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ABSTRACT

Relevance. Cryptocurrency returns are volatile, non-stationary, and heavy-tailed. Purpose. This study develops a unified
taxonomy and benchmark with reproducible scoring. Tasks. Representative architectures are compared and measured limitations are
separated from proposed remedies. Methods. Ten statistical, linear, recurrent, attention-based, selective state-space, and pretrained
models are evaluated on daily Bitcoin/Tether and Ethereum/Tether data from two thousand eighteen to two thousand twenty-six.
Three expanding-window folds use horizons of five, ten, and twenty days. A target-history-only control shares post-warm-up
calendar rows and normalization. Evaluation uses absolute error, symmetric percentage error, normalized-return directional
agreement, and paired tests corrected for temporal dependence and multiple comparisons. Scientific novelty. The benchmark
combines architectural coverage, aligned information-set control, and a zero forecast reference. Practical significance. It informs
accuracy and resource trade-offs under weak predictive signal. Results. Best absolute-error skill over zero is approximately zero.
Bitcoin autoregressive and recurrent model differences are not supported after correction. The recurrent model leads learned-model
Ethereum mean absolute error, with many, but not all, pairwise advantages supported. Directional agreement remains near zero point
five. TimesFM is the strongest native-input foundation reference; larger Chronos scale gives no consistent gain. Lag-Llama produces
over-dispersed forecasts, and its low symmetric percentage error does not establish superior accuracy. Conclusions. This low-signal
benchmark supports protocol-specific comparisons rather than exploitable return forecasts. Coverage is limited to two assets, three
folds, and zero-shot foundation evaluation.
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INTRODUCTION To address these challenges, forecasting
methodologies have evolved from statistical
approaches such as ARIMA and GARCH to
recurrent neural networks, Transformer-based
architectures, selective State Space Models (SSMs),
and, more recently, large foundation models for
time-series  forecasting. Each  architectural
generation introduces new sequence modeling
mechanisms, including recurrent memory, self-
attention, selective state updates, and large-scale
pretraining, aiming to improve long-range
dependency modeling and computational efficiency.
Nevertheless, it remains unclear whether increasing
architectural complexity consistently translates into
superior forecasting performance under the highly
volatile and non-stationary characteristics of
cryptocurrency markets [6], [7], [8], [9].

The cryptocurrency market has evolved into one
of the most active financial ecosystems, operating
continuously through decentralized exchanges with
substantial trading volume and liquidity. As
cryptocurrencies become increasingly integrated into
global financial systems, accurate price forecasting
has become essential for algorithmic trading, portfolio
management, risk assessment, and financial decision-
making. However, cryptocurrency forecasting
remains considerably more challenging than
conventional financial forecasting because market
prices exhibit non-stationarity, extreme volatility,
heavy-tailed return distributions, nonlinear temporal
dependencies, and frequent regime transitions. These
statistical characteristics violate the assumptions of
many conventional forecasting methods and require Despit id methodoloaical |
architectures capable of modeling complex temporal espite rapid methodological progress, severa

) . . iy important limitations remain. Existing studies
([ji/]naigilc[ss]un[iﬁr[ge]lpldly changing market conditions typically evaluate individual forecasting models or

isolated architectural families using heterogeneous

datasets, forecasting horizons, validation protocols,
© Nguyen D., Tran T.”, Nguyen L., 2026 and evaluation metrics, making objective
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comparisons difficult. Furthermore, relatively few
studies systematically investigate how
cryptocurrency-specific characteristics — including
heavy-tailed distributions,regime changes, and
cross-asset dependencies — influence the strengths
and limitations of different forecasting paradigms.
Consequently, the relative effectiveness of modern
forecasting  architectures  for  cryptocurrency
prediction remains insufficiently understood [3],
[91, [10].

To address these limitations, this paper presents
a taxonomy-driven review and a unified empirical
benchmark of representative forecasting
architectures for cryptocurrency prediction. Existing
methods are organized by their sequence-modeling
mechanisms, as detailed in the literature review.
Representative architectures are evaluated under a
common expanding-window walk-forward protocol
using BTC/USDT and ETH/USDT data, with a
separate target-history-only control to audit input-set
sensitivity. The study combines literature review and
empirical benchmarking to identify measured
limitations and testable future directions.

The main contributions of this study are
summarized as follows:

1) A unified architectural taxonomy that
organizes cryptocurrency forecasting methods into
five representative forecasting paradigms plus a
lightweight linear baseline according to their
sequence modeling mechanisms.

2) A standardized benchmark that evaluates
representative statistical, deep learning, State Space,
and foundation models under identical datasets,
walk-forward validation, and evaluation metrics.

3) An evidence-driven gap analysis identifies
heavy-tailed modeling, multi-task forecasting, cross-
asset dependency learning, foundation model
adaptation, and regime-aware evaluation as priorities
for further testing.

Unlike surveys that compare published scores
across heterogeneous datasets, this benchmark
compares representative model families on the same
assets, horizons, temporal partitions, and metrics. Its
additional univariate control distinguishes
information-set sensitivity from practical native-input
performance. The contribution is a transparent cross-
paradigm reference, rather than an exhaustive search
or a claim of universally superior architecture.

LITERATURE REVIEW AND PROBLEM

STATEMENT
Architectural Taxonomy of Cryptocurrency
Forecasting. Recent advances in time-series

forecasting have produced a diverse collection of

architectures with substantially different modeling

assumptions, computational characteristics, and
sequence representation mechanisms. Existing
surveys typically review individual forecasting

models or focus on a single architectural family,
making it difficult to understand the evolutionary
relationship among modern forecasting paradigms
and their suitability for cryptocurrency prediction
[91, [10].

To provide a unified perspective, this study
organizes cryptocurrency forecasting methods into
five architectural paradigms plus a lightweight linear
baseline, as illustrated in Fig. 1:

1) statistical and classical machine learning
models;

2) recurrent neural networks;

3) transformer-based architectures;

4) selective state space models ;

5) foundation models.

Rather than following publication chronology,
this taxonomy categorizes forecasting methods
according to their underlying sequence modeling
mechanisms. Each paradigm represents a distinct
stage in the evolution of time-series forecasting,
introducing different trade-offs between
interpretability, computational efficiency, long-range
dependency modeling, and transferability. The
proposed taxonomy serves as the conceptual
framework for both the literature review and the
empirical benchmark presented later in this paper.

Problem Formulation. Cryptocurrency
forecasting may target future closing prices CH, log-
returns r@ = [n(CA/CB_,), or the sign of price
movement. These are distinct objectives. Although
the title describes the application broadly as price
forecasting, the empirical benchmark evaluates
multi-horizon normalized log-returns.

For a 60-day input window, the model predicts
up to 20 future normalized returns z@ = (r@ —
utrain) /atrain. Fold-specific means and standard
deviations are fitted on training data only. Statistical
and zero-shot foundation models forecast raw close-
price paths; successive predicted prices are
converted to log-returns and then to the same
normalized target space.

Price-level error, return error, and directional
agreement must be distinguished. Mean absolute error
(MAE) is a dimensionless normalized-return error.
Directional accuracy (DA) compares signs of
normalized returns; centering shifts the zero
threshold, so this is not strictly equivalent to raw price
direction. Raw-return direction, class-aware baselines,
and economic utility require separate evaluation.
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Fig. 1. Evolution of forecasting architectures for cryptocurrency time-series prediction
Source: compiled by the authors

The benchmark standardizes assets, temporal
partitions, horizons, and metrics while retaining each
model family’s native inputs. A separate univariate
control gives all models close-derived target-history
input. This improves information-set comparability
but does not equate pretraining, training budgets, or
target representations.

Evolution of Forecasting Architectures Fig. 1
illustrates the evolution of cryptocurrency
forecasting architectures from statistical models to
modern foundation models. The proposed taxonomy
organizes existing approaches into five architectural
paradigms plus a lightweight linear baseline based
on their underlying sequence modeling principles,
providing the foundation for the comparative
benchmark presented in the Materials and Methods
section. Statistical and Classical Machine Learning.

Statistical forecasting methods constitute the

foundation  of  cryptocurrency  forecasting.
Representative  approaches include ARIMA,
GARCH, Support Vector Regression (SVR),

Random Forests, and gradient boosting models [1],
[2], [5], [11], [12]. Recent studies continue to report
competitive performance of statistical and hybrid
approaches for stock market forecasting [13]. These
methods model temporal dynamics through
predefined stochastic assumptions or handcrafted
features, providing interpretable forecasts with low
computational cost.

Despite their efficiency, statistical
generally assume relatively stable
structures and therefore struggle with non-
stationarity, heavy-tailed distributions, nonlinear
dependencies, and abrupt regime transitions that
characterize cryptocurrency markets. Classical
machine learning methods alleviate some of these
limitations through nonlinear regression but remain

models
temporal

heavily dependent on feature engineering and often
exhibit limited robustness under changing market
conditions [3], [4].

Recurrent neural networks, particularly LSTM
and GRU, use gated hidden states to learn nonlinear
temporal dependencies and are widely applied to
time-series forecasting [14]. Their gated memory
mechanisms  substantially improved long-term
dependency modeling and established LSTM as one
of the strongest deep learning baselines for financial
forecasting, including  hybrid CNN-LSTM
approaches for cryptocurrency price prediction [15].

However, sequential computation prevents
efficient parallelization and limits scalability for
long input sequences. Furthermore, recurrent
memory gradually degrades over very long horizons,
motivating the development of attention-based
forecasting architectures capable of modeling global
temporal interactions.

Transformer-based Architectures. Transformer
architectures replace recurrent computation with
self-attention, allowing direct interactions among
distant observations while enabling efficient parallel
training [16]. Representative forecasting models
include Informer [17], Autoformer [18], FEDformer
[19], Temporal Fusion Transformers [20], PatchTST
[8], Crossformer [21], and iTransformer [22].

Compared  with  recurrent  architectures,
Transformers substantially improve long-range
dependency modeling and have become the
dominant paradigm for multivariate time-series
forecasting.  Nevertheless, quadratic attention
complexity and sensitivity to distribution shifts
remain important limitations, particularly for highly
volatile cryptocurrency markets where temporal
patterns evolve rapidly. Cryptocurrency-specific
studies have further combined Transformer and
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recurrent components with technical indicators to
improve price prediction accuracy [23], [24].

Hybrid forecasting architectures combine
complementary mechanisms. CNN-LSTM maodels
use convolutional layers to extract local patterns
before gated temporal aggregation [15]; attention-
based Transformer—GRU models combine global
interaction with recurrent memory [24]. Attention
and state-space combinations likewise motivate
efficient hybrid sequence modeling [25], [26]. These
approaches are covered in the taxonomy but are not
separately benchmarked here. Published results
differ in assets, feature sets, horizons, and validation
protocols, so they cannot establish a common
ranking.

Selective State Space Models. SSMs provide an
alternative sequence modeling paradigm by
replacing quadratic attention with linear-time state-
space representations [26], [7]. Mamba further
extends this framework through input-dependent
selective state updates, enabling adaptive memory
while maintaining linear computational complexity.

These characteristics make SSMs particularly
attractive for cryptocurrency forecasting, where long
historical sequences, regime changes, and heavy-
tailed behavior require efficient yet flexible temporal
representations. Nevertheless, empirical evidence
remains limited, especially regarding cross-asset
dependency learning and standardized benchmark
evaluation [25], [27], [28], [29], [30], [31].

Foundation Models. Foundation models
extend forecasting through large-scale pretraining on
heterogeneous temporal datasets [6], [32], [33], [34],
[35], [36]. Chronos scales and quantizes numerical
values into a fixed vocabulary and uses a T5-family
encoder-decoder to generate probabilistic forecast
samples [6]. TimesFM uses a decoder-only
architecture for point forecasting [32]. Lag-Llama
uses lagged covariates and a probabilistic decoder-
only model [38]. MOIRAI uses a universal masked
encoder supporting varying numbers of variables
and forecasting horizons [35]. Scaling and
guantization let Chronos reuse language-model
token prediction for numerical sequences; its
sampled continuations provide a predictive
distribution whose median supplies the point
forecast. This representation can lose numerical
resolution and does not guarantee calibration under
cryptocurrency distribution shifts.

GPTATS adapts a pretrained language-model
backbone with lightweight task-specific components

[36], whereas Time-LLM reprograms time-series
patches into the embedding space of a frozen
language model [34]. These approaches differ from
native numerical time-series pretraining. Here,
Chronos, TimesFM, and Lag-Llama are evaluated
only in zero-shot mode to measure off-the-shelf
transfer without cryptocurrency parameter updates.
Fine-tuning or domain adaptation would answer a
separate question and requires controlled training
budgets and temporal validation. LLMTime [33]
represents numerical series as digit strings and
prompts general-purpose language models for
continuation without time-series-specific training.

Comparative Analysis and Research Gaps. The
evolution of forecasting architectures demonstrates a
continuous transition from model-driven statistical
approaches  toward increasingly  data-driven
representation learning. Rather than replacing
previous paradigms, each architectural generation
addresses specific limitations while introducing new
computational trade-offs (Table 1).

Foundation models are grouped by their
pretraining and transfer setting; their underlying
architectures may overlap with Transformer or State
Space paradigms.

Heterogeneous  datasets and  validation
protocols make objective comparison difficult [9],
[10], motivating the unified benchmark. Beyond
evaluation, five challenges remain:

e GIl. Heavy-tailed modeling. Conventional
regression objectives may inadequately represent the
pronounced tails of cryptocurrency returns [4].

e G2. Multi-task  forecasting.  Return,
direction, volatility, and uncertainty are often
modeled separately rather than jointly.

e G3. Cross-asset dependency
Independent  asset  models  omit
relationships among digital assets.

e G4. Foundation model adaptation. Zero-shot
transfer under cryptocurrency-specific distributions
requires controlled domain-adaptation tests [6], [34].

e G5. Regime-aware evaluation. Aggregate
metrics leave robustness across bull, bear, sideways,
and high-volatility periods unresolved.

These research gaps motivate the benchmark
and subsequent analysis. The experiments directly
measure forecasting errors, directional agreement,
and temporal variation; proposed improvements
from heavy-tail objectives, cross-asset learning, and
domain adaptation remain hypotheses requiring
dedicated tests.

learning.
dynamic
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Table 1. Comparison of representative forecasting paradigms

Paradigm Long-range Complexity Transferability Typical representative
dependency
Statistical Low O(N) Low ARIMA
RNN Medium O(N) Low LSTM
Transformer High O(N?) Medium PatchTST
SSM High O(N) Medium Mamba
Foundation High High High Chronos, TimesFM, Lag-Llama

Source: compiled by the authors

RESEARCH AIM AND OBJECTIVES

Research Aim. The primary aim of this study is
to provide a unified understanding of modern
cryptocurrency forecasting architectures through a
taxonomy-driven literature  review and a
standardized empirical benchmark. By evaluating
representative  forecasting paradigms under a
common experimental framework, this study seeks
to identify their relative strengths, limitations, and
unresolved research challenges, thereby providing
practical guidance for the development of next-
generation cryptocurrency forecasting systems.

Research Obijectives. To achieve this aim, the
study pursues the following objectives:

e (O1. Taxonomy Development: Develop a
unified taxonomy that organizes cryptocurrency
forecasting methods into five representative
architectural paradigms plus a lightweight linear
baseline.

e 02. Benchmark Evaluation: Compare ten
representative models using common  assets,
horizons, temporal partitions, and metrics, and audit
information-set sensitivity with a separate target-
history-only benchmark.

e (3. Architectural Analysis: Analyze the
strengths and limitations of different forecasting
paradigms under cryptocurrency-specific market
characteristics.

e O4. Research Gap ldentification: Identify
unresolved challenges and future research directions
for next-generation cryptocurrency forecasting
architectures

Research  Questions. Based on these
objectives, the study addresses the following
research questions:

e RQ1. How do representative forecasting
paradigms compare under a unified benchmarking
framework?

e RQ2. Does increasing
complexity  consistently  improve
performance in cryptocurrency markets?

e RQ3. Do selective State Space Models
provide greater robustness than Transformer-based

architectural
forecasting

architectures  under volatile  market
conditions?

e RQ4. To what extent can foundation models
generalize to cryptocurrency forecasting without
domain-specific adaptation?

e RQ5. What research gaps and future
directions should be prioritized for next-generation

cryptocurrency forecasting systems?
MATERIALS AND METHODS

Dataset and Market Characteristics. This
study employs daily BTC/USDT and ETH/USDT
data collected from Binance via ccxt. The single
pinned snapshot used for both descriptive analysis
and benchmarking spans 1 January 2018 to 24 May
2026 and contains 3,066 daily Open, High, Low,
Close, and Volume (OHLCV) rows per asset.
Bitcoin and Ethereum were selected for their long
data histories and distinct market dynamics. This
two-asset design does not represent smaller, less
liquid cryptocurrencies or the entire market.

The raw variables are the five OHLCYV fields.
Close prices are transformed into the normalized
log-return target described above. Each asset has
3,065 close-derived  log-return  observations.
Removing the first 33 rows of the raw daily series
during feature preparation leaves 3,033 usable
feature rows, vyielding 2,954 full-series sliding
windows with a 60-day lookback and a 20-day
output horizon. The full-series window count is
descriptive; benchmark windows are constructed
separately within each training, validation, and test
partition. Raw bars, feature rows, and overlapping
samples are distinct counts; Table 2 reports raw
daily observations.

Both BTC and ETH exhibit pronounced non-
stationarity in price levels, while first-order
differencing produces stationary return series. In
addition, their high kurtosis values indicate heavy-
tailed return distributions, confirming that
cryptocurrency markets deviate substantially from
Gaussian  assumptions.  These characteristics
highlight the need for forecasting models capable of

highly
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handling distributional shifts, extreme market
movements, and evolving market conditions.

Fig. 2 shows the market phases covered by the
unified snapshot and the three expanding-window
folds (0-2), whose dates, 60-day gaps, and window
counts are detailed in Table 6. Although these folds
preserve temporal order, their limited number and
the absence of regime-specific evaluation prevent
firm conclusions about robustness to regime
changes. Fig. 2 shows the actual expanding-window
folds; exact dates, 60-day gaps, and forecast-window
counts are specified in Table 6. Folds 0-2 follow the
chronological runner indices.

Table 3 and Fig. 3 characterize the heavy tails
of daily log-returns in the same pinned snapshot
through 24 May 2026. Pearson kurtosis reaches
20.8156 for BTC and 15.7489 for ETH, while

absolute returns above 10 % occur more frequently
than under the fitted Gaussian references shown in
Fig. 3, motivating explicit tail-risk evaluation.

Table 4 and Fig. 4 further show that cross-asset
dependencies are dynamic and regime-dependent.
The 60-day rolling Pearson correlation between
BTC and ETH averages 0.84, falling to 0.78 during
the April 2020-November 2021 bull market, rising
to 0.89 during the December 2021-December 2022
bear market and crash, and moderating to 0.81
during the November 2023-May 2026 bull market
expansion. These findings indicate that inter-asset
relationships are time-varying rather than stationary;
suggesting that independently trained models may
overlook valuable shared market information. This
observation motivates future research on cross-asset
representation learning and multi-task forecasting.

Table 2. Summary statistics of the cryptocurrency benchmark dataset (2018-2026)

Statistic BTC/USDT ETH/USDT Interpretation
Observation period 1Jan 2018 -24 | 1Jan 2018 — | Unified pinned daily snapshot
May 2026 24 May 2026

Raw daily observations 3,066 3,066 Daily OHLCYV bars

Mean daily log-return (%) 0.0570 0.0336 Average daily return

Standard deviation (%) 3.4514 4.5402 Daily return volatility
Minimum log-return (%) =50.2607 —59.0534 Extreme downside

Maximum log-return (%) 17.8449 23.3750 Extreme upside

Skewness —1.1384 —0.9389 Left skew

Excess kurtosis 17.8156 12.7489 Gaussian baseline = 0

ADF p-value (Price) 0.717570 0.366019 Unit root not rejected

ADF p-value (Log Return) <0.001 <0.001 Stationary after log differencing

Source: compiled by the authors
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Fig. 2. Cryptocurrency market evolution and actual benchmark folds (1 January 2018-24 May 2026)

Source: compiled by the authors
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Table 3. Statistical characteristics of BTC/USDT and ETH/USDT daily log-return distributions

Statistic BTC daily Interpretation ETH daily log-return Interpretation
log-return
Pearson kurtosis 20.8156 Heavy tails 15.7489 Heavy tails
Probability (Jr| > 10 %) | 1.99 % Gaussian ~ 0.38 % 4.11% Gaussian =~ 2.76 %

Daily log-return distributions: 3,065 returns per asset.

Source: compiled by the authors
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Source: compiled by the authors

Table 4. Rolling correlation statistics between BTC/USDT and ETH/USDT daily log-returns

Period (Start-End) Market Regime Mean Std Min Max
Corr. Dev. Corr. Corr.
Jan 2018 — Dec 2018 Bear Market 0.88 0.05 0.75 0.94
Jan 2019 — Mar 2020 Recovery / Sideways 0.85 0.06 0.68 0.96
Apr 2020 — Nov 2021 Bull Market 0.78 0.09 0.53 0.97
Dec 2021 — Dec 2022 Bear Market / Crash 0.89 0.05 0.77 0.97
Jan 2023 — Oct 2023 Recovery / Sideways 0.88 0.05 0.74 0.97
Nov 2023 — 24 May 2026 Bull Market / Expansion 0.81 0.08 0.64 0.95
Overall (Jan 2018 — 24 May 2026) 0.84 0.08 0.53 0.97
Source: compiled by the authors
BTC-ETH rolling Pearson correlation
60 daily returns per window; snapshot through 24 May 2026
1.0
0.81
g
g 0.6 1
g 0.4 4
0.24
99018 2019 2020 2021 2022 2023 2024 2025 2026
Market-period labels (descriptive)
Bear e Bull ot o s T
2018 2019 2020 2021 2022 2023 2024 2025 2026
Fig. 4. BTC-ETH rolling correlation (snapshot through 24 May 2026)
Source: compiled by the authors
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Feature Engineering. The five OHLCV
channels are augmented by 18 engineered variables,
yielding 23 channels: SMA-20, EMA-12, EMA-26,
MACD, MACD signal, MACD histogram, RSI-14,
ROC-10, Stochastic %K and %D, Bollinger upper
and lower bands, Bollinger width and %B, ATR-14,
OBV, CMF-20, and close log-return. Trend,
momentum, volatility, and volume features provide
complementary market-state information. Indicators
follow the ta library definitions and are computed
causally; missing warm-up rows are removed before
splitting. Non-target channels are standardized using
training-fold statistics only.

Price-level channels, including OHLC, moving
averages, and Bollinger bands, remain non-
stationary after fold-based standardization. Test-
period levels may exceed the training distribution.
This is a plausible source of input sensitivity, not a
causal explanation established by the aligned
control; relative-price or return-based features
require a separate test.

For closing price C, high H, low L, and volume
V, SMAR is the mean of the last n closes and EMA,
usesa = 2/(n+ 1).MACD = EMA,, — EMAy;
its signal is EMAg(MACD), and its histogram is
MACD minus signal. RSI;, = 100 — 100/(1 +
RS), where RS is the ratio of exponentially
smoothed positive and negative close changes.
ROC,o = 100(CB/CA_1o — 1). Stochastic
% K = 100(CE — ming4 L)/ (maxi4s H —
miny, L), and %D is its three-period mean.

Bollinger bands are U = SMA;o + 2s,0and
B = SMAZO — 2520; width = 100(U—
B)/SMA3, and %B = (C—-B)/(U-B). True
range is max(H — L,|H — Cprevious|, |L —
Cprevious|); ATR,, is its smoothed average. OBV
accumulates volume positively for rising closes and
negatively for falling closes. CMF,o = X,0[V(2C —
H—L)/(H—-L)]/2.0V, with zero-range handling
following the library implementation. Log-return is
In(Ca/CA_,).

Benchmark Models. The benchmark covers
the principal forecasting paradigms reviewed above:
ARIMA(5,1,0) [11], LSTM [14], PatchTST [8],
iTransformer [22], vanilla Mamba [7], Chronos-T5-
Small and Chronos-T5-Large [6], TimesFM [32],
and Lag-Llama [38]. DLinear [37] provides a
lightweight baseline for assessing whether compact
models remain competitive with larger architectures.
Model selection prioritizes architectural coverage
over numerous variants within each family. Table 5
summarizes their parameters, inputs, forecasting
strategies, and roles.

ARIMA is refitted by maximum likelihood on
each test window’s 60-day raw-close history. The

five supervised neural models are trained from
scratch within each fold, producing 20-step forecasts
evaluated at H € {5,10,20}.LSTM uses a three-
layer encoder-decoder with hidden dimension 128,
dropout 0.1, and autoregressive decoding. PatchTST
uses patch length 16, stride 8, three encoder layers,
width 128, and eight attention heads. iTransformer
represents each of the 23 variates as a token. Mamba
uses two selective-state blocks, width 128, state
dimension 16, convolution width 4, and expansion
factor 2. DLinear uses a moving-average kernel of
25 and two shared 60-to-20 projections, totaling
2,440 parameters. These projections operate
independently across channels; selecting the close-
channel output makes its effective input solely the
normalized close-return history.

The four foundation models use 60-day raw-
close histories without cryptocurrency fine-tuning.
Chronos uses temperature 1.0, top-k 50, top-p 1.0,
20 sample paths, and batches of up to 64 windows.
Its PyTorch median selects the lower central sample.
Lag-Llama uses Student-t sampling, 100 paths,
batch size 1, and nonnegative price clamping before
feedback; its NumPy median averages the two
central samples. Both convert median price paths,
anchored at the last observed close, into successive
log-returns using a price floor of 1078, then
normalize them with the training-fold scaler.
TimesFM produces point forecasts. Chronos-Small,
Chronos-Large, and TimesFM contain 46, 710, and
200 million parameters, respectively. Seed 42
applies only to supervised initialization and
shuffling.  Chronos/Lag-Llama  sampling  was
unseeded, and sample paths and random-generator
states were not retained. Saved forecasts and targets
permit metric recomputation, but repeated-seed
sampling variability remains unquantified.

In the native protocol, supervised models
receive 23-channel tensors, although DLinear’s
selected output depends only on close returns;
ARIMA and foundation models receive raw-close
histories. The aligned control selects one close-only
channel after the same indicator warm-up filter,
preserving calendar rows, folds, lookback, horizons,
and normalization. Its 60 runs—10 models x two
assets x three folds—each save prediction and target
arrays of shape (123, 20). This control assesses
additional-channel sensitivity where effective inputs
change, while retaining training and pretraining
differences. Chronos/Lag-Llama results are separate
stochastic realizations with unchanged input
formulations and cannot establish information-set
effects. TimesFM uses identical inputs and
configurations across protocols and reports identical
metrics.
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Table 5. Representative forecasting models included in the benchmark

Model Paradigm | Parameters Input Forecasting Learning Role in
strategy setting benchmark
ARIMA(5,1,0) | Statistical ~5 Close-derived | Price path — Refitted Classical
target normalized per test baseline
returns window
DLinear Lightweight | 2,440 Normalized Direct multi- Supervised | Low-
DL close-return output complexity
history baseline
LSTM Recurrent 409,729 OHLCV + Autoregressive Supervised | Sequential
indicators encoder-decoder modeling
PatchTST Transformer | 613,396 OHLCV + Direct multi- Supervised | Patch-based
indicators output attention
iTransformer Transformer | 605,460 OHLCV + Direct multi- Supervised | Variable-wise
indicators output attention
Mamba Selective 356,116 OHLCV + Direct multi- Supervised | Selective
SSM indicators output memory
modeling
Chronos-T5- Foundation 46 M Close-derived | Native multi-step | Zero-shot Foundation
Small target baseline
Chronos-T5- Foundation 710 M Close-derived | Native multi-step | Zero-shot | Scale-effect
Large target verification
TimesFM Foundation 200 M Close history | Point price path Zero-shot Decoder-only
— normalized reference
returns
Lag-Llama Foundation ~2.45M Close history | Sample-median Zero-shot Probabilistic
price path — reference
normalized
returns

Source: compiled by the authors

Experimental Design

Walk-forward Evaluation Protocol. The study
uses three expanding-window folds to preserve
temporal order (Fig. 5; Table 6). Supervised neural
models are trained separately within each fold,
ARIMA is refitted on each historical context, and
foundation models are evaluated zero-shot. All
models share the same calendar partitions and
forecasting horizons of 5, 10, and 20 days. Two 60-
day gaps separate training, validation, and testing.

Scaling parameters are estimated exclusively
from training rows. Sliding windows are constructed
entirely within each partition using a 60-day context
and a 20-day output, yielding (N-79) windows from
(N) rows. Shorter horizons are evaluated by slicing
the same 20-step forecasts, ensuring identical
forecast origins across horizons. Each test partition
provides 123 windows; its first 60 days supply the
initial context. Serial dependence from overlapping
windows is accounted for in the paired-test
procedure described below.

Table 6. Calendar boundaries, row counts, and usable windows for the three expanding folds

Fold Partition Start date End date Rows Windows
0 Training 2018-02-03 2023-07-30 2,004 1,925
0 Validation 2023-09-29 2024-07-27 303 224
0 Test 2024-09-26 2025-04-15 202 123
1 Training 2018-02-03 2024-02-17 2,206 2,127
1 Validation 2024-04-18 2025-02-14 303 224
1 Test 2025-04-16 2025-11-03 202 123
2 Training 2018-02-03 2024-09-06 2,408 2,329
2 Validation 2024-11-06 2025-09-04 303 224
2 Test 2025-11-04 2026-05-24 202 123

Source: compiled by the authors
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Three-fold expanding-window evaluation

I Training [ ] Validation

Fold 0

Training

Fold 1

Training

Fold 2 Training

B Test 777 60-day gap

2018 2019 2021

2022

2023 2024

Calendar year

Fold Training

Test windows

0 1,925

224 123

1 2,127

224 123

2 2,329

224 123

Context: 60 days; output: 20 days. Exact dates: Table 6.

Fig. 5. Three-fold expanding-window walk-forward validation
Source: compiled by the authors

Training Configuration. Supervised neural
models use Table 7 and an NVIDIA RTX 5070 Ti
GPU with 16.6 GB VRAM. Each protocol
comprises 60 canonical runs (ten models x two
assets x three folds): 30 supervised neural runs, six
ARIMA runs, and 24 zero-shot foundation runs.
Horizons slice the same 20-step outputs. Training
wall-clock time, epochs to early stopping, training
peak memory, processor utilization, and energy
consumption are not reported.

Reproducibility and Fairness. Forecasting
performance is reported using MAE, symmetric
mean absolute percentage error (SMAPE), and DA
on normalized log-returns. MAE is the primary
reported point-error criterion; SMAPE is a
secondary diagnostic because centered returns and
forecast dispersion can distort its denominator. Root
mean squared error (RMSE) is computed by the
evaluation pipeline but is not included in the
compact result tables and is not used for table-based
ranking claims.

For n forecasted observations, MAE is defined
as

1 ~
MAE =13Tly-9l. ()

Here n is the number of evaluated forecast entries;
y; and ¥; denote observed and predicted normalized
returns.
SMAPE is defined as
_1gn 2|lyi=9il

SMAPE = ;Zi=1 il +gil+2e (2)
Here ¢ = 10~8 prevents division by zero. The table
reports SMAPE as a percentage, i.e., 100 times the
ratio in formula (2). Near-zero normalized returns
can still yield large SMAPE, so a lower value does
not imply better calibration or trading utility.

For multi-horizon return forecasting, DA is
computed as

DA =3, 1 [sign(y;) = sign(3)]. (3)

The indicator equals one when the signs of observed
and predicted normalized returns agree. DA around
0.5 indicates weak directional information under this
definition; 0.5 is a heuristic baseline rather than a
tested null adjusted for class imbalance. Centering
shifts the threshold relative to raw-return direction,
and DA does not measure profitability.

Final results are reported as mean and standard
deviation across the three walk-forward folds:

K
__12 .
m—K myg,

k=1

_ Zlk(zl(mk_m)z .
Sm = K-1 ’

Here m, is the metric in fold k. Standard deviation
describes temporal variation across folds, not
variation across random seeds. Lower MAE
indicates lower point error; higher DA indicates
greater normalized-return sign agreement. SMAPE
is interpreted diagnostically.

The zero forecast sets every normalized-return
prediction to zero. Its MAE equals E|z_test|; MAE
skill is 1 — MAE_model/MAE _zero. Zero in the
centered target space corresponds to the training-
fold mean raw return, rather than exactly zero raw
return. The baseline is not included among the ten
model pairs in the 270-test families. Paired inference
uses per-window MAE differences, a Diebold-
Mariano statistic with Newey—West
heteroskedasticity and autocorrelation consistent
variance at lagH — 1, and the Harvey—
Leybourne—Newbold finite-sample correction. Holm
adjustment across 270 aggregate model-pair tests per

K=3. 4)
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protocol is the primary criterion at 0.05. Holm-
adjusted Wilcoxon signed-rank tests provide a
robustness check; Benjamini-Hochberg adjustments
are also computed.

Table 7. Shared training hyperparameters for
supervised neural models

Hyper- Value Rationale
parameter
Optimizer AdamW | Weight decay
regularization
Learningrate | 1 x 10* | Conservative; stable
across architectures
Weight decay | 1 x 10° | Light regularization
Batch size 64 Used for supervised
neural-model training
Max epochs 100 Upper bound; early

stopping active

Early stopping | 15 Validation MSE

patience epochs criterion

Gradientclip | 1.0 Prevents exploding

norm gradients

LR schedule Cosine Smooth decay over
annealing | max epochs

Random seed | 42 Controls supervised
model initialization

and data shuffling

Source: compiled by the authors

RESEARCH RESULTS

Benchmark Results. Tables 8 and 9 report
native-input results for BTC/USDT and ETH/USDT;
Tables 11 and 12 report the aligned univariate
control on the same assets. Table 10 presents MAE
skill relative to the zero-forecast baseline for the
model with the lowest mean MAE in each asset—
horizon—protocol setting. Both protocols share
calendar rows, folds, horizons, and normalization.
MAE and RMSE are dimensionless normalized-
return errors; SMAPE is expressed as a percentage.
DA measures sign agreement in normalized-return
space and should not be interpreted directly as price-
direction accuracy.

Statistical comparison. Holm-adjusted DM-
HAC-HLN tests identify significant differences in
173 of 270 native-input comparisons and 171 of 270
aligned-univariate  comparisons.  Holm-adjusted
Wilcoxon tests yield the same numbers of significant
comparisons. No significant ARIMA-LSTM
differences are detected on BTC at H = 5, 10, or 20.
ARIMA, LSTM, and PatchTST form a competitive
group for BTC MAE, without a consistently
established winner. LSTM achieves the lowest mean
MAE among learned models on ETH, although its
pairwise advantages are not uniformly significant.
These tests exclude the zero baselines and therefore
do not establish superiority to it.

Table 8. Native-input forecasting results for BTC/USDT over three walk-forward folds
Mean * standard deviation over three walk-forward folds

Model H5 MAE H10 MAE | H20 MAE | H5 SMAPE H20 H5 DA H20 DA
SMAPE

ARIMA(5,1,0) | 0.458658 0.459071 0.463714 176.1+1.9 178.4+3.2 0.519+0.037 |0.528+0.012
+0.098898 |+0.097016 |+ 0.098209

DLinear 0.478309 0.478426 0.483105 157.2+2.2 158.7+1.5 0.506+0.014 |0.502+0.005
+0.104106 |+0.101108 |+ 0.103219

LSTM 0.457381 0.458681 0.464261 178.1+10.8 |187.4+2.7 0.537+0.017 |0.491+0.006
+0.097438 |+0.096641 |+ 0.098652

PatchTST 0.459936 0.464824 0.470127 160.1+2.3 163.2+2.9 0.540+0.011 |0.511+0.007
+0.095933 |+ 0.096863 |+ 0.099032

iTransformer |0.472704 0.474520 0.479257 159.4+1.6 160.6+1.4 0.512+0.005 |0.505+0.009
+0.093028 |+ 0.090644 |+ 0.094957

Mamba 0.496204 0.498880 0.500908 154.745.4 153.7+3.0 0.498+0.011 |0.519+0.017
+0.083113 |+0.079986 |+ 0.078080

Chronos- 0.502865 0.508784 0.527152 157.1+2.8 154.5+2.0 0.489+0.021 |0.503+0.026

Small +0.101530 |+0.104165 |+ 0.107405

Chronos- 0.508382 0.520663 0.539250 155.2+3.3 154.0+2.4 0.512+0.017 |0.505+0.001

Large +0.116055 |+0.123140 |+0.126411

TimesFM 0.474958 0.469802 0.473412 160.4+3.4 164.1+4.0 0.501+0.041 |0.520+0.037
+0.107372 |+0.108451 |+0.110379

Lag-Llama 1.116525 1.074149 1.060265 154.5+4.3 152.9+2.6 0.494+0.013 | 0.500+0.009
*0.144022 |+0.082177 |+ 0.058072

Zero forecast |0.458056 0.458974 0.464013 200.0x0.0 200.0+0.0 n/a n/a
+0.097974 |+0.096845 |+0.098473

Source: compiled by the authors
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Table 9. Native-input forecasting results for ETH/USDT over three walk-forward folds

Model H5 MAE H10 MAE | H20 MAE H5 H20 H5 DA H20 DA
SMAPE SMAPE
ARIMA(5,1,0) | 0.595942 0.581224 0.577046 168.3+3.6 183.2+3.3 0.472+0.002 | 0.498+0.020
+ 0.007380 + 0.012659 + 0.025334
DLinear 0.590631 0.592160 0.590949 156.4+4.1 156.1+2.3 0.489+0.033 | 0.501+0.024
+ 0.003045 +0.001513 + 0.015735
LSTM 0.567597 0.567761 0.571707 174.0£8.1 178.1+12.1 0.502+0.017 | 0.484+0.022
+ 0.013945 + 0.015848 + 0.026408
PatchTST 0.578481 0.578749 0.580175 165.7+1.6 164.5+1.3 0.496+0.006 | 0.491+0.018
+ 0.009968 + 0.008625 + 0.020872
iTransformer 0.576024 0.574783 0.578123 164.6+3.1 163.8+1.3 0.495+0.001 | 0.503+0.011
+ 0.012496 + 0.012000 + 0.023602
Mamba 0.576959 0.574070 0.577938 162.7+5.1 163.7+3.3 0.495+0.024 | 0.499+0.024
+ 0.006918 + 0.008087 + 0.020370
Chronos- 0.634471 0.635388 0.657619 158.8+3.4 153.8+3.2 0.496+0.016 | 0.508+0.027
Small +0.011074 | +£0.008743 | +0.023149
Chronos- 0.631389 0.645732 0.667553 156.6+3.2 152.1+1.3 0.492+0.010 | 0.513+0.019
Large +0.013340 | +£0.017244 | +0.019328
TimesFM 0.598707 0.592161 0.591054 163.6x7.5 166.6+3.2 0.491+0.023 | 0.496+0.012
+ 0.002823 + 0.010693 + 0.020666
Lag-Llama 1.061837 0.939119 0.877781 150.6+1.1 149.8+0.8 0.497+0.007 | 0.495+0.006
+ (0.132364 + 0.098844 + 0.094679
Zero forecast 0.566819 0.565748 0.569247 200.0+0.0 200.0+0.0 n/a n/a
+0.013889 + 0.015857 +0.027334
Source: compiled by the authors
Table 10. Best-model MAE skill relative to the zero forecast, by protocol
Protocol Asset H5 skill H10 skill H20 skill
Native input BTC/USDT +0.15 % +0.06 % +0.06 %
Native input ETH/USDT -0.14 % -0.36 % -0.43 %
Aligned univariate BTC/USDT —-0.05 % -0.02 % +0.06 %
Aligned univariate ETH/USDT -0.12 % —-0.09 % —0.08 %

Source: compiled by the authors

Table 11. Aligned univariate control results for BTC/USDT (mean + SD over three folds)

Model H5MAE | H10 MAE | H20 MAE H5 H20 H5 DA H20 DA
SMAPE SMAPE
ARIMA(5,1,0) | 0.458658 0.459071 0.463714 176.1#1.9 | 1784%32 | 0.519%0.037 | 0.528+0.012
+0.098898 | +0.097016 | +0.098209
DLinear 0.478309 0.478426 0.483105 1572422 | 158.7¢1.5 | 0.506%0.014 | 0.502+0.005
+0.104106 | +0.101108 | +0.103219
LSTM 0.458271 0.459375 0.464444 189.240.4 | 189.941.5 | 0.496x0.033 | 0.491+0.038
+0.097748 | £0.096773 | +0.098489
PatchTST 0.459773 0.464987 0.470399 160.8#2.2 | 163.8#3.0 | 0.541%0.013 | 0.508+0.012
+0.095610 | +0.096722 | +0.098973
iTransformer | 0.467339 0.467931 0.474471 150.9+15 | 160.8#21 | 0.507%0.013 | 0.509%0.014
+0.095514 | +0.092563 | +0.096361
Mamba 0.461767 0.462602 0.467302 171303 | 172.941.7 | 0.489%0.010 | 0.495x0.010
+0.100764 | +0.096392 | +0.098069
Chronos- 0.492808 0.509090 0.530553 1531428 | 153.941.6 | 0.524%0.015 | 0.509+0.013
Small +0.101912 | £0.106652 | +0.118733
Chronos- 0508964 0.509900 0.530612 156.2¢1.5 | 152.8#2.0 | 0.500£0.014 | 0.515x0.006
Large +0.107431 | £0.114334 | £0.121518
TimesFM 0.474958 0.469802 0.473412 160434 | 164.1#4.0 | 0.501#0.041 | 0.520+0.037
+0.107372 | £0.108451 | +0.110379
Lag-Llama 1.138432 1.080187 1.058367 1544%26 | 153.0¢1.0 | 0.489%0.017 | 0.499:0.010
+0.101598 | +0.089749 | +0.061517
Zero forecast | 0.458056 0.458974 0.464013 2000200 | 200.0£0.0 | n/a n/a
+0.097974 | £0.096845 | +0.098473

Source: compiled by the authors
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Table 12. Aligned univariate control results for ETH/USDT (mean + SD over three folds)

Model H5 MAE H10 MAE | H20 MAE | H5 H20 HS DA H20 DA
SMAPE SMAPE

ARIMA(5,1,0) | 0.595942 0.581224 0.577046 168.3+3.6 183.2+3.3 0.472+0.002 | 0.498+0.020
+0.007380 | +0.012659 | + 0.025334

DLinear 0.590631 0.592160 0.590949 156.4+4.1 156.1+2.3 0.489+0.033 | 0.501+0.024
+0.003045 | +0.001513 | +0.015735

LSTM 0.567524 0.566232 0.569699 188.4+4.5 189.8+7.0 0.499+0.023 | 0.482+0.010
+0.013802 | +0.016000 | +0.027604

PatchTST 0.578378 0.579103 0.580290 166.4+1.8 164.6+1.3 0.494+0.000 | 0.489+0.015
+0.010409 | +£0.009224 | +0.021315

iTransformer | 0.580245 0.577911 0.581148 163.8+2.7 162.6+1.9 0.489+0.020 | 0.491+0.026
+0.007517 | £0.010450 | +0.019207

Mamba 0.571090 0.569350 0.574193 174.0+3.4 174.9+2.4 0.493+0.033 | 0.481+0.012
+0.012286 | +0.013425 | +0.025194

Chronos- 0.629598 0.635135 0.660424 157.1+2.8 154.0+1.7 0.494+0.005 | 0.500+0.012

Small +0.010079 | £0.013977 | +0.022278

Chronos- 0.626894 0.644209 0.666797 157.1+2.8 152.7+1.6 0.494+0.017 | 0.504+0.017

Large +0.015389 | £0.007586 | +0.010782

TimesFM 0.598707 0.592161 0.591054 163.6+7.5 166.6+3.2 0.491+0.023 | 0.496+0.012
+0.002823 | £0.010693 | + 0.020666

Lag-Llama 1.065780 0.947151 0.880909 149.6+3.6 149.1+2.0 0.498+0.008 | 0.503+0.009
+0.128540 | £0.109479 | +0.093374

Zero forecast | 0.566819 0.565748 0.569247 200.0+0.0 200.0+0.0 n/a n/a
+0.013889 | +£0.015857 | +0.027334

Source: compiled by the authors

The results reveal five principal empirical
observations:

e Observation 1.  Overall forecasting
performance. No model dominates both assets and
all metrics. Across assets, horizons, and protocols,
the best-model MAE skill relative to zero ranges
from —0.43% to +0.15%. These negligible numerical
gains suggest limited forecasting skill in the
evaluated setting, despite differences in inter-model
rankings. The reported pairwise tests exclude zero
and therefore do not establish superiority to this
baseline; nonsignificant model-pair differences also
do not establish equivalence.

e Observation 2. Complexity versus accuracy.
Compact and recurrent models remain competitive
with larger architectures. DLinear provides a useful
baseline with few parameters, while LSTM performs
strongly by MAE, particularly on ETH. Increased
model capacity offers no consistent accuracy
advantage, suggesting that architectural complexity
should be justified by measured improvements
rather than parameter count alone.

e Observation 3. Selective State Space Model
performance. Mamba shows asset- and metric-
dependent performance without consistent MAE
leadership. In the aligned control, it follows the
leading BTC ARIMA/LSTM group and achieves the
second-lowest learned-model ETH MAE, while
remaining worse than zero. Its H5 MAE decreases

from 0.496 to 0.462 on BTC and from 0.577 to
0.571 on ETH. These changes indicate protocol
sensitivity but do not establish a causal benefit from
removing indicators.

e Observation 4. Foundation-model
transferability. TimesFM achieves the lowest native-
input MAE among the evaluated foundation models,
whereas increasing Chronos scale provides no
consistent benefit. Lag-Llama combines relatively
high MAE with low SMAPE. Because SMAPE
depends on prediction and target magnitudes,
especially near zero, this result alone does not
establish superior point forecasting. These findings
concern zero-shot inference and do not assess
cryptocurrency-specific adaptation.

e Observation 5. Directional prediction
capability. DA remains around 0.5, with maxima of
0.540 in the native protocol and 0.541 in the aligned
control, both achieved by PatchTST on BTC at H5.
DA measures sign agreement in centered
normalized-return  space. Without appropriate
directional baselines and significance tests, these
values do not establish reliable raw-price direction
prediction or trading utility.

Information-set alignment preserves common
evaluation targets, calendar windows, folds, and
normalization, but does not equalize training
procedures, internal forecast representations, or
pretraining budgets. Chronos and Lag-Llama retain
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the same raw-close input formulation across
protocols; their score changes reflect separate
unseeded sampling realizations and cannot identify
input effects.

Comparative Analysis Across Forecasting
Paradigms

Table 13 summarizes architectural properties
and empirical trade-offs across the evaluated
paradigms. ARIMA offers a compact, interpretable
structure and remains competitive by MAE. DLinear
demonstrates that a small parameter count can
suffice to match substantially larger models. LSTM
is particularly competitive on ETH, while attention-
based models occasionally achieve higher DA
without  establishing reliable  market-direction
prediction. Mamba offers selective state processing
but shows no consistent MAE leadership.
Foundation models enable inference without
cryptocurrency-specific parameter updates, although
their zero-shot accuracy varies substantially.

These trade-offs concern point accuracy,
parameter requirements, and inference resources
within the two daily asset series and tested
configurations. Parameter counts and asymptotic
complexity describe architecture rather than

measured deployment cost. Separate latency and
memory measurements are discussed below;
differences in profiling procedures, batch sizes, and
sampling settings limit direct comparisons. Cross-
asset, regime-aware, and adapted foundation-model
approaches remain unevaluated.

Evidence-Driven Research Gap Analysis

Table 14 separates observed limitations from
proposed interventions. Heavy-tailed returns
motivate investigation of distributional objectives,
while limited directional evidence motivates
calibrated direction heads and multi-task evaluation.
Rolling cross-asset correlation motivates joint
modeling without demonstrating its forecasting
benefit. Heterogeneous zero-shot results motivate
controlled adaptation studies, and three-fold
aggregate evaluation leaves robustness to regime
changes unresolved.

These priorities require dedicated experiments
under the same temporal controls. The present
benchmark identifies questions for further study but
does not validate cross-asset conditioning, heavy-tail
objectives, domain adaptation, or regime-specific
modeling as effective remedies.

Table 13. Comparative characteristics of forecasting paradigms in the benchmark

Paradigm | Representative Sequence Complexity Main benchmark | Main limitation
model mechanism strength
Statistical ARIMA Autoregression O(N) Competitive MAE; | Limited nonlinear
interpretable modeling
Lightweight | DLinear Linear O(N) High parameter Limited adaptive
DL decomposition efficiency representation
Recurrent LSTM Hidden-state O(N) Competitive MAE, | Sequential
recurrence especially ETH computation
Transformer | PatchTST, Self-attention O(N?), or Occasional higher High cost; DA
iTransformer O(F?)/patch-specific DA remains near 0.5
Selective Mamba Selective state O(N) Competitive, Asset- and
SSM updates protocol-dependent | metric-dependent
Foundation Chronos Large-scale High Model-dependent No domain
pretraining zero-shot MAE adaptation tested

Source: compiled by the authors

Table 14. Evidence-driven research gaps from the literature review and benchmark

Gap Evidence status Benchmark evidence Next test
G1 — Heavy-tail Motivated; remedy Large excess kurtosis; Compare quantile or Student-t
modeling untested MAE/SMAPE rank differences objectives
G2 — Multi-task Weak DA observed; DA near 0.5 on normalized Joint return/direction/volatility

forecasting

remedy untested returns

outputs

G3 — Cross-asset Hypothesis Strong rolling BTC-ETH Joint conditioning vs single-
learning correlation; separate asset models | asset control

G4 - Foundation Hypothesis Heterogeneous zero-shot Controlled fine-tuning under
adaptation performance matched budgets

G5 — Regime- Limitation observed Three folds; no regime-stratified More origins and explicit
aware evaluation metrics regime tests

Source: compiled by the authors from the literature review and

benchmark results

580

Theoretical aspects of computer science,
programming and data analysis

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)




Nguyen T.D., Tran T. V.", Nguyen T. L./

Herald of Advanced Information Technology

2026; Vol.9 No.4: 567-587

DISCUSSION OF RESULTS
Interpretation of Benchmark Results

The Dbenchmark supports relative model
comparisons but shows essentially no absolute MAE
gain over zero. BTC ARIMA-LSTM differences are
not Holm-supported, and LSTM leads learned-
model mean MAE on ETH with many, but not all,
supported pairwise advantages. Statistical non-
rejection does not establish equivalence. This is a

low-signal benchmark rather than evidence of
trading value.
Additional capacity does not consistently

improve out-of-sample error in these noisy, non-
stationary, heavy-tailed series. Since zero is already
competitive, small rank differences should not be
interpreted as evidence that models recover
substantial predictable structure. Financial volatility
clustering and anomalous behavior [39] motivate
further uncertainty and regime analysis.

A plausible explanation for LSTM’s
competitiveness is its gated recurrent state, which
compresses local temporal dependence within a 60-
day window. Flexible attention over patches or
correlated feature channels may be more sensitive to
noise in a limited daily dataset. Mamba’s selective
state alone does not guarantee a lower-error
representation in a single-asset, single-task setting.
These mechanisms are interpretations, not findings
established by ablation tests.

Selective State Space Models: Potential and
Limitations

Selective State Space Models combine linear
sequence complexity with input-dependent state
updates, making them attractive for long and non-
stationary financial sequences [26], [7]. Recent
evidence has also demonstrated the applicability of
Mamba to financial forecasting tasks beyond
cryptocurrency markets [31]. By compressing
historical information into dynamically updated
latent states, these models may retain relevant
temporal signals without incurring the quadratic cost
of full self-attention.

Vanilla Mamba remains competitive in some
native-input settings but has no consistent MAE
advantage. The aligned control provides negligible
best-model skill over zero, limiting claims about
additional predictive value from selective memory.

Native-input LSTM has lower ETH mean MAE
than Mamba. This does not establish intrinsic
unsuitability of state-space modeling: cross-asset

Selective memory is therefore an efficient
mechanism whose proposed extensions require
direct tests. Differences between BTC and ETH
alone cannot demonstrate that cross-asset
representation learning would improve accuracy.

Model-Dependent Zero-Shot Transfer of
Foundation Models

Foundation-model performance varies
substantially. TimesFM is comparatively
competitive by MAE, Chronos variants are
moderate, and Lag-Llama has much larger errors.
Low SMAPE for Lag-Llama does not overturn its
poor MAE and illustrates the sensitivity of relative-
error measures on centered return targets.

At H20, native Lag-Llama signed bias is 0.0221
on BTC and 0.0389 on ETH, compared with MAE
1.0603 and 0.8778. Prediction-to-target standard-
deviation ratios are 1.9783 and 1.1394, with
correlations —0.0020 and 0.0143. In the aligned
control, ratios are 19700 and 1.1502 and
correlations 0.0041 and 0.0132. These diagnostics
suggest excess dispersion rather than a large
constant offset. Low SMAPE does not overturn poor
MAE; calibration or domain adaptation requires a
dedicated test.

Increasing native-input Chronos capacity from
46 million to 710 million parameters gives no
consistent MAE benefit. Across foundation families,
the 200-million-parameter TimesFM is stronger by
MAE than the approximately 2.45-million-parameter
Lag-Llama, but parameter count alone does not
explain the ranking. Pretraining data, tokenization or
patching, and point versus probabilistic output may
matter; these are hypotheses rather than causal
findings.

The native-input comparison mixes input-set
differences with the distinction between pretrained
zero-shot models and asset-trained neural models.
The univariate control removes additional indicator
channels but preserves training and representation
differences. Heavy-tailed returns and regime shifts
provide plausible domain-gap explanations, but the
benchmark does not identify their individual causal
effects. Under the aligned control, both Chronos
variants still have higher H5 MAE than every
supervised neural model and ARIMA (BTC/USDT:
0.493-0.509 wversus 0.458-0.478; ETH/USDT:
0.627-0.630 versus 0.568-0.596; Tables 11 and 12),
although no model improves on the zero forecast by
more than 0.07% in this control. Therefore, the
native-input gap is not explained by additional

information equire controlled sblaiors, - Indicatorchamnels aone
q ' Fine-tuning, domain-specific pretraining,
calibration, and exogenous-variable integration
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should be evaluated separately with matched
adaptation budgets and temporal splits. They are
proposed experiments, not demonstrated
improvements.

Practical Implications and Future Research
Directions

For deployment, model selection should jointly
consider point error, information requirements,
retraining cost, inference latency, and measured
memory usage. ARIMA and DLinear remain useful
low-complexity baselines, while LSTM is a strong
ETH point-forecasting reference. Table 15 reports
inference latency and memory evidence from re-
profiling and saved benchmark metrics. Differences in
profiling procedures, batch sizes, and forecast sampling
limit direct latency and memory comparisons across
models.

Weak DA motivates an explicit direction-
classification head, directional loss, or multi-task
objective combining returns, volatility, and direction
probability. Future evaluation should use raw-return
direction, class-aware  baselines,  probability
calibration, and transaction costs before asserting
trading value.

Further work should directly test gquantile or
Student-t distributional heads for tail risk; joint
BTC-ETH conditioning against  single-asset
controls; domain adaptation of foundation models;
and more rolling-origin folds or explicit bull,
bear/crash, sideways, and high-volatility test
periods. These are research hypotheses rather than
improvements established by this benchmark.

Together, these findings suggest that the next
generation of cryptocurrency forecasting systems
should combine architectural efficiency with
domain-aware objectives, cross-asset information,
and explicit uncertainty modeling rather than relying
solely on larger sequence models.

CONCLUSIONS

This study contributes an architecture-based
taxonomy, a standardized empirical benchmark, and
an evidence-driven analysis of research gaps in
cryptocurrency forecasting. Ten models were
evaluated on daily BTC/USDT and ETH/USDT data
using three expanding-window folds and forecasting
horizons of 5, 10, and 20 days. Common evaluation
periods and metrics enable comparisons across
paradigms, while an aligned close-history-only
control examines sensitivity to additional input
channels where effective inputs change.

No model consistently dominates both assets
and all metrics. Best-model MAE skill relative to
zero is negligible: native-input gains on BTC reach

at most 0.15 %, while ETH skill remains negative.
The aligned control yields similarly limited gains.
No significant ARIMA-LSTM differences were
detected on BTC after Holm adjustment; LSTM
achieves the lowest learned-model mean MAE on
ETH, although its pairwise advantages are not
uniformly significant. TimesFM records the lowest
native-input MAE among the evaluated foundation
models, and increasing Chronos scale provides no
consistent benefit. DA in normalized-return space
does not establish raw-price directional accuracy or
trading utility. These results suggest that greater
model complexity alone offers no reliable accuracy
advantage within the evaluated setting.

The evidence is limited to two major daily asset
series, three temporal folds, and the tested
configurations. It does not establish generalization to
smaller assets, intraday data, or additional market
regimes. Foundation models were evaluated only
zero-shot; probabilistic calibration and trading
performance were not assessed. Inference profiling
does not capture complete training and deployment
costs. Saved point forecasts and targets permit
metric recomputation, but exact regeneration of
Chronos and Lag-Llama forecasts is not guaranteed
because sampling was unseeded and sample paths
and generator states were not retained. Limited
temporal and stochastic coverage constrains broader
conclusions, and the reported pairwise tests establish
neither model equivalence nor superiority to zero.

Future work should extend evaluation across
assets, frequencies, and regimes, with additional
rolling origins and repeated seeded runs. Priorities
include heavy-tailed probabilistic objectives, joint
forecasting of returns, direction and volatility, cross-
asset representation learning, and domain adaptation
of foundation models. Selective State Space
architectures also warrant investigation for their
selective memory mechanisms and linear sequence-
processing complexity, although the present Mamba
results establish no consistent accuracy advantage.
These directions require controlled ablations,
regime-specific evaluation, calibration assessment,
and analysis of economic performance under
transaction costs. The benchmark provides a
transparent basis for such investigations without
establishing that any proposed extension will
improve forecasting.

USE OF ARTIFICIAL INTELLIGENCE

The authors used generative artificial
intelligence tools, including Claude (Anthropic) and
ChatGPT (OpenAl), to assist with language editing,
grammar checking, and improving the clarity and
readability of the manuscript. These tools were not
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used to generate the scientific content, research

methodology, experimental design, data analysis, or
contributions,
interpretations, and final decisions regarding the

conclusions.

All

scientific

manuscript were made exclusively by the authors.
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Table 15. Computational resource profile of the benchmarked models

Model Parameters | Training/adaptat | Main Runtime / latency Memory evidence
ion mode computational evidence
driver
ARIMA(5,1,0) |5 AR CPU statistical Repeated ARIMA | CPU re-profile on six | GPU VRAM not
coefficients |refit per test fitting over rolling | native-input folds: applicable; reported
window windows 50.40 £ 16.41 CPU RSS delta was
ms/window below the displayed
measurement precision
DLinear 2,440 Supervised Linear CUDA inference re- | Peak CUDA inference
training from trend/residual profile on six native- |allocation: 10.7 £ 0.0
scratch projections over the |input folds: 0.04 + MB
input window 0.00 ms/window
LSTM 409,729 Supervised Recurrent encoder- | CUDA inference re- | Peak CUDA inference
training from decoder and profile on six native- |allocation: 81.0 = 0.4
scratch autoregressive input folds: 0.19 = MB
multi-step decoding | 0.01 ms/window
PatchTST 613,396 Supervised Self-attention over | CUDA inference re- |Peak CUDA inference
training from per-variate patch profile on six native- |allocation: 51.2 + 0.0
scratch tokens input folds: 0.07 + MB
0.01 ms/window
iTransformer | 605,460 Supervised Self-attention over | CUDA inference re- |Peak CUDA inference
training from F=23 variate tokens | profile on six native- |allocation: 18.2 + 0.0
scratch input folds: 0.07 + MB
0.02 ms/window
Mamba 356,116 Supervised Selective SSM scan | CUDA inference re- | Peak CUDA inference
(vanilla) training from with linear profile on six native- |allocation: 40.8 + 0.0
scratch sequence scaling input folds: 0.09 + MB
0.01 ms/window
Chronos-T5- | 46M Zero-shot Pretrained T5- Saved six-fold Representative peak
Small inference; no family decoder benchmark metrics: CUDA allocation:
cryptocurrency inference 6.19 + 3.00 1540.4 MB, batch size
fine-tuning ms/window 64
Chronos-T5- | 710M Zero-shot Larger pretrained | Saved six-fold Representative peak
Large inference; no T5-family decoder |benchmark metrics: | CUDA allocation:
cryptocurrency inference 43.34 £2.77 6419.0 MB, batch size
fine-tuning ms/window 32
TimesFM 200M Zero-shot Decoder-only Saved six-fold Representative peak
inference; no foundation-model | benchmark metrics: | CUDA allocation:
cryptocurrency inference 120.38 £ 2.47 892.2 MB, batch size 1
fine-tuning ms/window
Lag-Llama ~2.45M Zero-shot Probabilistic Saved six-fold Representative peak
inference; no sample generation | benchmark metrics: | CUDA allocation: 86.8
cryptocurrency from lagged 258.86 + 2.97 MB, batch size 1
fine-tuning context ms/window, with 100

samples

Source: authors’ inference profiling and benchmark logs; Lag-Llama parameter count from the official model card
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AHOTALIS

AKTyalIbHiCTh. J[OXiHOCTI KPHUOTOBATIOT XapaKTePH3YIOThCS BHCOKOIO BOJATHWIIBHICTIO, HECTAI[IOHAPHICTIO Ta Ba)XKKUMU
xBoctamd. Meta. Po3poOuTH y3romkeHy TaKCOHOMIIO Ta €TajlOH TIOPIBHSHHS 3 BiATBOPIOBAHUM OOYHCICHHSAM METPUK. 3aBIaHHSI.
[opiBHATH apXiTeKTYpH # BIIOKPEMUTH BUMIpsHI OOMEKEHHsS BiJ JOCTiTHUIBKUX rimore3. Meromu. JlecsiTh CTaTUCTUYHHUX,
TMHIHHUX, PEKypEeHTHUX, yBaroBUX, CEJICKTUBHUX MOJEJNEH MpPOCTOPY CTaHIB i MOMEpeJHhO HABYSHUX MOJENeH OLIHeHO Ha
moneHHux nanux Bitcoin/Tether Ta Ethereum/Tether 3 aBi Thcs4i BiCIMHAAILITOrO A0 JBI THCSYi OBAAISATH ILIOCTOrO POKY.
BukopucraHo TpH 4YacoBi pPO3OHUTTS 3 PO3LIMPEHHSM HABYAIGHOTO BiKHA Ta TOPU3OHTH ITSITh, JAECATH 1 JBAAILTH IIHIB.
OnHOBUMIPHHUH KOHTPOJIb BUKOPUCTOBYE Ti caMi KaJI€HapHi PSAKU MicCIs BITydeHHS TTOYaTKOBUX PSKIB iHAWKATOPIB Ta OJHAKOBY
HopMmatizarifo. OIHIOBaHHS OXOIUTIOE Aa0COMIOTHY IOXHOKY, CHMETPHYHY BiJICOTKOBY IOXHMOKY, Y3TOKCHICTh HAMpPIMKY
HOPMAJIi30BaHOI JIOXITHOCTI W MapHi TECTH 3 KOPEKI€I0 YacoBOI 3aJIe)KHOCTI Ta MHOKHHHUX NOpiBHsAHb. HaykoBa HOBHU3HA.
[loenHaHO TaKCOHOMIIO, Y3TOMKEHUI KOHTPOIb BXiMHOI iH(QopMmamii Ta HynpoBUi nporHo3. [IpakTuyHa 3HauymicTh. Pe3ynpraTn
JIOTIOMAraroTh OLIHIOBATH TOYHICTH 1 OOYHCIIOBaJbHI BHTPAaTH 3a CIa0KOro MpOrHo3Horo curHanmy. PesyabTaTtu. Haiikpamie
MOKpAICHHs a0CONIOTHOI TMOXMOKM BIAHOCHO HYIBOBOTO TPOTHO3Y € TMPAaKTUYHO HyJIpoBUM. [l Bitcoin BigMiHHICTB
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aBTOpErpeciiHOl Ta PeKypeHTHOI Mojelel He MiaTBepkeHa ckopuroBaHumu Tecramu. [lms Ethereum pexypenTHa Momens Mae
HaliMEHIIly CepeAHI0 a0COMOTHY MOXHOKY cepell HaBYEHHX MOJENeH, aje MiATBep/KEHO He BCi MapHi IepeBard. Y3TOIKEeHICTh
HanpsMKy OnM3bKa 10 HYIS WiAMX ISATH AecaTux. TimesFM e HalicHibHIMOW (yHZaMEHTAIbHOIO MOEIIIO 33 aOCONIOTHOIO
MOXHUOKOI0 y MPOTOKOJI 3 BilacHUMH Bxomamu; 30inpmieHHsi Chronos He mae crabimpHOi mepeBarm. Lag-Llama mae mHagMipHy
JIICTIEPCII0 MIPOTHO31B, TOMY HU3bKa CHMETPHYHA BiJICOTKOBA MIOXMOKA HE O3HAa4Ya€ BUIIOI TOYHOCTi. BucHOBKH. ETasoH 3i cinabkum
CHTHAJIOM MIATPUMYE TOPIBHSAHHSI B MeXaX IIPOTOKONY, a HE TBEP/UKEHHS IIPO NPHOYTKOBE NPOrHO3YBAaHHS. Y3arajlbHEHHS
oOMeKeHe BOMa aKTHBaMH, TPhOMa PO3OUTTSIMH Ta OLIHIOBAaHHAM (YHIAMEHTAIBHUX Mogieseil 6e3 amanTari.
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