlines
the weakness of the canonical Transformer for time series forecasting;
and surveys techniques adopted by SOTA Transformer‐based time se‐
ries forecasting models to address the limitations. Chapter 3 details
the architecture of our proposed model. Chapter 4 describes the ex‐
periments setup. Chapter 5 presents a comprehensive evaluation of
MSPCIFormer against SOTA Transformer‐basedmodels and established
time series forecasting models for cryptocurrency price forecasting. Fi‐
nally, Chapter 6 summarizes the main findings and outlines directions
for future research.

2 RELATEDWORK

This chapter reviews the existing literature on cryptocurrency price fore‐
casting, outlining the limitations of statistical methods, conventional
machine learning models, and deep learning approaches. Although the
canonical Transformer has demonstrated strong capability in capturing
long‐term temporal dependencies without suffering from the vanishing‐
gradient issues inherent in recurrent architectures (Vaswani et al., 2017),
Section 2.2 highlights its limitations when applied to time‐series fore‐
casting. Sections 2.3, 2.4, and 2.5 then examine SOTA Transformer‐
based time series forecasting architectures and survey the techniques
employed to enhance the Transformer’s performance in this domain.
Despite its theoretical advantages, the Transformer remains relatively
underexplored in the context of cryptocurrency forecasting, leaving an
important gap in the current literature.

2.1 Cryptocurrency price forecasting
methodologies

The growing interest from both institutional and individual investors
has made cryptocurrency price forecasting a significant research topic.
Numerous studies have employed a wide range of models to cap‐
ture temporal patterns in cryptocurrency data. These approaches can
broadly be categorized into statistical methods, conventional machine
learning techniques, and deep learning models.
Statistical models are mathematical frameworks that produce quan‐

tifiable predictions by leveraging statistical assumptions and probabilis‐
tic processes (Otabek & Choi, 2024). ARIMA is one of the most widely
used statical models in cryptocurrency forecasting. It utilizes its own
lagged values and lagged forecast error to facilitate the forecasting of
future values (Otabek & Choi, 2024). Azari’s study (Azari, 2019) exam‐
ined the effectiveness of ARIMA for cryptocurrency forecasting using
Bitcoin closing price data in USD from September 2015 to Septem‐
ber 2018. The results show that ARIMA performs well in short‐term
forecasting, particularly when the price is stable. However, for long‐
term forecasting, the model is error‐prone. Similarly, Yang (Si, 2022)
conducted a comparative analysis of ARIMA models with different
hyperparameter configurations using daily Bitcoin closing prices from

January 2017 to September 2022. The study found that ARIMA consis‐
tently struggle to accommodate price fluctuations and is more effective
for short‐term forecasting than for longer‐term predictions. Latif et al.
(Latif et al., 2023) compared the ARIMAmodel and the Long Short‐Term
Memory (LSTM) model using one year of BTC closing price data at 10‐
minute intervals, spanning December 21, 2020, to December 21, 2021.
The results showed that the LSTMmodel outperformed ARIMA, achiev‐
ing an accuracy of 99.73%. These studies underscore the limitations
of classical statistical models in capturing the nonlinear dynamics and
extreme volatility inherent in cryptocurrency markets. Their shortcom‐
ings highlight the need for more robust approaches to achieve improved
forecasting accuracy and stability.
To overcome the limitations of statistical models, the use of machine

learning techniques in cryptocurrency research has increased in recent
years (Ren et al., 2022). Chaudhary and Saroj (Chaudhary & Saroj, 2023)
compared linear regression (LR), support vector machines (SVM), and
decision trees (DT) for forecasting the next 5 days of BTC, ETH, DOGE,
and BCH closing prices. Their experiments used daily price data from
31 December 2016 to 21 May 2022 for BTC, ETH, and DOGE, and
from 23 July 2017 to 20 May 2022 for BCH. LR served as a linear
baseline, SVM as a non‐linear kernel‐based model, and DT as a simple
tree‐based learner. The results show that LR delivered the most consis‐
tent performance and achieved the highest accuracy for BTC (98.61%).
SVM performed best on BCH (92.92%) but poorly on DOGE, indicat‐
ing sensitivity to data characteristics. DT produced stable but generally
inferior predictions. Overall, the study suggests that while non‐linear
ML models can be advantageous under certain conditions, simple linear
models may still provide strong and reliable forecasts for more stable
cryptocurrencies such as Bitcoin. Similarly, Acosta et al. (Acosta &Arana,
2023) evaluated the forecasting performance of SVM, LSTM, and Bidi‐
rectional LSTM (BiLSTM) models using daily Cardano data, including
open, close, high, low, and volume metrics, from January 2021 to April
2023. Their findings indicate that BiLSTM outperforms SVM and LSTM
for prediction horizons of two and three weeks, achieving lower error
rates, while all three models exhibit comparable accuracy for one‐day,
one‐week, and one‐month forecasts. Alsini et al. (Alsini et al., 2024)
evaluated a Bagged Tree (BT) ensemble for generating cryptocurrency
buy signals using 15‐minute OHLCV data for BTC, ETH, ADA, and BNB
from November 2018 to November 2021. After constructing features
from raw prices and technical indicators, the BT model was compared
against DT, KNN, neural networks, and random forests (RF). The re‐
sults show that BT achieved leading or near‐leading performance across
all signal types, including 100% accuracy for RSI_buy_signal (tied with
DT and RF), 95.73% for MACD_buy_signal (best overall), and 89.39%
for BB_buy_signal (second to RF). These findings indicate that BT is
an effective method for producing reliable trading signals in volatile
cryptocurrency markets.
While traditional machine learning methods have improved cryp‐

tocurrency forecasting, deep learning approaches have emerged as a
powerful alternative (Alnami et al., 2025). Ahmadi et al. (Ahmadi et al.,
2024) compared Multi‐Layer Perceptrons (MLP) and Simple Recurrent
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Neural Networks (SimpleRNN) for ADA, BTC, ETH, BNB, and XRP, using
dialy price data from 2017 to December 2023, incorporating features
like simple moving averages (SMA), exponential moving averages (EMA),
and trading volume. They found MLP achieved a lower MSE (0.000296)
than SimpleRNN (0.000779) for ADA price prediction, highlighting the
potential of feedforward neural networks. Using daily prices of ten ma‐
jor cryptocurrencies, including ADA, from November 2017 to Septem‐
ber 2022, AlMadany et al. (AlMadany et al., 2024) evaluated a range of
models: ARMA, GARCH, EGARCH, LSTM, and hybrid models such as
EGARCH‐LSTM. Their results indicate that hybrid models, particularly
EGARCH‐LSTM, slightly outperform others across coins, though gains
are marginal for ADA. Penmetsa et al. (Penmetsa & Vemula, 2023) con‐
ducted a comparative analysis of LSTMand Transformermodels for next
day price prediction of BTC, ETH, and LTC, using the preceding 10 days
of data as input. The dataset comprised 1463 days of daily open, high,
low, close prices, and trading volume for these cryptocurrencies, start‐
ing from June 16, 2019 to June 16 2023, covering many momentous
events such as Covid lockdowns, the outbreak of the Russia‐Ukraine,
trade disputes between US and China. They found that the Transformer
model outperformed LSTM, and the inclusion of momentum and volatil‐
ity indicators further improved the performance of bothmodels. Yildirim
et al. (B. Yildirim & Taskiran, 2024) proposed the Optuna‐Based Opti‐
mized Transformer (OBOT) for Bitcoin price forecasting. Before applying
the vanilla Transformer model, an Optuna‐based optimization process
was conducted to select appropriate hyperparameters. The study uti‐
lized a dataset of historical Bitcoin closing prices, recorded at 4‐hour
intervals, from January 1, 2020, to January 1, 2024. OBOT was com‐
pared with ARIMA, ARIMAX, eXtreme Gradient Boosting (XGBoost),
Artificial Neural Networks (ANN), Recurrent Neural Networks (RNN),
LSTM, Stacked LSTM, Bi‐Directional LSTM, and Temporal Convolutional
Network (TCN). The results demonstrated that the proposed method
outperformed all other models, achieving an Root mean Squared Error
(RMSE) of 0.0079 and a Mean Absolute Error (MAE) of 0.0122.
Although the machine learning methods and deep learning methods

have shown their potential, they demonstrate forecasting discrepancies
due to the high volatility and regime shifts features in cryptocurrency
market (Kehinde et al., 2025), and the inherent vanishing and exploding
gradients problems (Li et al., 2020; T. Zhou et al., 2022; Zerveas et al.,
2021). Built upon self‐attention mechanism, Transformer‐based models
are able to capture complex temporal patterns while mitigating gradient
instability (Kehinde et al., 2025; Zerveas et al., 2021). Studies such as
(Penmetsa & Vemula, 2023; B. Yildirim & Taskiran, 2024) have demon‐
strated the effectiveness of Transformer models for cryptocurrency
forecasting, however, the overall body of research applying Transformer‐
based architectures in this domain remains limited (Yousaf et al., 2025).
In addition, although prior studies have examined ADA price forecast‐
ing (Alsini et al., 2024; Ahmadi et al., 2024), the majority of existing
research focus primarily on BTC and ETH, leaving merging, eco‐friendly
altcoins like ADA underexplored. Moreover, the survey studies (John
et al., 2024; Yousaf et al., 2025) emphasize that variations in datasets

and evaluation metrics in prior research make rigorous and fair compar‐
isons between forecasting models difficult. To mitigate the problem, the
authors suggest a standardized evaluation framework that allows con‐
trolled and reproducible experimentation alongside open‐source code
to facilitate reproducibility, validation and further research. Following
the suggestions, this study adopts a standardized time series forecast‐
ing (TSF) framework originally proposed by Zhou et al (H. Zhou et al.,
2021), which has since been widely adopted in TSF research works (Nie
et al., 2023; Y. Liu et al., 2024; Cai et al., 2023; T. Zhou et al., 2022; Wu
et al., 2022). Building upon this framework, we further integrate walk‐
forward validation and economically meaningful evaluation metrics to
facilitate evaluation of cryptocurrency forecasting models. To address
the aforementioned gaps, we evaluate MSPCIFormer on BTC, ETH and
ADA under the proposed evaluation framework using both statistical
and economically meaningful evaluation metrics to comprehensively
assess the models performance against SOTA benchmark methods.

2.2 The vanilla Transformer model on
time series forecasting

The core of the Transformer’s success lies in its multi‐head attention
mechanism, which allows the model to selectively focus on any seg‐
ment of the historical data, making it efficient on identifying recurring
patterns with long‐term dependencies (Li et al., 2020). However, the
canonical Transformer faces limitations: quadratic computational com‐
plexity and insufficient handling of temporal patterns. The self‐attention
mechanism’s dot product operates between token embeddings, which
introduces quadratic complexity with respect to sequence length, mak‐
ing it computationally prohibitive for long time series. Moreover, the
atomic nature of this operation hinders the model’s ability to capture
intrinsic information at varying time scales (T. Zhou et al., 2022). It is
known that this can make the model prone to anomalies and bring un‐
derlying optimization issues (Li et al., 2020). To address these challenges,
Transformer variants (Li et al., 2020; H. Zhou et al., 2021; Wu et al.,
2022; T. Zhou et al., 2022; S. Liu et al., 2022; Zhang & Yan, 2023; Cai
et al., 2023; Wang et al., 2024; Cai et al., 2023; Y. Liu et al., 2024), have
been proposed, offering improvements in both computational efficiency
and ability to capture temporal dynamics, thus enhancing Transformer’s
performance in time series forecasting.
Table 1 presents an overview of the enhancement strategies adopted

by SOTA Transformer variants, including their attention computation
complexities and the datasets utilized to assess their performance
and effectiveness. Table 2 offers detailed descriptions of each dataset.
While these SOTA models have been validated on diverse real‐world
datasets and shown to outperform various deep learning and machine
learning baselines, it is noteworthy that their evaluation on cryptocur‐
rency price data remains limited.
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TAB L E 1 Transformer‐based models. The table is organized chronologically by publication date and ranked by the computational complexity
of the attention mechanism.

Model Method Attention Complexity Dataset (see Table 2)

LogSparse (Li et al., 2020) Sparse attention O(L(log L)2) Synthetic dataset; Electric‐
ity (fine); Traffic (fine); Traf‐
fic (coarse); Solar; Wind

Informer (H. Zhou et al., 2021) Sparse attention with ProbSparse O(L log L) ETT; ECL; Weather
Autoformer (Wu et al., 2022) Sparse attention with auto‐correlation O(L log L) ETT; Electricity; Exchange;

Traffic; Weather2; Illness
Fedformer (T. Zhou et al., 2022) Frequency‐enhanced attention O(L) ETT; Electricity; Exchange;

Weather2; Illness
Pyraformer (S. Liu et al., 2022) Pyramidal attention module O(L) Wind2; App Flow; Electric‐

ity2; ETT
Crossformer (Zhang & Yan, 2023) Two‐stage attention (TSA) with patching O

(
(L/P)2

)
ETT;Weather; ECL; Illness;
Traffic

MSGNet (Cai et al., 2023) Patching with graph convolution O
(
(L/P)2

)
Flight; Weather; ETT; Elec‐
tricity; Exchange

TimeXer (Wang et al., 2024) Patching with cross‐variable attention O
(
(L/P)2

)
ECL; Weather; ETT; Traffic

iTransformer (Y. Liu et al., 2024) Channel‐dependent attention with patching
(M= length)

O(M2) ETT; Electricity; Exchange;
Traffic; Weather2; Solar;
PEMS

MSPatch (Cao et al., 2025) Multi‐scale patching with hybrid patch convolu‐
tion

O
(
(L/P)2

)
ETT; Weather; Solar; Elec‐
tricity; Traffic

2.3 Reducing computational complexity
of Transformer

In an effort to mitigate the computational complexity of the attention
mechanism in Transformers, LogSparse (Li et al., 2020) was proposed
by Li et al. which introduces sparsity into the attention operation. As
noted previously, in the standard attention mechanism, each data point
attends to all previous data points, leading to quadratic complexity. In
contrast, LogSparse restricts attention by allowing each data point to
attend only to a subset of previous data points, with an exponentially
increasing step size, in addition to attending to itself. This modification
reduces the computational complexity from quadratic toO(L(LogL)2).
Informer (H. Zhou et al., 2021) and Autoformer (Wu et al., 2022)

have taken a further step by improving the complexity to O(L(logL)).
The Informer model introduced ProbSparse attentionwhich allows each
key to attend only to a limited number of the most significant queries,
rather than all queries. This is accomplished by assessing a sparsity mea‐
sure for each query and selecting only the top queries based on this
metric. The Autoformer model achieves efficiency through its novel de‐
sign that incorporate a decomposition strategy. It separates seasonal
and trend components, allowing the model to focus on capturing long‐
range dependencies more efficiently. Instead of point wise attention,
the Autoformer model introduced an Auto‐Correlation mechanism that
aggregates sub‐series by similarity from underlying periods. Benefiting

from the inherent sparsity and sub‐series‐level representation aggrega‐
tion, This Auto‐Correlation mechanism can simultaneously benefit the
computation efficiency and information utilization (Wu et al., 2022).
More recently, Fedformer (T. Zhou et al., 2022) and Pyraformer (S. Liu

et al., 2022) have achieved an even greater reduction, bringing the com‐
plexity down to O(L). Fedformer employs a decomposition strategy
that separates seasonal and trend components, along with a frequency
domain strategy that randomly selects a fixed number of Fourier compo‐
nents. This innovative combination allows Fedformer to achieve linear
complexity while maintaining high accuracy. Pyraformer introduced
Pyramidal Attention Module (PAM) which can be depicted as a pyrami‐
dal graph. In this architecture, each node a specific level of temporal
resolution, forming a pyramidal graph. Attention scores are computed
between nodes connected within this hierarchical structure, allowing
Pyraformer to capture both inter‐scale(between different resolutions)
and intra‐scale (within the same resolution) dependencies effectively,
achieving sparsity in attention calculations.

2.4 Patching ‐ Enhancing temporal infor‐
mation modeling and reducing computational
complexity for Transformer

Applying the vanilla attention mechanism to time series data, the dot
product operation is applied on single time steps. However, a single time
step in a time sequence does not have semantic meaning like a word
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TAB L E 2 Dataset description. This table presents detailed descriptions of the datasets utilized by the Transformer‐based models.

Data Description References

Synthetic datase Data generated using a set of sinusoidal signals. (Li et al., 2020)
Electricity‐f (fine) 15 min electricity usage data from 370 cus‐

tomers.
(Li et al., 2020)

Electricity‐c (coarse) As Electricity‐c but for hourly intervals. (Li et al., 2020)
Traffic‐f (fine) 20 min occupancy data for 963 freeways in SF,

CA.
(Li et al., 2020)

Traffic‐c (coarse) As Traffic‐f (fine) but for hourly intervals. (Li et al., 2020)
Solar Hourly solar power data from 137 PV plants in

AL from 01/2006‐08/2006.
(Li et al., 2020)

Wind Daily energy potential estimates from 28 coun‐
tries 1986‐2015, data as a percent of plant max
output.

(Li et al., 2020)

M4 Consists of 414 hourly time series from the M4
competition.

(Makridakis et al., 2018)

ETT (Electricity transformer Temperature) 2 years of data from two Chinese counties, com‐
prises: ETTh1&ETTh2(1 hour frequency). Data
points comprise oil temperature and 6 associ‐
ated power load features.

(H. Zhou et al., 2021)

ECL (Electricity Consuming Load) Derived from electricity‐c and electricity‐f
datasets (above, due to missing values in these)
ECL has 2 years hourly electricity consumption
data.

(H. Zhou et al., 2021)

Weather Contains hourly observations of local climate
data for approx 1600 US locations from 2010‐
2013.

(H. Zhou et al., 2021)

Electricity Hourly consumption data from 321 customers
2012‐2014.

(Wu et al., 2022)

Exchange Daily data for 8 countries (Aus, NZ, UK, Canada,
Switzerland, China, Japan, Singapore) 1990‐
2016.

(Lai et al., 2018)

Traffic Hourly road occupancy freeway sensor data
from SF Bay Area (from Caltrans).

Wu et al. (Wu et al., 2022)

Weather2 10min meteorological data e.g. air temperature,
humidity etc from 2020

(Wu et al., 2022)

Illness Weekly CDC data for influenza‐like illness (ILI)
for 2002‐2021.

(Wu et al., 2022)

Wind2 Hourly wind data from 1986‐2015 as a percent‐
age of a power plant’s max output

(S. Liu et al., 2022)

App Flow 4 months of hourly max traffic flow for 128 sys‐
tems across 16 data centers.

(S. Liu et al., 2022)

Electricity2 15 min electricity consumption data. (S. Liu et al., 2022)
Flight OpenSky data, granularity not explicitly stated. (Cai et al., 2023)
PEMS Consists of 4 sub‐datasets recorded at 5 minute

intervals with 358, 307, 883 and 170 time se‐
ries.

(M. Liu et al., 2022)

in a sentence, thus extracting local semantic information is essential in
analyzing their connections (Nie et al., 2023).

Inspired by the patching technique used in the Vision Transformer
(ViT) (Dosovitskiy et al., 2021), which segments an image into patches
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and processes them as tokens in Transformers, a number of researchers
(Nie et al., 2023; Wang et al., 2024; Chi et al., 2024) have introduced
patching into their Transformer‐basedmodels by dividing the input time
series into patches, treating each patch as an individual token. This ap‐
proach not only enhances the ability to capture temporal patternswithin
time series data but also reduces computational complexity. Compared
with previous Transformer‐based models such as Autoformer (Wu et al.,
2022), these models (Nie et al., 2023; Cai et al., 2023; Zhang & Yan,
2023; Wang et al., 2024) have achieved SOTA performance. Addition‐
ally, this technique has been applied to non‐Transformer‐based models,
such as MLP‐Mixer (Zhong et al., 2024), for similar benefits.

2.4.1 Patch scale selection

CrossFormer (Zhang & Yan, 2023), PatchTST (Nie et al., 2023) and In‐
jectTST (Chi et al., 2024), employ an exogenous parameter to determine
the patch scale. Unlike CrossFormer, MLP‐Mixer (Zhong et al., 2024),
MSPatch (Cao et al., 2025) and MSGNet (Cai et al., 2023) use a list
of varying patch scales, offering more flexibility in adapting to differ‐
ent temporal structures. A key distinction is that MSGNet utilizes Fast
Fourier Transform to select patch scales adaptively, optimizing for dif‐
ferent time series frequencies. On the other hand, iTransformer (Y. Liu
et al., 2024) represents an extreme approach to patching, embedding
each variable independently as a so‐called ‘variate’ ‡ to capture global
information.

2.5 Channel‐independence vs Channel‐
dependence

In addition to patching, PatchTST (Nie et al., 2023) and TimeXer (Wang
et al., 2024) introduced CI into Transformer based time series modeling.
As a multivariate time series is a multi‐channel signal, it suits a Trans‐
former input token as these can represent single or multiple channel
data. CD refers to the latter case where the input token takes the vec‐
tor of all time series features and projects it to the embedding space
to mix information. On the other hand, CI means that each input token
only contains information from a single channel (Nie et al., 2023).
PatchTST (Nie et al., 2023) highlights several benefits of CI for Trans‐

former models in time series forecasting: 1. Adaptability: When passing
through the data in a CI way through the Transformer model, Nie et al.
observed that Transformer models can produce similar attention maps
for unrelated but similar time series, indicating that this approach offers
better adaptability across diverse data. 2. Data Efficiency: CI models
demonstrate faster convergence with the same dataset size compared
to CD models. This suggests that CD models require more data to
achieve comparable convergence performance. 3. Reduced Overfitting:
CI models tend to continue optimizing the loss while CD models are

‡ A variate token is used in iTransformer to denote a learned embedding that
represents an individual time series in the context of a multivariate time series.

more prone to overfitting. This observation suggests that CI contributes
to more robust learning and generalization during training.
Although CI tend to bring benefits for time series modeling, it has its

limitations when compared with CD. Since CI treats multivariate time
series as independent univariate signals, it may result in longer training
times, lower scalability, and challenges the ability to leverage correla‐
tions between different variables in the dataset. Consequently, several
works (Y. Liu et al., 2024; Zhang & Yan, 2023) continue to employ CD
in Transformer based models.
Thus, in summary, while we can say that the recent advancements in

Transformer based models have significantly improved time series fore‐
casting, with techniques such as sparse attention (Wu et al., 2022) and
patching strategies (Y. Liu et al., 2024) validated on real‐world forecast‐
ing use cases such as predicting future traffic flow (Y. Liu et al., 2024)
and electricity consumption (Wu et al., 2022). However, only a few stud‐
ies have applied these innovative approaches to cryptocurrency price
forecasting, particularly for altcoins.
This study bridges this gap by introducing the MSPCIFormer, de‐

signed to capture complex temporal and cross‐cryptocurrency dynam‐
ics. Through a comparative analysis with SOTA Transformer‐based mod‐
els and deep learning models, we evaluate MSPFormer’s effectiveness
in forecasting BTC, ETH and ADA prices, advancing the application of
advanced architectures to sustainable cryptocurrency markets.

3 METHODOLOGY

3.1 Dataset

According to CoinMarketCap§, the top 10 cryptocurrencies, including
ADA, BNB, BTC, DOGE, ETH, SOL, TRX, USDC, USDT and XRP, ac‐
count for approximately 88.6% of the total market capitalization (USD
3.9 trillion as of 9 September 2025). Focusing on these assets therefore
captures the vastmajority ofmarket dynamics, consistentwith evidence
that large market capitalization cryptocurrencies disproportionately in‐
fluence overall market volatility (Korkusuz, 2025). Therefore, we gather
the daily closing prices of these top 10 cryptocurrencies using data from
Yahoo Finance¶, covering 1 January 2020 to 1 January 2025. This pe‐
riod includes several episodes of heightenedmarket turbulence, such as
the COVID‐19 pandemic (Kumar et al., 2023), US–China trade tensions
(Upreti & Vásquez Callo‐Müller, 2020; Sutter, 2025), the Terra–LUNA
crash (Briola et al., 2023), and the Russian invasion of Ukraine (Kumar
et al., 2023). Figure 1 presents the relative growth dynamics of the se‐
lected cryptocurrencies. Because Bitcoin’s price level is substantially
higher than the other assets, using raw priceswould obscure corss‐asset
comparisons. To facilitate a clearer examination of co‐movements and
relative trends, the historical prices are presented in log‐transformed
form.

§ https://api.coinmarketcap.com/data‐api/v3/cryptocurrency/listing, accessed 9
September 2025
¶ https://finance.yahoo.com, accessed 9 September 2025

https://finance.yahoo.com
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F I GUR E 1 Historical price patterns of the top‐10 market capitalization cryptocurrencies from 1st January 2020 to 1st January 2025. The panel
displays the log‐price (in USD) series to highlight relative growth dynamics.

Figure 1 shows that the stablecoinsUSDT andUSDCappear as nearly
flat lines, as expected given their design to maintain a fixed peg to fiat
currency. Given evidence from existing work (Kristoufek, 2022) show‐
ing that stablecoins do not initiate price rallies in other cryptoassets,
and in line with the study (Jaquart et al., 2022) that exclude stablecoins
due to their pegged price behavior, we omit stablecoins from our ADA
forecasting experiments.
In our dataset, SOL exhibits missing values prior to 10 April 2020, as

the asset was launched in March 2020# and the earliest available trad‐
ing data begin on 10 April 2020. Accordingly, observations before the
date were removed to ensure a consistent sample across all assets. Af‐
ter the adjustments, the final dataset used in our experiments comprises
1728 daily time steps for ADA, BNB, BTC, DOGE, ETH, SOL, TRX, and
XRP, covering the period from 10 April 2020 to 1 January 2025. The
forecasting task leverages the interdependencies among these eight
cryptocurrencies to enhance predictions of future ADA prices.

3.2 Problem settings

Our goal is to predict the future values of one target coin (BTC, ETH and
ADA) price based on the past time steps of ADA, BNB, BTC, DOGE, ETH,
SOL, TRX, and XRP. Formally, given the historical observations x1:t ∈
Rt×N, where t denotes the number of past time steps, and N represents
the number of variables (in our case, N is 8), we aim to forecast the next
T time steps of the target coin’s price, denoted as x̂t+1:t+T ∈ RT×1.

# See Agatha Ozog, “Solana (SOL) was launched inMarch 2020 with an initial price
of around $0.22 per SOL,” Binance, 2020. Available at: https://www.binance
.com/en/square/post/21381405543082.

3.3 MSPCIFormer

3.3.1 Structure Overview

As illustrated in Figure 2, the proposed method consists of a config‐
urable CI multi‐scale patching layer, a Transformer encoder, and a learn‐
able aggregation layer. The multi‐scale patching layer transforms the
input sequence into k channel‐independent patched representations,
where each representation corresponds to a patching scale defined in
an exogenous scale list. Each patched sequence is then processed by
a Transformer encoder to generate patching scale specific predictions.
Finally, the aggregation layer assigns learnable weights to these predic‐
tions, determining the contribution of each scale to the final prediction.
Algorithm 1 details the sequential steps of the proposed method.

3.3.2 Multi‐Scale Patching

As noted above, the Vision Transformer (Dosovitskiy et al., 2021) oper‐
ates by segmenting images into patches and transforming each patch
into a linear embedding (a fixed‐length vector obtained passing the
patch through a learnable linear layer) before feeding them into a
Transformer for image classification. Inspired by this and more recent
Transformer‐based time series forecasting models (Cai et al., 2023;
Zhang & Yan, 2023; Wang et al., 2024; Chi et al., 2024) which segment
time series into temporal patches,MSPCIFormer adopts a patching tech‐
nique to improve time series forecasting performance. By grouping data
points at each time step into patches prior to processing by the Trans‐
former encoding module, this approach improves the model’s ability to
capture temporal patterns while simultaneously reducing computation
complexity. Comparing with the canonical attention mechanism, the

https://www.binance.com/en/square/post/21381405543082
https://www.binance.com/en/square/post/21381405543082
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F I GUR E 2 Architecture of MSPCIFormer. The input time series is transformed into k channel‐independent patched representations, each
corresponding to a patch scale from the predefined scale list. Each patched sequence is encoded by a Transformer to produce a scale‐specific
prediction. A learnable aggregation layer then weights and combines these predictions to form the final output.

computational complexity of the attention calculation drops fromO(L)2

toO(L/P)2, where L denotes the sequence length and P represents the
patch scale.
Instead of employing one single patch scale, MSPCIFormer utilizes a

range of patch scales. Specifically, the input time series is segmented
into patches across k distinct sizes in a list S, where k and S are hy‐
perparameters determined based on the data’s temporal characteristics.
It enables the model to capture temporal patterns at multiple scales.
The outputs from each scale are weighted by a learnable aggregation
mechanism, which integrates them to generate the final prediction.

3.3.3 Channel‐Dependent Patching vs
Channel‐Independent Patching

As discussed previously, CI processing offers benefits such as adapt‐
ability, data efficiency, and reduced overfitting, while CD provides a
better understanding of correlations between data channels. To assess
whether explicitly modeling time‐varying cross‐asset relationships (CD)
in the cryptocurrency dataset provides benefits over processing each
channel independently (CI), we compared both approaches with the

Transformer encoder model. The results show that the CI strategy con‐
sistently outperforms the CD alternative. Consequently, we adopt the
CI formulation for the multi‐scale patching layer.

3.3.4 Transformer Encoder

We employ an encoder‐only Transformer rather than the full encoder‐
decoder architecture used in canonical Transformer models. Unlike
sequence‐to‐sequence tasks such as machine translation, where the
decoder is required to generate outputs conditioned on both the en‐
coder representation and previously generated tokens, our forecasting
problem involves learning a direct mapping from a fixed window of
historical observations to a fixed prediction horizon. In this setting, a de‐
coder is unnecessary, as the encoded representations can be projected
onto the forecasting horizon in a single step. The encoder‐only design
preserves the self‐attention mechanism while avoiding the additional
computational overhead associated with a decoder. This architectural
choice is consistent with recent SOTA time series Transformer mod‐
els, such as PatchTST (Nie et al., 2023) and iTransformer (Y. Liu et
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al., 2024), which have demonstrated the effectiveness of encoder‐only
Transformers for forecasting tasks.
After the input sequence is transformed into the patched represen‐

tations by the multi‐scale patching layer, it is processed by a multi‐head
self‐attentionmechanismwithin the Transformer encoder (see Figure 2).
For each attention head h = 1, . . . ,H, the input is projected into query,
key, and value matrices∥, as shown in Equations 1:

Qh = xdiW
Q
h , (1a)

Kh = xdiW
K
h , (1b)

Vh = xdiW
V
h . (1c)

where d is the Transformer model’s feature dimension, WQ
h and W

K
h

∈ RD×dk , WV
h ∈ RD×D are learnable projection matrices. The attention

scores are computed using the scaled dot‐product attention, Equation
2:

Attnh(Qh,Kh,Vh) = softmax

(
QhK⊤h√
dk

)
Vh. (2)

The outputs of all attention heads are concatenated and linearly
transformed, Equation 3:

Z = Concat(Attn1, . . . , AttnH)WO, (3)

where WO ∈ RD×D is the output projection matrix. Finally, the
Transformer encoder applies a feedforward network (FFN) with residual
connections and layer normalization, Equation 4:

Z′ = LayerNorm(Z+ FFN(Z)). (4)

After the Transformer encoder processes the input, the output is
projected and reshaped back to match the input shape xi. Finally, the
Transformer encoder produces a prediction for each patched represen‐
tation generated by the multi‐scale patching layer. The aggregation
layer then fuses these patching scale specific outputs by assigning
learnable weights to each to obtain the final prediction.
Taken together, these architectural elements yield the overall param‐

eterization ofMSPCIFormer. Table 3 presents the corresponding param‐
eter counts for the two patching scales employed in our implementation.

4 EXPERIMENTS

Our dataset contains 1728 daily observations. To preserve temporal or‐
der, the data were partitioned into training, validation, and test sets
using a 70%‐10%‐20% chronological split for a hold‐out validation. This
results in 1188 samples for training, 153 samples for validation, and 324
samples for testing. Such a partitioning strategy is standard practice

∥ The concept of key, value, and query in the attention mechanism is analogous
to information retrieval. Consider a library scenario: if you are searching for books
on computers, your query is“computer books”. The library’s index cards, which list
topics such as machine learning, data mining, and system design, serve as keys.
The actual books corresponding to these indexed topics represents the values.

TAB L E 3 Parameter counts of MSPCIFormer.

Patching Scale Layer Parameter Count

Patching scale 1
Encoding layer 224
Transformer encoder 13456
Projection head 520

Patching scale 2
Encoding layer 320
Transformer encoder 13456
Projection head 520

– Aggregation layer 2

Total 269,858

in time‐series forecasting and ensures that model evaluation reflects
performance on future unseen data.
To evaluate the robustness of the proposed framework under evolv‐

ing market conditions, we additionally perform a walk‐forward valida‐
tion experiment using 5 rolling evaluation folds. This evaluation protocol
is widely regarded as more realistic for financial time series, as it
preserves temporal ordering and periodically retrain the model on ex‐
pandingwindows, thereby capturing shifts inmarket regimes (Börjesson
& Singull, 2020; Taheri Hosseinkhani, 2025).
To examine the effectiveness of the proposed method, we bench‐

mark it against several SOTA Transformer‐based time series forecasting
models, including MSGNet (Cai et al., 2023), iTransformer (Y. Liu et
al., 2024), and TimeXer (Wang et al., 2024), as well as widely adopted
deep learning models in TSF: the recurrent LSTM model (Hochreiter
& Schmidhuber, 1997), NBeats(Oreshkin et al., 2020), TimesNet(Wu et
al., 2023) and the linear decomposition framework DLinear (Zeng et al.,
2022).
Given the relatively small size of the dataset and the high parameter

count of the models, there is an inherent risk of overfitting (Aliferis &
Simon, 2024). To mitigate this risk, we employ an early‐stopping strat‐
egy that monitors validation performance and terminates training once
no further improvement is observed.We further incorporate a relatively
high dropout rate to strengthen regularization. Model optimization is
performed using the Adam optimizer, which adaptively adjusts learning
rates to enhance training stability and accelerate convergence. Adam
remains the default choice in deep learning due to its combination of
momentum and per‐parameter adaptive learning rates (Makinde, 2024),
and it is consistently adopted in SOTA Transformer‐based time series
models such as PatchTST (Nie et al., 2023) and DeformableTST (Luo &
Wang, 2024), where it has demonstrated stable and efficient conver‐
gence for long sequence forecasting tasks. For all themodels, the key hy‐
perparameters are tuned via a grid‐search procedure implemented with
Optuna∗∗, ensuring an appropriate balance between model complexity
and predictive performance.
Following the SOTATransformer‐based time series architectures (Nie

et al., 2023; Y. Liu et al., 2024; Wang et al., 2024; Cai et al., 2023) and

∗∗Optuna is an open source Python library designed for hyperparameter optimiza‐
tion(Akiba et al., 2019)
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Algorithm 1 Training and Inference Procedure for MSPCIFormer

Require: Training set Dtrain = {(X(i), Y(i))}Ni=1, Evaluation
set Deval, Forecasting horizon H, Top-k patch scales k,
Empirical scale list Semp

Ensure: Trained model parameters (θ⋆,ϕ⋆) and predictions Ŷ,
where

θ denotes the Transformer encoder parameters
responsible for temporal representation learning under
CI setting;

ϕ denotes the parameters of the aggregation layer.

procedure Train(Dtrain)
for each epoch do

for each (X, Y) do
S ⇐ Semp[0 : k]
for each patch scale s ∈ S do

Ps ⇐ MakePatches(X, s)
Ĥs ⇐ TransformerEncoderCI(Ps, θ)

end for
Ŷ⇐ Aggregate({Ĥs}s∈S ,ϕ)
L ⇐ Loss(Ŷ, Y)
(θ,ϕ) ⇐ Update(θ,ϕ,∇L)

end for
end for

end procedure

procedure Infer(Deval)
for each (X, Y) in Deval do

S ⇐ Semp[0 : k]
for each scale s ∈ S do

Ps ⇐ MakePatches(X, s)
Ĥs ⇐ TransformerEncoderCI(Ps, θ⋆)

end for
Ŷ⇐ Aggregate({Ĥs}s∈S ,ϕ⋆)

end for
end procedure

prior cryptocurrency price forecasting studies (Alnami et al., 2025; Ki‐
ram et al., 2025; Bourday et al., 2024), which predominantly employ
MSE and MAE as performance metrics, we adopt MSE and MAE as
primary statistical evaluation metrics. To complement these measures
and capture additional aspects of forecasting performance, we also
report RMSE and Mean Absolute Percentage Error (MAPE). Mean Di‐
rectional Accuracy (MDA) is included to evaluate the model’s ability to
correctly predict market movement directions. In addition, the Sharpe
ratio and Maximum Drawdown (MDD) are incorporated to assess the
risk‐adjusted return and the worst‐case capital loss of each model’s
predicted trading signals, thereby providing a more comprehensive
evaluation from economical utility perspective.

As expressed in Equations 5 and 6, MSE quantifies the average
squared deviation between predicted values and ground truth, whereas
MAE measures the average magnitude of absolute errors. Lower values
of both metrics correspond to better predictive performance. Notably,
MSE penalizes more on large errors due to the squaring of residuals,
while MAE provides a more direct measure of the typical forecasting
error (Adhikari & Agrawal, 2013).

MSE =
1

n

n∑
i=1

(yi – ŷi)2 (5)

MAE =
1

n

n∑
i=1

∣∣yi – ŷi∣∣ (6)

As shown in Equation 7, RMSE is defined as the square root of the MSE.
By applying the square root, RMSE expresses the forecasting error in
the same units as the target variable, thereby enhancing interpretability
and often making it a preferred metric over MSE (Hyndman & Koehler,
2006).

RMSE =

√√√√1

n

n∑
i=1

(yi – ŷi)2 (7)

As defined in Equation 8, MAPE expresses the mean absolute error
as a percentage of the actual values. This metric is intuitive and eas‐
ily interpretable, as it indicates the average proportional deviation of
predictions from the ground truth. However, MAPE can become un‐
stable when the true values are close to zero, which may lead to
disproportionately large percentage errors (Jierula et al., 2021).

MAPE =
100%
n

n∑
i=1

∣∣∣∣ yi – ŷiyi

∣∣∣∣ (8)

Equation 9 defines MDA which measure the ability of a forecast‐
ing model to correctly predict the direction of cryptocurrency price
movements by comparing the predicted price direction (upward or
downward) to the actual cryptocurrency price direction(Bouteska et al.,
2024).

MDA =
1

N

N∑
t=1

I [sign(yt – yt–1) = sign(ŷt – yt–1)] (9)

Sharpe ratio is a widely adopted financial evaluation metric used
to assess the risk‐adjusted performance metric(Amédée‐Manesme &
Barthélémy, 2022). It is calculated by subtracting the risk‐free rate of re‐
turn from the average return of the investment and dividing the result
by the investment’s standard deviation (Jabbar & Jalil, 2024). A higher
Sharpe Ratio indicates amore desirable risk‐adjusted return. In Equation
10, E[R], Rf and σ(R) denotes the average strategy returns, risk‐free rate,
and standard deviation of returns respectively. T represents the annual‐
ized factor. Given that cryptocurrency markets trade continuously on a
24/7 basis, we adopt T = 365 to compute the annualized Sharpe ratio.

Sharpe =
E[R] – Rf
σ(R)

×
√
T (10)

MDD can be defined as theworst cumulative loss in a given period(Choi,
2021). Following an extremely large fall (or a long sequence of small falls)
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in market prices, an investor (specially retirees) may decide to sell valu‐
able positions irrespective of market conditions for fear of even larger
losses(de Melo Mendes & Lavrado, 2017). As shown in Equation 11,
MDD is calculated with Vt which denotes cumulative portfolio value at
time t and Peakt which represents the highest value reached up to time
t.

MDD = max
t

Peakt – Vt
Peakt

(11)

5 RESULTS

5.1 Hold‐Out Validation

Table 4, 5 and 6 presents the experimental results for ADA, BTC and
ETH price forecasting across all evaluation metrics and prediction hori‐
zons under the hold‐out evaluation. To provide a model performance
comparison across all metrics simultaneously, Figures 3, 4, and 5 present
radar charts that summaries each model’s performance on ADA, BTC,
and ETH respectively under hold‐out validation. Each axis corresponds
to one normalized evaluation metric, with the outer boundary denotes
the best‐performingmodel on thatmetric. Values are averaged across all
forecasting horizons, providing a holistic comparison ofmodel strengths
and weaknesses across both statistical and financial dimensions. A
larger enclosed polygon area indicates superior overall performance.
From the charts, it can be seen that the model rankings are asset‐

dependent: NBeats dominates on ADA and ETH, while MSPCIFormer
and TimeXer achieve the largest polygons on BTC, indicating that no
single model generalities optimally across all cryptocurrency markets.
On ADA, model performance is horizon‐sensitive. MSPCIFormer

achieves the best MSE and MAE at pred=1, consistent with its multi‐
scale patching mechanism capturing various scale oscillatory patterns
that are most salient at short horizons. As the horizon extends to
pred=3–7, DLinear and NBeats edge ahead, while MSPCIFormer falls
to the lower half of the ranking. This degradation at medium hori‐
zons is attributable to the fixed patch sizes in MSPCIFormer’s patching
module becoming increasingly misaligned with the growing prediction
window. Our ablation experiments confirm this diagnosis, using bigger
patching scales improves hold‐out MSE for both ADA and ETH, and
substantially improves walk‐forward Sharpe Ratio across most horizons.
At pred=15, DLinear maintains rank 1, confirming that simple linear
models remain strong competitors at extended horizons. Regarding fi‐
nancial metrics, the Sharpe Ratio is largely negative across all models,
reflecting the adverse 2022–2024 post‐peak market regime. NBeats
is the exception, achieving the only notably positive Sharpe at pred=1
(+1.311) and pred=5 (+1.216). On MDD, MSPCIFormer records among
the highest values across horizons, consistent with its negative Sharpe.
NBeats achieves the best average MDD on ADA, suggesting its basis‐
function decomposition producesmore conservative return trajectories.
TimesNet and iTransformer exhibit erratic MDD profiles (0.442–0.914),

F I GUR E 3 Performance radar chart for ADA under hold‐out vali‐
dation, where the outer boundary denotes the best‐performing model.
Values are averaged across prediction horizons of 1, 3, 5, 7, and 15 days.
A larger enclosed area indicates superior overall performance across
both statistical and financial metrics.

indicating sensitivity to the specific market regime sampled at each hori‐
zon. MDA hovers near 0.50 across all models, indicating near‐random
directional predictability on ADA.
On BTC, the competitive landscape shifts markedly. MSPCIFormer

achieves the best MSE at pred=1 and pred=3, with TimeXer taking the
lead at pred=5 and MSPCIFormer recovering to rank 1st at pred=7.
At pred=15, TimesNet emerges as the dominant model, suggesting
its FFT‐based multi‐period decomposition is particularly well‐suited to
BTC’s long‐horizon macro‐cycle structure. Financially, MSPCIFormer
and TimeXer achieve positive Sharpe at pred=1 alongsideDLinear, while
TimesNet leads at pred=15. MSPCIFormer records the lowest MDD at
pred=1 and maintains competitive values across all horizons, indicating
superior capital preservation for BTC forecasting.
On ETH, NBeats consistently achieves the largest radar polygon,

leading on both MSE and Sharpe at pred=[1, 3, 15]. MSPCIFormer
performs competitively at pred=1 and recovers to 2nd at pred=5, but
degrades notably at pred=3, where its fixed patch granularity inter‐
acts poorly with ETH’s price dynamics at that specific horizon. This
horizon‐sensitive pattern (strong at pred=1, degraded at medium hori‐
zons, partially recovering at pred=5) is consistent across both ADA and
ETH, but is less pronounced on BTC is because BTC’s stronger trend
momentum is more aligned with the model’s patch granularity even at
medium horizons. The cross‐asset pattern therefore points to an inter‐
action between MSPCIFormer’s fixed patch configuration and the price
dynamics of each asset.
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TAB L E 4 Hold‐out validation ‐ ADA forecasting performance across prediction horizons using an input window of 5 days. The best result for
each horizon is shown in bold, and the second‐best result is underlined.

Horizon Model MSE MAE RMSE MAPE MDA Sharpe Max Drawdown

1

DLinear 0.00188 0.02685 0.04333 0.26750 0.48986 ‐0.36021 0.68864
LSTM 0.00354 0.03679 0.05952 0.34936 0.46957 ‐1.99703 0.89300
NBeats 0.00192 0.02803 0.04387 0.26203 0.50435 1.31079 0.59551
TimesNet 0.00239 0.02979 0.04887 0.38209 0.47246 ‐0.27759 0.64467
MSGNet 0.00257 0.03081 0.05066 0.33500 0.47536 ‐1.74642 0.88674
iTransformer 0.00205 0.02817 0.04525 0.28431 0.46087 0.40738 0.52396
TimeXer 0.00216 0.02887 0.04644 0.25447 0.46667 ‐1.77659 0.86629
MSPCIFormer 0.00187 0.02668 0.04319 0.25695 0.48986 ‐1.44125 0.82287

3

DLinear 0.00413 0.03904 0.06426 0.36378 0.46939 ‐0.82116 0.78355
LSTM 0.00677 0.05119 0.08226 0.53535 0.47522 ‐1.87676 0.85792
NBeats 0.00416 0.04066 0.06446 0.35630 0.52187 0.23923 0.59737
TimesNet 0.00501 0.04323 0.07079 0.51874 0.49271 1.18560 0.44817
MSGNet 0.00488 0.04221 0.06983 0.43371 0.49271 ‐1.53148 0.85605
iTransformer 0.00427 0.03948 0.06535 0.37772 0.47230 ‐1.35618 0.79402
TimeXer 0.00428 0.04019 0.06539 0.36796 0.48688 0.22814 0.66178
MSPCIFormer 0.00465 0.04121 0.06817 0.41899 0.47813 ‐2.17533 0.88706

5

DLinear 0.00678 0.05039 0.08234 0.51256 0.47801 ‐1.69466 0.88721
LSTM 0.00725 0.05269 0.08513 0.54277 0.48094 ‐0.13713 0.63213
NBeats 0.00610 0.04840 0.07808 0.46785 0.50440 1.21593 0.59551
TimesNet 0.00787 0.05389 0.08869 0.59966 0.47214 ‐0.76783 0.73849
MSGNet 0.00757 0.05292 0.08701 0.57904 0.49560 ‐2.23013 0.90445
iTransformer 0.00639 0.04889 0.07991 0.49046 0.49853 0.81611 0.44185
TimeXer 0.00646 0.04866 0.08036 0.48854 0.46921 ‐2.17338 0.91473
MSPCIFormer 0.00952 0.06072 0.09757 0.67588 0.50147 ‐1.38356 0.79342

7

DLinear 0.00848 0.05729 0.09210 0.57884 0.50442 0.32812 0.52879
LSTM 0.01204 0.06764 0.10974 0.77729 0.46903 ‐1.92010 0.86093
NBeats 0.00862 0.05788 0.09284 0.57136 0.49558 1.01355 0.39415
TimesNet 0.01031 0.06278 0.10152 0.63574 0.50147 ‐0.28332 0.67613
MSGNet 0.00994 0.06132 0.09969 0.64940 0.49558 ‐0.91959 0.72724
iTransformer 0.00955 0.05964 0.09775 0.63053 0.47493 ‐2.31844 0.90951
TimeXer 0.00919 0.05830 0.09585 0.61115 0.48378 ‐2.10359 0.93782
MSPCIFormer 0.01089 0.06420 0.10437 0.71000 0.48083 ‐1.72348 0.84146

15

DLinear 0.01985 0.08382 0.14088 1.02861 0.51057 ‐0.40455 0.70113
LSTM 0.02605 0.09478 0.16142 1.17046 0.48338 ‐1.72218 0.84599
NBeats 0.02087 0.08628 0.14448 1.00722 0.50151 ‐0.45470 0.65263
TimesNet 0.02155 0.08879 0.14682 1.00480 0.50151 0.36868 0.59626
MSGNet 0.02188 0.08946 0.14792 1.02755 0.48640 ‐1.39880 0.79555
iTransformer 0.02108 0.08613 0.14520 1.03711 0.48036 ‐1.94695 0.91393
TimeXer 0.02096 0.08553 0.14476 1.01036 0.46526 ‐1.91625 0.87592
MSPCIFormer 0.02503 0.09278 0.15821 1.13712 0.46828 ‐2.59171 0.91026

5.2 Walk‐Forward Validation: 5‐Folds

For the walk‐forward validation, Tables 7, 8, and 9 report the models
performance comparison across all forecasting horizons for all evalua‐
tion metrics. Similarly, Figures 6, 7, and 8 present an at‐a‐glance model
performance comparison using radar charts with averaged performance
metrics across all forecasting horizons.
From the radar charts, it can be observed thatMSPCIFormer achieves

highly competitive results for all three coins, representing a marked
improvement over its hold‐out performance and confirming that its gen‐
eralization capability is better captured under multi‐regime evaluation.
Additionally, the Sharpe andMDD axes expand noticeably compared to
the hold‐out charts for ADA and ETH, indicating that walk‐forward folds

sample more diverse market conditions which are favorable to MSPCI‐
Former to generate positive returns. Furthermore, no single model dom‐
inates all axes across all assets, reinforcing that the statistical‐financial
performance trade‐off is persistent regardless of validation protocol.
On ADA, MSPCIFormer achieves the most consistent statistical ac‐
curacy across all horizons, ranking 1st on MSE across all forecasting
horizons, a meaningful reversal from hold‐out results where it fell to
the lower half at medium horizons. This cross‐regime consistency sug‐
gests that its multi‐scale patching captures ADA’s oscillatory structure
robustly across the various market phases. Regarding financial metrics,
Sharpe Ratio improves substantially for all models relative to hold‐out,
reflecting the inclusion of more diverse regimes across folds. iTrans‐
former achieves the best Sharpe at pred=3, while MSGNet leads at
pred=5 and pred=7. MSPCIFormer’s Sharpe remains modest ([−0.796 ‐
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TAB L E 5 Hold‐out validation ‐ BTC forecasting performance across prediction horizons using an input window of 5 days. The best result for
each horizon is shown in bold, and the second‐best result is underlined.

Horizon Model MSE MAE RMSE MAPE MDA Sharpe Max Drawdown

1

DLinear 0.01545 0.08975 0.12429 0.03843 0.53043 2.08213 0.28440
LSTM 0.01869 0.10080 0.13672 0.04343 0.48406 ‐0.54950 0.46534
NBeats 0.01678 0.09353 0.12955 0.03962 0.47536 ‐1.69884 0.66584
TimesNet 0.01644 0.09432 0.12823 0.04060 0.51304 ‐0.15527 0.35056
MSGNet 0.01618 0.09217 0.12720 0.03959 0.49275 ‐0.76701 0.55647
iTransformer 0.01645 0.09486 0.12826 0.04046 0.51304 0.83352 0.30434
TimeXer 0.01544 0.08919 0.12427 0.03818 0.53333 1.10886 0.35983
MSPCIFormer 0.01539 0.08909 0.12406 0.03806 0.53043 1.18030 0.26019

3

DLinear 0.03106 0.12930 0.17623 0.05541 0.50146 ‐0.31338 0.41575
LSTM 0.03409 0.13596 0.18465 0.05888 0.47813 ‐0.62224 0.45916
NBeats 0.03801 0.13939 0.19496 0.05754 0.54810 0.89037 0.54269
TimesNet 0.03263 0.13261 0.18063 0.05662 0.51020 ‐0.52318 0.48281
MSGNet 0.03196 0.13217 0.17878 0.05686 0.51312 ‐0.46318 0.49025
iTransformer 0.03180 0.13160 0.17834 0.05665 0.47230 ‐0.77757 0.62723
TimeXer 0.03049 0.12777 0.17460 0.05493 0.53353 1.03309 0.29743
MSPCIFormer 0.03023 0.12726 0.17386 0.05466 0.51312 0.24107 0.48223

5

DLinear 0.04656 0.15986 0.21579 0.06843 0.45161 ‐1.48445 0.66087
LSTM 0.05230 0.17196 0.22869 0.07465 0.50733 ‐0.24568 0.46229
NBeats 0.05957 0.18025 0.24407 0.07458 0.46921 ‐2.01715 0.71050
TimesNet 0.04740 0.16412 0.21771 0.07069 0.53372 1.07445 0.35142
MSGNet 0.04742 0.16068 0.21777 0.06975 0.50440 0.32067 0.33464
iTransformer 0.04637 0.15959 0.21533 0.06891 0.47507 ‐0.68138 0.68725
TimeXer 0.04453 0.15583 0.21103 0.06737 0.51026 ‐1.36098 0.64876
MSPCIFormer 0.04554 0.15757 0.21339 0.06788 0.52493 0.39560 0.53486

7

DLinear 0.06240 0.18286 0.24979 0.07860 0.46608 ‐1.72758 0.70181
LSTM 0.07061 0.19605 0.26572 0.08523 0.47788 ‐0.66387 0.51288
NBeats 0.06941 0.19143 0.26347 0.08112 0.46313 ‐2.18119 0.76553
TimesNet 0.06406 0.18672 0.25310 0.08075 0.51917 ‐0.46180 0.61550
MSGNet 0.06810 0.19099 0.26095 0.08236 0.51327 0.95864 0.35570
iTransformer 0.06145 0.18277 0.24790 0.07923 0.48378 ‐1.24684 0.61564
TimeXer 0.06378 0.18720 0.25255 0.08116 0.52802 0.35044 0.40514
MSPCIFormer 0.06074 0.18127 0.24645 0.07841 0.51917 ‐0.21882 0.43380

15

DLinear 0.13466 0.26872 0.36695 0.11413 0.50151 ‐1.02520 0.63271
LSTM 0.14356 0.27546 0.37889 0.11809 0.50755 ‐0.47250 0.47971
NBeats 0.17337 0.29747 0.41637 0.11926 0.52568 0.66650 0.42321
TimesNet 0.12075 0.25633 0.34749 0.11088 0.52568 1.58750 0.45933
MSGNet 0.12775 0.26237 0.35742 0.11244 0.48036 ‐0.69772 0.61617
iTransformer 0.12846 0.26272 0.35841 0.11267 0.46828 ‐1.02723 0.57225
TimeXer 0.12604 0.25930 0.35502 0.11129 0.50755 ‐0.24830 0.48483
MSPCIFormer 0.12693 0.25947 0.35627 0.11114 0.50755 ‐0.09290 0.50670

+0.643]), placing it mid‐table on financial performance. OnMDD, iTrans‐
former achieves the best capital preservation at pred=3 and pred=5,
while MSGNet leads at pred=7. Similar to the Sharpe, MSPCIFormer’s
drawdown ([0.338 ‐ +0.436]) is moderate and competitivewith the field.
On BTC, MSPCIFormer achieves a large polygon across statistical

and financial axes with competitive evaluation metrics. MSPCIFormer
achieves the best MSE at pred=1 and pred=3, remaining competi‐
tive at pred=5. At pred=7, TimeXer and NBeats lead marginally. At
pred=15, iTransformer achieves the best MSE with MSPCIFormer rank‐
ing 4th. Among financial metrics, MSPCIFormer records the highest
MDA across all forecasting horizons, suggesting its multi‐scale patching
captures BTC price momentum effectively. NBeats and DLinear is lead‐
ing the board with best Sharpe across all forecasting horizons. OnMDD,

NBeats records the best capital preservation at pred=1 and 2nd place
at pred=7, while DLinear is leading at pred=[3, 5, 15]. MSPCIFormer
maintains low MDD at pred=1, making it the best capital‐preserving
Transformer at short horizons on BTC.
On ETH, MSPCIFormer ranks 1st on MSE at pred=1 and pred=5, and

remains comparative with the best performer NBeats and DLinear on
other prediction horizons. MDA forMSPCIFormer is competitive across
all horizons, reaching the highest MDA in the ETH walk‐forward re‐
sults at pred=15, tied with iTransformer. Sharpe Ratio is more dispersed
across models than on ADA or BTC. TimesNet achieves the highest
Sharpe at pred=5 and pred=7, while NBeats leads at pred=1,MSGNet at
pred=3 and DLinear at pred=15. MSPCIFormer’s Sharpe is positive but
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TAB L E 6 Hold‐out validation ‐ ETH forecasting performance across prediction horizons using an input window of 5 days. The best result for
each horizon is shown in bold, and the second‐best result is underlined.

Horizon Model MSE MAE RMSE MAPE MDA Sharpe Max Drawdown

1

DLinear 0.00910 0.06671 0.09540 0.06670 0.53623 0.90908 0.35589
LSTM 0.00995 0.07205 0.09975 0.07241 0.48116 ‐0.23894 0.67433
NBeats 0.00861 0.06608 0.09280 0.06568 0.52754 2.00341 0.32393
TimesNet 0.00987 0.07330 0.09937 0.07339 0.48986 0.33027 0.44428
MSGNet 0.00945 0.06856 0.09720 0.06877 0.51884 0.89530 0.48221
iTransformer 0.00929 0.06850 0.09636 0.06823 0.53333 0.61093 0.33664
TimeXer 0.00930 0.06824 0.09644 0.06786 0.55072 0.65853 0.49455
MSPCIFormer 0.00888 0.06610 0.09421 0.06615 0.50435 0.01740 0.59203

3

DLinear 0.01783 0.09511 0.13351 0.09602 0.55977 1.84915 0.30927
LSTM 0.02949 0.12545 0.17173 0.12712 0.50437 ‐0.68449 0.62674
NBeats 0.01688 0.09322 0.12991 0.09410 0.53061 1.27005 0.49337
TimesNet 0.01903 0.09808 0.13795 0.09809 0.52770 1.01178 0.59355
MSGNet 0.01927 0.09840 0.13881 0.09878 0.49563 ‐1.08334 0.76017
iTransformer 0.01815 0.09619 0.13471 0.09665 0.51020 ‐0.99429 0.65845
TimeXer 0.01797 0.09506 0.13404 0.09630 0.48397 ‐0.98618 0.73662
MSPCIFormer 0.02134 0.10521 0.14607 0.10625 0.52770 ‐0.41630 0.59360

5

DLinear 0.02751 0.11756 0.16586 0.11864 0.48974 0.60372 0.41423
LSTM 0.03733 0.13876 0.19321 0.13886 0.55425 0.96362 0.44324
NBeats 0.02589 0.11579 0.16089 0.11645 0.53959 1.45826 0.31916
TimesNet 0.02990 0.12290 0.17291 0.12448 0.51613 0.33650 0.50591
MSGNet 0.02928 0.12094 0.17112 0.12064 0.53372 ‐0.34099 0.65999
iTransformer 0.02876 0.12086 0.16959 0.12111 0.53959 1.29206 0.36128
TimeXer 0.02957 0.12241 0.17195 0.12198 0.52493 0.01186 0.54726
MSPCIFormer 0.02736 0.11731 0.16540 0.11792 0.48974 ‐1.11829 0.70767

7

DLinear 0.03762 0.13928 0.19397 0.13917 0.49853 ‐0.71817 0.60227
LSTM 0.04488 0.15517 0.21185 0.15431 0.50737 ‐0.93891 0.66786
NBeats 0.03631 0.13666 0.19055 0.13493 0.48968 ‐0.96742 0.63725
TimesNet 0.04050 0.14468 0.20126 0.14446 0.49558 ‐0.36426 0.64632
MSGNet 0.04018 0.14464 0.20044 0.14307 0.48673 ‐2.51403 0.84099
iTransformer 0.03922 0.14238 0.19805 0.14115 0.46608 ‐1.21224 0.75314
TimeXer 0.03779 0.13976 0.19441 0.13895 0.50147 ‐1.00446 0.75409
MSPCIFormer 0.04159 0.14735 0.20393 0.14555 0.50737 ‐0.72841 0.61606

15

DLinear 0.07581 0.20648 0.27534 0.20240 0.47432 ‐0.66705 0.50653
LSTM 0.08482 0.22040 0.29124 0.21312 0.50151 ‐0.83590 0.66202
NBeats 0.06947 0.19305 0.26358 0.18690 0.54381 2.00307 0.29866
TimesNet 0.07934 0.21151 0.28168 0.20848 0.53474 ‐0.24145 0.59329
MSGNet 0.08483 0.22191 0.29126 0.22118 0.50453 ‐1.00999 0.70393
iTransformer 0.08608 0.22334 0.29339 0.21595 0.50151 ‐1.02689 0.68167
TimeXer 0.08610 0.22240 0.29344 0.21461 0.49547 ‐1.29006 0.72812
MSPCIFormer 0.07633 0.20529 0.27627 0.19932 0.51964 ‐0.70298 0.58447

modest, reflecting the same pattern seen on ADA: strong statistical ac‐
curacywith limited directional trading signal. OnMDD,NBeats achieves
the best capital preservation at pred=1, while LSTM leads at pred=3
and pred=5. MSPCIFormer’s MDD is competitive, achieved the lowest
at pred=1 when comparing with other Transformer‐based models.

5.3 Computational Efficiency: Training
Time, Peak Memory, and Inference Latency

Table 10 summaries the average epoch training time, peak inference
memory, and per‐sample inference latency for all eight models, aver‐
aged across all coins and prediction horizons.

Training epoch time measures the time in seconds to complete one
full pass over the training set. It reflects how quickly a model can be
retrained on new data. In our results, NBeats is the fastest to train, fol‐
lowed by LSTM and MSPCIFormer. TimesNet is the most expensive at
3.96 s/epoch, reflecting its FFT‐based multi‐period decomposition and
heavier convolutional backbone.MSPCIFormer’s epoch time is the third
fastest among all models and notably faster than the other Transformer
baselines. This efficiency advantage is attributable to the CI architecture,
which processes each feature independently and avoids the quadratic
attention cost over channel dimensions. Walk‐forward epoch times are
consistently lower than hold‐out for all models, as the walk‐forward
training windows cover a smaller portion of the dataset on average than
the 70% hold‐out training split.
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TAB L E 7 Walk‐forward validation ‐ ADA forecasting performance across prediction horizons using an input window of 5 days. The best result
for each horizon is shown in bold, and the second‐best result is underlined.

Horizon Model MSE MAE RMSE MAPE MDA Sharpe Max Drawdown

1

DLinear 0.00058 0.01609 0.02267 0.22288 0.46667 ‐0.23919 0.38942
LSTM 0.00069 0.01687 0.02473 0.23547 0.50435 0.19837 0.37441
NBeats 0.00059 0.01593 0.02280 0.22171 0.49710 ‐0.38254 0.39725
TimesNet 0.00070 0.01745 0.02493 0.22929 0.46812 ‐0.82440 0.45782
MSGNet 0.00069 0.01710 0.02464 0.24798 0.46377 ‐1.00164 0.47263
iTransformer 0.00059 0.01610 0.02293 0.21839 0.47826 0.72245 0.36229
TimeXer 0.00063 0.01607 0.02331 0.23104 0.50435 ‐0.11982 0.43705
MSPCIFormer 0.00056 0.01557 0.02235 0.22267 0.48551 ‐0.79598 0.43601

3

DLinear 0.00112 0.02202 0.03161 0.27296 0.48382 0.27343 0.36623
LSTM 0.00135 0.02390 0.03426 0.29107 0.53529 0.27010 0.38209
NBeats 0.00114 0.02310 0.03214 0.27602 0.50000 0.72140 0.36963
TimesNet 0.00119 0.02268 0.03232 0.29453 0.49265 0.29501 0.37863
MSGNet 0.00116 0.02192 0.03184 0.28767 0.52059 0.86428 0.37536
iTransformer 0.00111 0.02151 0.03113 0.27501 0.51176 1.39200 0.31432
TimeXer 0.00114 0.02179 0.03143 0.28368 0.50735 0.53897 0.35839
MSPCIFormer 0.00105 0.02099 0.03040 0.27104 0.49853 ‐0.17398 0.34838

5

DLinear 0.00188 0.02913 0.04106 0.31165 0.47761 ‐0.42867 0.38784
LSTM 0.00205 0.02911 0.04164 0.36064 0.49701 0.59015 0.34512
NBeats 0.00167 0.02746 0.03883 0.32089 0.51045 ‐0.04375 0.39982
TimesNet 0.00176 0.02767 0.03901 0.32045 0.48955 1.27503 0.34533
MSGNet 0.00171 0.02666 0.03826 0.33381 0.50896 1.28072 0.29530
iTransformer 0.00165 0.02637 0.03817 0.31731 0.52090 1.17975 0.30230
TimeXer 0.00165 0.02609 0.03786 0.31633 0.50299 0.27544 0.37637
MSPCIFormer 0.00165 0.02604 0.03783 0.31894 0.52239 0.57325 0.34602

7

DLinear 0.00237 0.03288 0.04617 0.36233 0.49242 ‐0.30333 0.40195
LSTM 0.00276 0.03400 0.04871 0.38923 0.52727 0.45213 0.35424
NBeats 0.00243 0.03343 0.04721 0.37140 0.47576 ‐0.43952 0.45768
TimesNet 0.00245 0.03187 0.04569 0.39701 0.46212 ‐0.32087 0.41555
MSGNet 0.00233 0.03117 0.04466 0.38051 0.50909 1.73921 0.24790
iTransformer 0.00225 0.03063 0.04412 0.37606 0.50758 0.96258 0.32538
TimeXer 0.00241 0.03135 0.04535 0.36259 0.50152 0.20617 0.32919
MSPCIFormer 0.00221 0.03034 0.04378 0.36303 0.52273 ‐0.02501 0.40613

15

DLinear 0.00520 0.05101 0.06896 0.35409 0.49032 0.49284 0.34108
LSTM 0.00542 0.04866 0.06795 0.42728 0.48387 ‐0.93175 0.43531
NBeats 0.00496 0.04872 0.06708 0.36563 0.52258 0.99147 0.30977
TimesNet 0.00475 0.04625 0.06425 0.37573 0.50323 ‐0.10465 0.36214
MSGNet 0.00480 0.04581 0.06410 0.37179 0.50323 1.15391 0.31821
iTransformer 0.00459 0.04499 0.06302 0.38619 0.51452 0.07839 0.39869
TimeXer 0.00501 0.04744 0.06580 0.38586 0.49839 0.00323 0.39456
MSPCIFormer 0.00454 0.04495 0.06296 0.38090 0.51613 0.64450 0.34570

Peak inference memory measures the maximum GPU memory allo‐
cated in megabytes during a model’s forward pass at inference timeGao
et al. (2020). It reflects the worst‐case memory usage when the model
is deployed for prediction. In our expriment results, peak memory us‐
age during inference is dominated by TimesNet, which is 2.4 times
higher than the second‐highest model LSTM. All other models clus‐
ter tightly between 17–23 MB. MSPCIFormer’s peak memory of 20.7
MB is comfortably within the low‐memory cluster, confirming that its
multi‐scale patching introduces negligible memory overhead over sim‐
pler Transformer architectures. TimesNet’s high memory footprint may
limit its applicability in resource‐constrained deployment settings such
as shared‐GPU cloud environments.
Inference latency measures the average time in milliseconds to pro‐

cess a single input sample during the model’s forward pass. It is a

critical deployment constraint in automated trading systems, where pre‐
dictions must be generated within strict time windows (Bhuiyan et al.,
2025). MSPCIFormer achieves the fourth‐lowest latency under hold‐
out validation, behind only NBeats, LSTM and iTransformer, and ranks
first under walk‐forward validation, making it the most latency‐efficient
Transformer under walk‐forward and the second‐most under hold‐out.
DLinear and TimesNet exhibit the highest inference latencies among all
models. TimesNet’s latency is expected, reflecting the computational
cost of its FFT‐based period detection and multi‐scale inception convo‐
lution operations. However, DLinear’s high latency is counter‐intuitive
for a model comprising only linear layers. The cause lies in its channel‐
individual decomposition configuration, selected by hyperparameter
tuning for predictive accuracy. Rather than applying a single shared lin‐
ear mapping across all channels, DLinear maintains independent trend
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TAB L E 8 Walk‐forward validation ‐ BTC forecasting performance across prediction horizons using an input window of 5 days. The best result
for each horizon is shown in bold, and the second‐best result is underlined.

Horizon Model MSE MAE RMSE MAPE MDA Sharpe Max Drawdown

1

DLinear 0.00487 0.04109 0.05826 0.09742 0.50290 ‐0.30175 0.27052
LSTM 0.00518 0.04455 0.06140 0.10802 0.49710 0.33608 0.27217
NBeats 0.00478 0.04127 0.05762 0.09838 0.51884 1.99890 0.19512
TimesNet 0.00506 0.04269 0.05978 0.10187 0.50725 0.12178 0.26402
MSGNet 0.00509 0.04251 0.06021 0.10350 0.54058 0.55542 0.29624
iTransformer 0.00494 0.04315 0.05915 0.10204 0.47101 0.14974 0.33885
TimeXer 0.00471 0.04076 0.05796 0.10114 0.53623 ‐0.45719 0.31433
MSPCIFormer 0.00462 0.04023 0.05707 0.09744 0.54348 0.65412 0.25443

3

DLinear 0.00893 0.05764 0.08093 0.13306 0.53382 0.78431 0.20409
LSTM 0.01011 0.06252 0.08683 0.14888 0.49559 0.01120 0.26985
NBeats 0.00856 0.05634 0.07887 0.12502 0.50735 1.09039 0.20904
TimesNet 0.00926 0.05859 0.08174 0.13404 0.49559 ‐0.05651 0.29062
MSGNet 0.00858 0.05649 0.07956 0.13270 0.52794 0.98712 0.24203
iTransformer 0.00869 0.05723 0.08032 0.13211 0.48824 ‐0.59276 0.36253
TimeXer 0.00855 0.05640 0.08001 0.13358 0.51029 ‐0.46731 0.33105
MSPCIFormer 0.00834 0.05511 0.07811 0.12884 0.54559 0.13699 0.28060

5

DLinear 0.01294 0.07054 0.09778 0.15960 0.50149 1.52367 0.22283
LSTM 0.01543 0.07922 0.10797 0.18989 0.51343 0.32858 0.24831
NBeats 0.01390 0.07487 0.10227 0.16813 0.51045 1.18836 0.22402
TimesNet 0.01325 0.07169 0.09918 0.16716 0.51045 0.46700 0.26902
MSGNet 0.01312 0.07129 0.09872 0.16724 0.49851 ‐0.68749 0.34824
iTransformer 0.01300 0.07078 0.09862 0.16648 0.48209 ‐0.46005 0.35648
TimeXer 0.01305 0.07044 0.09920 0.16915 0.51343 ‐0.67836 0.31194
MSPCIFormer 0.01266 0.06895 0.09701 0.16346 0.52537 0.28584 0.26304

7

DLinear 0.01899 0.08700 0.11885 0.19462 0.49545 0.25656 0.27857
LSTM 0.01893 0.08745 0.12018 0.21249 0.51061 ‐1.23794 0.33717
NBeats 0.01790 0.08531 0.11643 0.19087 0.50152 1.43526 0.22586
TimesNet 0.01815 0.08630 0.11705 0.20462 0.48788 ‐0.28531 0.29889
MSGNet 0.01775 0.08383 0.11507 0.20268 0.52879 0.89366 0.20909
iTransformer 0.01766 0.08287 0.11506 0.19735 0.49697 0.42682 0.26152
TimeXer 0.01697 0.08083 0.11293 0.19489 0.52576 ‐0.01096 0.29282
MSPCIFormer 0.01726 0.08235 0.11459 0.20479 0.53939 0.03985 0.27031

15

DLinear 0.03271 0.11806 0.16107 0.28151 0.51129 1.19039 0.20789
LSTM 0.03417 0.11855 0.16210 0.30146 0.50323 ‐0.79412 0.28752
NBeats 0.03779 0.12830 0.17262 0.30377 0.49839 ‐0.77091 0.29000
TimesNet 0.03327 0.11789 0.16044 0.28774 0.49194 ‐0.55371 0.29318
MSGNet 0.03509 0.11814 0.16278 0.29442 0.50645 ‐0.29051 0.27515
iTransformer 0.03256 0.11478 0.15914 0.28759 0.53710 0.24307 0.27081
TimeXer 0.03151 0.11306 0.15704 0.28292 0.52419 ‐0.64299 0.28694
MSPCIFormer 0.03541 0.11726 0.16315 0.28405 0.54516 0.65532 0.26170

and seasonal layers for each of the 8 input channels, applied sequentially
during the forward pass. This sequential per‐channel execution causes
inference time to scale linearly with the number of channels.

6 CONCLUSION AND FUTUREWORK

This study proposes MSPCIFormer, a novel Transformer‐based archi‐
tecture that integrates multi‐scale patching to capture the regime‐
dependent temporal dynamics inherent in cryptocurrency markets, and
CI modeling to learn feature‐specific patterns across multiple temporal
scales. We evaluated its effectiveness on ADA, BTC and ETH price fore‐
casting over multiple prediction horizons, benchmarking against several
SOTA Transformer based time series models as well as established deep

learning baselines, including LSTM, DLinear, NBeats and TimesNet. To
further assess the model’s generalization, we conduct walk‐forward val‐
idation. Both statistical and economical meaningful metrics are included
for the experiments in this study. The results collectively demonstrate
that no single model achieves uniformly superior performance across
all assets, prediction horizons, validation protocols, and evaluation crite‐
ria. Rather, model rankings are systematically shaped by the interplay of
four factors: the prediction horizon relative to the model’s designs, the
market regime captured by the evaluation window, the choice between
statistical accuracy and financial utility metrics, and the computational
constraints of the deployment environment.

The prediction horizon relative to the model’s designs: For ADA
and ETH forecasting, MSPCIFormer exhibits a consistent horizon‐
dependent performance pattern: it ranks at or near the top at pred=1
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TAB L E 9 Walk‐forward validation ‐ ETH forecasting performance across prediction horizons using an input window of 5 days. The best result
for each horizon is shown in bold, and the second‐best result is underlined.

Horizon Model MSE MAE RMSE MAPE MDA Sharpe Max Drawdown

1

DLinear 0.00372 0.03721 0.05334 1.24833 0.50870 ‐0.30541 0.34671
LSTM 0.00413 0.04165 0.05722 1.20606 0.49420 0.20351 0.34295
NBeats 0.00345 0.03741 0.05240 1.27661 0.54348 1.67314 0.21978
TimesNet 0.00433 0.04004 0.05684 1.27072 0.52464 1.50698 0.26578
MSGNet 0.00373 0.03787 0.05417 1.10341 0.52464 0.86412 0.27112
iTransformer 0.00363 0.03831 0.05358 1.48177 0.50725 0.85079 0.30018
TimeXer 0.00358 0.03700 0.05316 1.22503 0.52899 0.04100 0.29248
MSPCIFormer 0.00341 0.03606 0.05174 1.18138 0.53768 0.82271 0.25349

3

DLinear 0.00646 0.04986 0.07099 1.11460 0.52647 0.75698 0.27430
LSTM 0.00835 0.05578 0.07909 1.65116 0.50882 0.75567 0.24038
NBeats 0.00652 0.05045 0.07175 1.15624 0.50735 ‐0.35368 0.35027
TimesNet 0.00689 0.05142 0.07326 1.01002 0.53088 1.36107 0.27028
MSGNet 0.00699 0.05145 0.07362 0.71783 0.55735 1.45837 0.28505
iTransformer 0.00674 0.05184 0.07287 1.08729 0.51765 1.08155 0.25664
TimeXer 0.00655 0.05013 0.07170 1.00359 0.53529 0.57374 0.26156
MSPCIFormer 0.00657 0.04998 0.07170 1.08384 0.53971 0.54238 0.27347

5

DLinear 0.01018 0.06313 0.08900 1.23466 0.50896 0.56250 0.27422
LSTM 0.01202 0.06908 0.09670 1.51163 0.55970 1.55565 0.21182
NBeats 0.00996 0.06358 0.08861 1.18622 0.51940 0.96750 0.25424
TimesNet 0.01009 0.06225 0.08812 1.11689 0.53433 2.03313 0.25476
MSGNet 0.01042 0.06330 0.08953 1.09892 0.50448 0.45741 0.26756
iTransformer 0.01007 0.06291 0.08845 1.36359 0.52985 1.31346 0.24065
TimeXer 0.01001 0.06213 0.08802 1.02367 0.52388 0.97941 0.22263
MSPCIFormer 0.00981 0.06125 0.08712 1.15393 0.52836 0.65025 0.29581

7

DLinear 0.01454 0.07495 0.10431 1.92245 0.54091 1.25825 0.21572
LSTM 0.01793 0.08156 0.11451 1.89130 0.51364 0.29941 0.26690
NBeats 0.01338 0.07479 0.10318 1.94241 0.49697 0.38404 0.28897
TimesNet 0.01440 0.07370 0.10377 1.75685 0.55303 2.55445 0.19042
MSGNet 0.01412 0.07372 0.10378 1.77525 0.51364 ‐0.69215 0.34112
iTransformer 0.01351 0.07303 0.10234 1.94946 0.49394 0.41017 0.30746
TimeXer 0.01344 0.07188 0.10153 1.76508 0.53636 1.02212 0.23835
MSPCIFormer 0.01359 0.07285 0.10271 1.77666 0.51515 ‐0.00639 0.34367

15

DLinear 0.02535 0.10114 0.13953 3.13485 0.52581 1.09948 0.24467
LSTM 0.02830 0.10750 0.14642 3.54939 0.51613 0.47437 0.23867
NBeats 0.02469 0.10314 0.14183 3.23694 0.50161 1.07973 0.22714
TimesNet 0.02623 0.10277 0.14176 3.49300 0.51613 ‐0.28966 0.30869
MSGNet 0.02687 0.10500 0.14274 3.16696 0.49677 ‐0.59400 0.34053
iTransformer 0.02605 0.10224 0.14091 3.71418 0.53871 0.84206 0.25382
TimeXer 0.02584 0.10133 0.14013 3.50480 0.53387 0.78244 0.21697
MSPCIFormer 0.02539 0.10039 0.13914 3.58061 0.53871 0.59942 0.25451

TAB L E 10 Computational Efficiency Summary. Epoch time and latency are averages; peak memory is the observed maximum. The metrics are
averaged across ADA, BTC, ETH and all prediction horizons.

Model Epoch Time HO (s) Epoch TimeWF (s) Peak Mem HO (MB) Peak MemWF (MB) Latency HO (ms/sample) Latency WF (ms/sample)

DLinear 1.601 1.260 17.34 17.34 4.727 5.028
LSTM 0.214 0.140 80.80 80.80 1.744 2.850
NBeats 0.141 0.104 21.23 21.23 1.720 2.607
TimesNet 3.955 3.125 193.77 194.90 5.280 3.794
MSGNet 1.300 1.024 21.83 21.83 3.088 2.644
iTransformer 0.520 0.429 20.66 20.66 1.840 2.577
TimeXer 0.379 0.294 22.93 22.93 2.021 2.634
MSPCIFormer 0.348 0.265 21.05 20.73 1.875 2.513

and degrades relative to baselines at pred=[3, 7], before partially re‐
covering at pred=15 under hold‐out evaluation. This degradation at

medium horizons is attributable to the fixed patch sizes in MSPCI‐
Former’s patching module becoming increasingly misaligned with the
growing prediction window. Our ablation experiments support this
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F I GUR E 4 Performance radar chart for BTC under hold‐out valida‐
tion, where the outer boundary denotes the best‐performing model.
Values are averaged across prediction horizons of 1, 3, 5, 7, and 15 days.
A larger enclosed area indicates superior overall performance across
both statistical and financial metrics.

F I GUR E 5 Performance radar chart for ETH under hold‐out vali‐
dation, where the outer boundary denotes the best‐performing model.
Values are averaged across prediction horizons of 1, 3, 5, 7, and 15 days.
A larger enclosed area indicates superior overall performance across
both statistical and financial metrics.

explanation by increasing patch granularity consistently closes the
medium‐horizon performance gap. This finding has a direct architectural
implication: adaptive or learned patch scale selection that adjusts with
the prediction horizon would likely close the performance gap further.
We leave this as a direction for future work.

F I GUR E 6 Performance radar chart for ADA under walk‐forward
validation, where the outer boundary denotes the best‐performing
model. Values are averaged across prediction horizons of 1, 3, 5, 7, and
15 days. A larger enclosed area indicates superior overall performance
across both statistical and financial metrics.

F I GUR E 7 Performance radar chart for BTC under walk‐forward val‐
idation, where the outer boundary denotes the best‐performing model.
Values are averaged across prediction horizons of 1, 3, 5, 7, and 15 days.
A larger enclosed area indicates superior overall performance across
both statistical and financial metrics.

The market regime captured by the evaluation window: A central
contribution of this paper is the dual validation framework, and the re‐
sults justify its necessity. Hold‐out and walk‐forward rankings diverge
substantially: MSPCIFormer ranks last or near‐last on several ADA and
ETH hold‐out horizons but consistently top‐1 or top‐2 on the samemet‐
rics under walk‐forward evaluation. Conversely, TimesNet and NBeats
show strong hold‐out Sharpe but more variable walk‐forward behavior.
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F I GUR E 8 Performance radar chart for ETH underwalk‐forward val‐
idation, where the outer boundary denotes the best‐performing model.
Values are averaged across prediction horizons of 1, 3, 5, 7, and 15 days.
A larger enclosed area indicates superior overall performance across
both statistical and financial metrics.

This divergence arises because the static hold‐out test set falls predom‐
inantly within a single market regime, while walk‐forward evaluation
distributes test windows across various regimes. The practical implica‐
tion is significant: a model selected on hold‐out alone may have been
regime overfitted. Walk‐forward validation provides a more honest
estimate of deployment performance.

The choice between statistical accuracy and financial utility metrics:
A consistent finding across all three assets is that MSE and Sharpe Ra‐
tio rankings are poorly correlated. The most striking example is NBeats,
which achieves the best MSE across multiple ETH horizons yet shows
negative Sharpe at pred=7 under hold‐out. Conversely, TimesNet ranks
poorly on MSE at pred=7 for ETH walk‐forward, yet achieves the high‐
est Sharpe. This divergence arises because MSE measures the magni‐
tude of price level prediction error, while Sharpe depends on themodel’s
ability to correctly identify the direction andmagnitude of returns at the
next step (Jabbar & Jalil, 2024). This result motivates the dual evalua‐
tion framework adopted in this study and suggests that papers reporting
only statistical metrics are providing an incomplete picture of model
utility in trading contexts.

The computational constraints of the deployment environment: The
computational efficiency results reveal a meaningful trade‐off between
computational cost and predictive accuracy. TimesNet achieves the
highest Sharpe Ratio in the study (+2.554 for ETH walk‐forward at
pred=7), but at a substantial cost: approximately 11 times slower train‐
ing than MSPCIFormer, 9 times higher peak memory than the average
model, and the highest inference latency. For resource‐constrained de‐
ployment, TimesNet’s cost profile is prohibitive. MSPCIFormer achieves
competitive or best‐in‐class statistical accuracy across most assets and
horizons under walk‐forward evaluation, while maintaining low training

cost andmemory, and the lowestwalk‐forward inference latency among
all baselines. NBeats offers faster training and comparable peak mem‐
ory footprint to MSPCIFormer, but delivers less competitive statistical
accuracy, particularly at short prediction horizons under walk‐forward
evaluation. DLinear’s surprisingly high inference latency despite being
a linear model is a practical reminder that inference cost cannot be in‐
ferred from model complexity alone. Empirical experiments reveals the
cause to be its channel‐individual decomposition configuration which
maintains independent trend and seasonal layers for each of the 8 input
channels.
While MSPCIFormer has demonstrated strong performance on BTC

hold‐out validation and walk‐forward validation, several areas remain
open for future work:

1. Investigating learned patch scale selection mechanism such as the
multi‐scale weighting mechanism used in Pathformer (P. Chen et al.,
2024) to dynamically adjusts the contribution of each patch scale
based on the input’s temporal dynamics and the target forecast hori‐
zon, rather than relying on a fixed patch configuration determined
at training time. Cai et al. (Cai et al., 2023) used aMixture of Experts
(MoE) mechanism to prioritize scale‐specific representations during
fusion, while Zhang et al. (Zhang et al., 2024) combined the token
representations obtained from different scales through flattening,
concatenation, and subsequent linear layer.

2. Enhancing the model’s contextual awareness by integrating
sentiment information such as cryptocurrency related financial
news (Hossain et al., 2024) and aggregate market sentiment
measures such as the Fear & Greed Index (Lee, 2025).

3. Examine different approaches like cross‐attention for fusing time se‐
ries information and sentiment information. For example, TimeXer
(Wang et al., 2024) utilized a cross‐attention mechanism to fuse
endogenous and exogenous information.
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