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Abstract

Exchange rate forecasting is a core issue in empirical finance, but in the majority of stud-
ies, the impact of target construction, feature representation, and model structure is not
disaggregated, and the evaluation is confined to one prediction problem. The three tasks
are: (1) prediction of ERt+1; (2) prediction of rt+1 = ERt+1 − ERt; and (3) prediction of
future volatility defined as the sample standard deviation of rt+1, . . . , rt+10, where the
horizon is the next 10 recorded observations. The seven model families are evaluated with
a strict chronological 70%/15%/15% split; ER is excluded as a direct raw predictor, deep
models use seeds 7, 42, and 123, and task-specific financial benchmarks are included. The
findings reveal markedly different out-of-sample forecasting behavior across the three
tasks. For level prediction, the no-change random walk gives RMSE = 0.0005923 and
R2 = 0.99815, while Linear Regression gives RMSE = 0.0005939 and R2 = 0.99814; the dif-
ference is not significant (DM = 0.480, p = 0.631). For return prediction, Linear Regression
gives RMSE = 0.0005920 and R2 = −0.00061 and does not significantly outperform the
zero-return benchmark (DM = −0.083, p = 0.934). For future volatility, the best average
finance-aware learned model is FeatureAttention_Only (RMSE = 0.0004407 ± 0.0000180;
R2 = −0.027 ± 0.085), and its three-seed ensemble gives RMSE = 0.0004298 and R2 = 0.024.
FeatureAttention_Only improves squared-error loss relative to EWMA and GARCH in the
fixed hold-out, but is not significantly superior to GARCH under QLIKE; rankings also
vary across forecast origins.

Keywords: exchange rate prediction; return prediction; volatility prediction; LSTM;
GRU; dual-stage attention; finance-aware feature engineering; deep learning; time-series
forecasting; ablation analysis

1. Introduction
One of the most difficult issues in time-series analysis of finance is exchange rate fore-

casting. The exchange-rate series are noisy, nonstationary and usually regime-dependent
due to the determination of currency values through trading activity, macroeconomic
fundamentals, market expectations, institutional policy, and geopolitical events (Frömmel
et al. 2022; Rossi 2013). In spite of these challenges, precise forecasting is very vital in
monetary planning, trade settlement, corporate treasury operations, portfolio hedging and
financial risk management (Alvarez et al. 2007; Poon and Granger 2003). One endemic
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issue of the literature is that the entire idea of exchange-rate forecasting is presented as
one undifferentiated job. There are three fundamentally different prediction tasks based
upon the same underlying exchange-rate series, which have varying statistical character-
istics and varying predictability: Exchange Rate Prediction, the next raw exchange rate
level, which takes advantage of the strong autocorrelation of the level series; Exchange
Rate Return Prediction, prediction of the subsequent first-difference return, eliminating
persistence and examining whether signed changes in the future are predictable based on
known information (Engel and West 2005; Meese and Rogoff 1983); and Exchange Rate
Volatility Prediction, prediction of future volatility of returns, which aims at the magnitude
of fluctuations and is linked to risk behavior such as volatility clustering and volatility
persistence (Bollerslev 1986; Engle 1982).

These three activities are hardly compared within the same evaluation system. As a
result, there is conflicting material in the literature: studies targeted at raw level prediction
usually find high model performance due to autocorrelation; studies targeted at returns usu-
ally find that models perform poorly; and studies targeted at volatility have mixed results
depending on whether informative features have been used. Deep learning models, includ-
ing LSTM (Hochreiter and Schmidhuber 1997), GRU (Cho et al. 2014), and attention-based
architectures (Bahdanau et al. 2015; Vaswani et al. 2017), have been increasingly applied to
financial forecasting, with prior studies reporting performance improvements in specific
forecasting settings (Fischer and Krauss 2018; Iqbal et al. 2024). However, these results do
not establish systematic superiority across different exchange-rate forecasting targets.

The current research addresses this evaluation gap by comparing seven model fami-
lies across the three targets under the same chronological evaluation, target-appropriate
benchmarks, and forecast-loss inference. The novelty, is therefore, the controlled task-aware
empirical evaluation framework rather than a new neural architecture.

The objectives of this study are:

• To evaluate the performance of classical machine learning and deep learning models
under a common experimental setup.

• To examine how target choice affects predictability in exchange-rate forecasting.
• To test whether finance-informed feature engineering improves volatility forecasting

performance.
• To identify which models and input representations are most suitable for different

foreign-exchange prediction tasks.

The objectives lead to the following main contributions:

1. A controlled comparison of level, return, and genuinely future-volatility targets under
a common chronological design.

2. Task-specific random-walk, zero-return, historical-volatility, EWMA, and GARCH
benchmarks.

3. Forecast-loss inference, multiple deep-learning seeds, and expanding-window fore-
cast origins.

4. A causal finance-aware volatility representation with attention ablation and permutation-
importance diagnostics.

5. Empirical evidence that conclusions about model performance depend on the target,
information set, benchmark, and loss function.

The remainder of this paper is structured as follows. Section 2 presents a literature
review of related work on exchange-rate prediction, machine learning, and deep learning
techniques. Section 3 explains the dataset, feature construction, forecasting tasks, models,
and experimental design. Section 4 presents the empirical findings and performance
comparisons among the considered models. Section 5 discusses the major findings and
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their implications. Finally, Section 6 summarizes the study and outlines potential avenues
for future research.

2. Related Work
2.1. Exchange Rate Predictability

The seminal finding of Meese and Rogoff (1983) that structural economic models
can no longer perform better than a random walk out of sample forms the cornerstone
of the exchange-rate forecasting literature. This was confirmed by Rossi (2013) in a wide
variety of currencies, horizons, and model specifications. The theoretical framework of the
efficient market hypothesis (Fama 1970) gives the background: in weak-form efficiency,
all information about future returns is inaccessible in the past in the form of exploitable
information. In the present study, the lack of significant improvement over a zero-return
benchmark is interpreted only as being consistent with weak-form efficiency within this
sample, horizon, and information set, rather than as proof of the efficient market hypothesis.

The classical econometric methods are also sources of reference. Autoregressive mod-
els, ARCH (Engle 1982), and GARCH (Bollerslev 1986) offer understandable structure
and an explicit theoretical basis, especially in Exchange Rate Volatility Prediction, where
they model conditional variance as a persistent dynamic mechanism. Frömmel et al. (2022)
demonstrated that exchange-rate adjustment could show nonlinearities in terms of pur-
chasing power parity deviations, and this supports the perception that various dimensions
of exchange rates could have diverse predictability profiles.

2.2. Recurrent Neural Networks for Financial Forecasting

The most widely used deep learning method for financial time-series prediction is
the recurrent neural network. The Long Short-Term Memory network (Hochreiter and
Schmidhuber 1997) solves the vanishing-gradient problem with the use of memory cells
and gating operations, which makes it applicable in financial sequences when a signal
of interest can appear across several lags (LeCun et al. 2015). A more compact recurrent
version with a reduced number of parameters is provided by the GRU (Cho et al. 2014),
and it usually performs similarly. The early results reported by Fischer and Krauss (2018),
showing that LSTM-based models can learn meaningful structure when predicting financial
markets, were influential. Hybrid deep learning was shown by Iqbal et al. (2024) to have
an advantage over standard exchange-rate settings. Nelson et al. (2017) and Siami-Namini
et al. (2018) also confirmed that LSTMs tend to be superior to traditional ARIMA models
when it comes to financial time series.

2.3. Attention Mechanisms and Transformer Architectures

Attention mechanisms enable neural networks to focus on the most relevant portions
of a sequence of inputs. In neural machine translation, Bahdanau et al. (2015) proposed
additive attention, in which one learns to weight the encoded states, and this weighting
yields better results and interpretability. Vaswani et al. (2017) later introduced self-attention
as the prevailing design with the Transformer architecture, which has been customized for
financial time-series prediction by a number of recent studies (Zeng et al. 2023; Zhou et al.
2021). In the case of multivariate time series, in particular, Qin et al. (2017) developed a
two-stage attention recurrent network in which input attention can select the most relevant
driving series and temporal attention the most informative encoded time steps. The current
paper directly evaluates the empirical support of each of the three forecasting tasks based
on added complexity using a controlled ablation design.
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2.4. Volatility Forecasting and Feature Engineering

Exchange-rate volatility is not methodologically equivalent to mean forecasting since
volatility is clustered and persistent (Bollerslev 1986; Engle 1982). An extensive review
by Poon and Granger (2003) demonstrated that good volatility forecasting performance
requires informative features. Engineered features, returns, log returns, rolling standard
deviations, bid–ask spreads, and lagged volatility reveal volatility dynamics not indicated
by raw price levels in machine learning environments (Andersen et al. 2001b; Bandi and
Russell 2006). Franke et al. (2011) and Andersen et al. (2001a) showed that realized volatility
measures based on intraday returns are among the strongest predictors of future volatility.
The current research uses causal historical versions of these feature types and evaluates
future volatility against historical-volatility, EWMA, and GARCH benchmarks using both
squared-error criteria and QLIKE.

2.5. Feed-Forward Networks and Hybrid Architectures

Multilayer perceptrons, which are universal function approximators, have been pro-
posed by Hornik et al. (1989) and have been used in financial prediction tasks since at
least by White (1990). More modern hybrid models combine feed-forward and recurrent
terms with an attention mechanism to capture both local interactions between features
and long-range temporal dependencies (Iqbal et al. 2024; Qin et al. 2017). Accordingly, the
empirical question in this study is not whether one architecture is universally superior,
but whether apparent gains remain after target construction, information timing, financial
benchmarks, and out-of-sample evaluation are controlled.

Table 1 highlights that the existing literature provides strong evidence separately on
exchange-rate persistence, weak return predictability, volatility dynamics, recurrent archi-
tectures, attention mechanisms, and finance-aware representations. However, these strands
are typically evaluated under different forecasting targets, information sets, benchmarks,
and experimental settings. Consequently, reported gains cannot always be attributed
uniquely to model architecture. The gap addressed in this study is therefore not the absence
of another forecasting architecture, but the absence of a controlled task-aware comparison
in which level, return, and genuinely future-volatility forecasting are evaluated under a
common chronological design while explicitly controlling information timing, benchmark
choice, feature representation, and forecast-loss evaluation.

Table 1. Summary of related literature, research gaps, and positioning of the present study.

Literature
Stream

Representative
Studies

Main
Forecasting Focus Main Insight Limitation/Gap Relative to

This Study

Exchange-rate
predictability
and
random-walk
benchmarks

Meese and Rogoff
(1983); Engel and
West (2005); Fama
(1970)

Exchange-rate
levels and returns

Random-walk benchmarks are
difficult to outperform out of
sample, while short-horizon
returns generally contain weak
exploitable predictive
information.

Level and return forecasting are
usually discussed separately rather
than compared jointly with
volatility under the same
information set and
evaluation design.

Econometric
volatility
forecasting

Engle (1982);
Bollerslev (1986);
Poon and
Granger (2003)

Conditional and
future volatility

Volatility exhibits clustering and
persistence, motivating
ARCH/GARCH-type models
and volatility-specific
evaluation.

Econometric volatility benchmarks
are not always evaluated alongside
machine-learning and
deep-learning models under an
identical chronological
forecasting framework.
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Table 1. Cont.

Literature
Stream

Representative
Studies

Main
Forecasting Focus Main Insight Limitation/Gap Relative to

This Study

Recurrent
neural
networks

Hochreiter and
Schmidhuber
(1997); Cho et al.
(2014); Fischer
and Krauss (2018);
Iqbal et al. (2024)

Financial
time-series and
sequential
prediction

LSTM and GRU models can
capture nonlinear temporal
dependencies that may not be
represented by simpler linear
models.

Most studies emphasize model
architecture for a particular target,
making it difficult to distinguish
architectural gains from differences
caused by target construction or
persistence.

Attention-
based and
hybrid
architectures

Bahdanau et al.
(2015); Vaswani
et al. (2017); Qin
et al. (2017)

Feature selection
and temporal
weighting in
sequential models

Attention mechanisms can
adaptively weight input
variables or historical time steps
and may improve representation
learning.

Evidence that additional attention
complexity consistently improves
out-of-sample financial forecasting
is limited and highly task
dependent; controlled ablation
against simpler models remains
necessary.

Finance-
aware feature
engineering

Franke et al.
(2011); Andersen
et al. (2001a,
2001b); Bandi and
Russell (2006)

Volatility and
risk-related
forecasting

Returns, realized or historical
volatility, spreads, and lagged
volatility can expose
information that is not apparent
in raw price levels.

The influence of feature
representation is often assessed
independently of target choice and
model complexity rather than
within one controlled multi-task
experiment.

Present study This study

Level,
first-difference
return, and
genuinely future
volatility

Compares linear, feed-forward,
recurrent, and attention-based
models under a common
chronological framework with
task-specific benchmarks and
causal information timing.

Addresses the above gap by jointly
controlling the forecasting target,
information set, benchmark, feature
representation, model complexity,
and out-of-sample evaluation
procedure.

3. Methodology
This section presents a common empirical framework for assessing exchange-rate

forecasting across three prediction tasks: Exchange Rate Prediction, Exchange Rate Return
Prediction, and Exchange Rate Volatility Prediction. The methodological design is con-
trolled so that differences in predictive performance can be attributed to the forecasting
target, input representation, and model structure, rather than to inconsistent data process-
ing or evaluation procedures. Each experiment, therefore, uses the same chronological
train/validation/test design, leakage-safe preprocessing, sequence-construction procedure,
and a common core evaluation framework with task-specific metrics and benchmarks.

Figure 1 summarizes the overall methodology. The framework first preserves the
temporal ordering of the exchange-rate observations and applies training-only scaling.
Three forecasting targets are then constructed from the same underlying exchange-rate
series: the next exchange-rate level, the next first-difference return, and genuinely future
volatility. Seven model families, ranging from Linear Regression and MLPRegressor
to recurrent and attention-based deep architectures, are evaluated under comparable
conditions. MAE, RMSE, and R2 are reported across tasks; MAPE is restricted to the
positive level target, non-zero-movement Directional Accuracy is reported for level and
return prediction, and QLIKE is additionally used for volatility. Diebold–Mariano tests are
employed for key benchmark comparisons.
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Figure 1. Task-aware forecasting framework showing causal information timing, the genuinely future
10-observation volatility target, and task-specific benchmarks.

3.1. Dataset and Preprocessing

The analysis is based on 19,808 chronologically ordered USD/CNY observations
obtained through LSEG/Refinitiv Datastream, with the China Foreign Exchange Trade
System (CFETS) as the original market source. The observations span from 13 September
2023 01:35:00 to 11 December 2023 03:36:00.

The observations are irregularly spaced; the median interval is 1 min, and 66.44% of
consecutive observations are exactly 1 min apart. There are no weekend observations, and
no synthetic non-trading observations are inserted. The data are divided chronologically,
without shuffling, into 70% training, 15% validation, and 15% test partitions.

The retained dataset contains no missing values in the required fields; therefore,
neither forward filling nor backward filling is performed. MinMax scaling is fitted using
training information only and is subsequently frozen for the validation and test data. All
engineered variables are constructed causally using information available at or before
forecast origin t. Target-boundary purging is applied so that sequences do not share future
target observations across the training, validation, and test partitions.

Table 2 summarizes the dataset and preprocessing details.

Table 2. Dataset description and preprocessing details.

Item Specification

Currency pair USD/CNY
Data access platform LSEG/Refinitiv Datastream
Data source China Foreign Exchange Trade System (CFETS)
Period/N 13 Sep 2023 01:35–11 Dec 2023 03:36/19,808
Timestamp structure Irregular; median interval = 1 min; 66.44% exactly 1 min
Weekend observations/missing cells 0/0
Raw variables Bid, Ask, OF, bas, ER
Direct raw predictors Bid, Ask, OF, bas
Split/sequence length 70/15/15 chronological/10 recorded observations
Bid: mean (SD), min–max 7.247962 (0.070301), 7.1175–7.3198
Ask: mean (SD), min–max 7.247826 (0.070345), 7.1174–7.3198
OF: mean (SD), min–max 0.423920 (5.036542), −65–67
bas: mean (SD), min–max −0.000135 (0.000288), −0.0028–0.0000
ER: mean (SD), min–max 7.247865 (0.070341), 7.1175–7.3198

Figure 2 shows the exchange-rate series together with the chronological partition
boundaries.
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Figure 2. Exchange-rate (ER) series with chronological train/validation/test split boundaries. All
19,808 observations are shown; vertical lines indicate the partition boundaries used across the
forecasting tasks.

3.2. Forecasting Tasks

The three forecasting tasks are constructed from the same ER series and evaluated
using the same chronological design and model set. The main difference among the tasks is
the construction of the prediction target. A common core of evaluation metrics is retained,
while task-specific financial benchmarks are used where appropriate. Table 3 summarizes
the experimental formulation.

Table 3. Summary of the forecasting tasks and experimental conditions.

Task Target Statistical Property Evaluation Consideration

Exchange Rate
Prediction ERt+1 Strong persistence in levels Must be interpreted relative to a no-change

random-walk benchmark

Return Prediction rt+1
Weak short-horizon signal after
differencing

Compared with zero return; EMH
interpretation is sample-specific

Volatility Prediction
(raw) SD(rt+1, . . . , rt+10)

Future volatility over 10 recorded
observations

Raw inputs compared with volatility
benchmarks

Volatility Prediction
(finance-aware) SD(rt+1, . . . , rt+10)

Same future target with causal
historical inputs

Finance-aware models compared with
EWMA/GARCH and QLIKE

3.2.1. Exchange Rate Level Target and Benchmark

The first task forecasts the next raw exchange-rate level. Its target is defined as

y(ER)
t = ERt+1. (1)

Because raw exchange-rate levels exhibit strong persistence, high predictive perfor-
mance on this task may result primarily from extrapolating the most recent level rather
than learning economically meaningful incremental structure (Engel and West 2005; Meese
and Rogoff 1983). Accordingly, all learned models are evaluated against the no-change
random-walk benchmark

ÊR
RW
t+1 = ERt. (2)

This benchmark is essential because a near-perfect R2 for the level target can arise
from persistence alone.
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3.2.2. Exchange Rate Return Target and Benchmark

The second task forecasts the next first-difference return. The first-difference series is
defined as

rt = ERt − ERt−1, (3)

and the prediction target is

y(R)
t = rt+1 = ERt+1 − ERt. (4)

Differencing substantially removes the persistence that dominates the level target
and directly examines whether the direction and magnitude of the subsequent exchange-
rate change can be predicted using information available at time t. Under the weak-
form efficient market hypothesis, historical prices should not contain readily exploitable
information about future returns (Fama 1970). In this study, however, the interpretation
is deliberately narrower: failure to improve significantly over a zero-return benchmark is
considered consistent with weak-form efficiency only within the present sample, forecasting
horizon, and information set; it is not treated as proof of the efficient market hypothesis.

The primary benchmark for this task is therefore

r̂ 0
t+1 = 0. (5)

3.2.3. Future Volatility Target and Forecast Horizon

The third task predicts genuinely future exchange-rate volatility. At forecast origin t,
the target is the sample standard deviation of the next 10 first-difference returns,

σfuture
t,10 = SD(rt+1, rt+2, . . . , rt+10). (6)

The forecasting target is, therefore,

y(V)
t = σfuture

t,10 . (7)

The horizon represents the next 10 recorded observations, not necessarily the next 10
clock minutes, because the timestamps are irregular. All raw and finance-aware predictors
are available at or before forecast origin t. No return from rt+1 through rt+10 is used as
an input when constructing the corresponding target. This temporal separation prevents
target-feature overlap and ensures that no information from the future volatility window
enters the predictor set.

Volatility clustering and persistence (Bollerslev 1986; Engle 1982) may provide condi-
tional structure for forecasting, although the achievable out-of-sample predictive accuracy
remains an empirical question.

3.3. Sequence Construction

For all sequence-based models, the input at forecast origin t is a sliding window
containing w = 10 consecutive recorded observations. Let xt ∈ Rd denote the predictor
vector at time t. The input sequence can be represented as

Xt = [xt−w+1, xt−w+2, . . . , xt], w = 10. (8)

The same 10-observation sequence length is used for all three tasks. Only the prediction
target changes across tasks, while Task 3 additionally compares raw and finance-aware
feature representations.
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Because timestamps are irregular, w = 10 represents 10 successive records rather than
a fixed 10-min interval. Sequences and their associated targets are assigned chronologically,
with target-boundary purging used to prevent future target observations from crossing the
training, validation, and test boundaries.

3.4. Compared Model Architectures

Seven learned model architectures are compared, ranging from a linear baseline to
recurrent and dual-stage attention networks. All models receive comparable 10-observation
information sets. The direct raw predictors are Bid, Ask, OF, and bas; ER is not included as a
direct raw predictor. For volatility forecasting, the raw input representation is additionally
compared with causal finance-aware transformations derived from historical ER returns
and available market variables.

3.4.1. Linear Regression

Linear Regression provides the simplest learned benchmark and is expressed as

ŷt = β0 +
d

∑
j=1

β jxt,j, (9)

where the coefficients are estimated by minimizing the residual sum of squares. The model
provides a reference for assessing whether nonlinear and recurrent architectures yield
additional predictive value.

3.4.2. Multilayer Perceptron

The multilayer perceptron (MLP) is a nonlinear feed-forward model (Hornik et al.
1989; White 1990). For hidden layer l,

h(l) = ϕ
(

W(l)h(l−1) + b(l)
)

, (10)

where ϕ(·) denotes the nonlinear activation function. Although the MLP can learn nonlinear
relationships, it does not explicitly model sequential dependence. Its performance is,
therefore, evaluated empirically alongside recurrent and attention-based architectures.

3.4.3. Long Short-Term Memory Network

The Long Short-Term Memory (LSTM) network (Hochreiter and Schmidhuber 1997)
models temporal dependencies through input, forget, and output gates:

it = σ(Wixt + Uiht−1 + bi), ft = σ
(

W f xt + U f ht−1 + b f

)
, (11)

ct = ft ⊙ ct−1 + it ⊙ tanh(Wcxt + Ucht−1 + bc), (12)

ht = σ(Woxt + Uoht−1 + bo)⊙ tanh(ct). (13)

3.4.4. Gated Recurrent Unit

The Gated Recurrent Unit (GRU) (Cho et al. 2014) uses a more compact gating
mechanism:

zt = σ(Wzxt + Uzht−1 + bz), rt = σ(Wrxt + Urht−1 + br), (14)

ht = (1 − zt)⊙ ht−1 + zt ⊙ tanh(Whxt + Uh(rt ⊙ ht−1) + bh). (15)
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3.4.5. Feature Attention

The feature-attention model learns variable-importance weights following the atten-
tion framework of Bahdanau et al. (2015). Feature-attention weights are represented as

αt = softmax
[
v⊤

F tanh(WFxt + bF)
]
, (16)

and the attended input is
x̃t = αt ⊙ xt. (17)

3.4.6. Temporal Attention

Temporal attention learns lag-importance weights over encoded hidden states (Bah-
danau et al. 2015; Qin et al. 2017). The context vector is defined as

ct = ∑
τ

βτhτ , (18)

where
βτ = softmax

[
v⊤

T tanh(WThτ + bT)
]
. (19)

3.4.7. Dual-Stage Attention LSTM–GRU

The complete architecture combines feature attention, recurrent encoding, and tempo-
ral attention, following the dual-stage attention principle of Qin et al. (2017).

In Stage 1, feature attention produces

x̃τ = softmax
[
v⊤

F tanh(WFxτ + bF)
]
⊙ xτ . (20)

In Stage 2, the attended sequence is processed by a bidirectional LSTM followed by a
bidirectional GRU, producing recurrent hidden representations hτ .

In Stage 3, temporal attention aggregates the encoded sequence using the context
formulation defined in Equation (18).

The final representation combines the attention context and recurrent representations:

zt = [ct; ht; gt], ŷt = f (zt). (21)

For the raw input setting, the complete DualStageAttention_LSTM_GRU architec-
ture contains 73,446 trainable parameters and uses Layer Normalization and Dropout
for regularization.

3.4.8. Task-Specific Financial Benchmarks

The learned models are evaluated against benchmarks appropriate to each forecasting
target. Task 1 uses the random-walk/no-change forecast in Equation (2). Task 2 uses a zero-
return benchmark and a historical-mean return reference. Task 3 is compared with historical
volatility, exponentially weighted moving average (EWMA) volatility with λ = 0.94, and a
constrained zero-mean GARCH(1,1) model.

For the GARCH benchmark,

σ2
t = ω + αϵ2

t−1 + βσ2
t−1, (22)

subject to
α ≥ 0, β ≥ 0, α + β < 1. (23)
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3.5. Finance-Aware Feature Engineering for Volatility Prediction

The initial volatility experiment uses the same four direct raw predictors as Tasks 1
and 2. The finance-aware experiment constructs a richer representation grounded in the
volatility-forecasting literature (Andersen et al. 2001a; Bandi and Russell 2006; Bollerslev
1986; Engle 1982; Poon and Granger 2003). Importantly, all derived variables use historical
information available no later than forecast origin t.

The feature groups include:

1. First-difference return, rt, as defined in Equation (3), which captures directional price
changes (Poon and Granger 2003).

2. Log return

ℓt = log
(

ERt

ERt−1

)
, (24)

which represents proportional price changes (Bandi and Russell 2006).
3. Absolute and squared returns, |rt| and r2

t , which provide ARCH-type instantaneous
volatility proxies (Engle 1982).

4. Rolling mean of returns captures local return behavior using historical observations.
5. Rolling standard deviation of returns is constructed only from observations ending at

or before t, which provides a causal historical volatility proxy and reflects volatility
clustering and persistence (Bollerslev 1986; Franke et al. 2011).

6. Bid–ask spread information is based on the observed bid and ask variables, which pro-
vides a market-microstructure measure associated with changing market conditions
(Andersen et al. 2001b).

7. Lagged historical volatility captures volatility persistence while remaining temporally
separated from the future target returns (Andersen et al. 2001a).

3.6. Training Protocol and Reproducibility

All deep-learning models are trained using the Adam optimizer (Kingma and Ba
2015). Early stopping is used to monitor validation performance, while ReduceLROn-
Plateau decreases the learning rate when validation performance stops improving. All
model-selection, tuning, and stopping decisions are based exclusively on the chronological
validation partition.

Deep models use Huber loss, an initial Adam learning rate of 5 × 10−4, a maximum
of 45 epochs, batch size 256, dropout of 0.20 where specified, and early-stopping patience
of 5 epochs. To assess stochastic variability, the deep-learning models are trained using
random seeds 7, 42, and 123. MLPRegressor uses hidden layers of 128 and 64 units and a
maximum of 300 iterations.

Table 4 summarizes the forecasting information sets and model-complexity details.

Table 4. Forecasting information sets and reproducibility details.

Experiment Target/Horizon Inputs Available at t Primary Benchmark Test N

Level ERt+1; one-step 10 × [Bid, Ask, OF, bas] No change 2971

Return rt+1; one-step 10 × [Bid, Ask, OF, bas] Zero return 2971

Volatility SD(rt+1, . . . , rt+10)
Same raw inputs or causal
finance-aware features

Historical
volatility/EWMA/GARCH 2962
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Table 4. Cont.

Model Setting Specification

Raw-input parameter counts LR: 41; MLP: 13,569; LSTM: 19,777; GRU: 15,553; Feature Attention: 68,829;
Temporal Attention: 68,738; Dual Stage: 73,446

Finance-aware parameter counts LR: 371; MLP: 55,809; LSTM: 28,225; GRU: 21,889; Feature Attention: 88,233;
Temporal Attention: 85,634; Dual Stage: 96,084

Deep-learning seeds 7, 42, and 123

Model selection Based on chronological validation performance

3.7. Evaluation Metrics and Statistical Comparison

Forecasting performance is evaluated using a common set of error metrics supple-
mented with task-specific measures. Let yi and ŷi denote the observed and predicted values
for test observation i, respectively.

Mean Absolute Error (MAE) is defined as

MAE =
1
N

N

∑
i=1

|yi − ŷi|. (25)

Root Mean Squared Error (RMSE) is

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)
2. (26)

For the positive exchange-rate level target, Mean Absolute Percentage Error (MAPE) is

MAPE =
100
N

N

∑
i=1

|yi − ŷi|
|yi|

. (27)

The coefficient of determination is

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − ȳ)2 . (28)

MAPE is restricted to the positive exchange-rate level because percentage errors
become unstable when the target is close to zero.

For level and return prediction, Directional Accuracy is also evaluated. The primary
version excludes observations for which the realized movement is exactly zero, preventing
a no-change forecast from receiving a mechanical advantage. For non-zero movements,

DA =
1

Nnz
∑

i∈Inz

I[sign(∆ŷi) = sign(∆yi)], (29)

where Inz denotes observations with non-zero realized movement. The all-observation
Directional Accuracy is retained as a supplementary diagnostic.

For volatility forecasting, the QLIKE loss is additionally reported:

QLIKEi = log
(

σ̂ 2
i

)
+

σ2
i

σ̂ 2
i

. (30)

Key differences in forecast loss are assessed using the Diebold–Mariano test. For two
competing forecasts A and B, the loss differential is defined as

dt = LA,t − LB,t. (31)
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The test statistic is

DM =
d̄√

V̂ar(d̄)
, (32)

where the long-run variance of the loss differential is estimated using the Newey-West
heteroskedasticity and autocorrelation-consistent estimator (Newey and West 1987), fol-
lowing the Diebold–Mariano predictive-accuracy testing framework (Diebold and Mariano
1995). HAC lag 0 is used for the one-step level and return targets, whereas lag 9 is used
for the overlapping 10-observation volatility target. For volatility forecasting, QLIKE is
additionally reported because volatility-model rankings can depend on the evaluation loss
and the properties of the volatility proxy (Hansen and Lunde 2005; Patton 2011).

4. Experimental Results
The seven learned models are evaluated under the common chronological design

described in Section 3. For stochastic deep-learning models, the reported values represent
the mean and standard deviation across seeds 7, 42, and 123 unless otherwise stated. The
results are organized according to the three forecasting tasks, followed by attention ablation,
cross-task comparison, and robustness analysis.

4.1. Task 1: Exchange Rate Level Prediction

Table 5 reports the fixed-holdout results for Exchange Rate Prediction. The no-change
random walk achieves an RMSE of 0.0005923 and an R2 of 0.99815, while Linear Regression
produces an RMSE of 0.0005939 and an R2 of 0.99814. The difference in squared-error loss
between Linear Regression and the random walk is not statistically significant according to
the Diebold–Mariano test (DM = 0.480, p = 0.631). Consequently, Linear Regression does
not significantly outperform the no-change benchmark.

Although the R2 values for both methods are extremely high, this performance must
be interpreted in the context of the strong persistence of the exchange-rate level. The
random walk itself achieves approximately the same fit as Linear Regression. Therefore, the
high R2 primarily reflects level persistence rather than substantial incremental forecasting
skill. Linear Regression attains a non-zero-movement Directional Accuracy of 0.6076.

Table 5. Fixed-holdout results for Task 1: Exchange Rate Level Prediction. Deep-learning results are
the mean ± standard deviation across seeds 7, 42, and 123.

Model RMSE MAE R2 DA (Non-Zero)

Random Walk/No Change 0.0005923 0.000284 0.99815 0.0000
Linear Regression 0.0005939 0.000296 0.99814 0.6076
FeatureAttention_Only 0.004805 ± 0.000689 0.003958 ± 0.000762 0.8763 ± 0.0357 0.4605 ± 0.0423
GRU 0.007443 ± 0.005432 0.005802 ± 0.004152 0.6033 ± 0.4520 0.5174 ± 0.0034
TemporalAttention_Only 0.009916 ± 0.007594 0.007432 ± 0.005655 0.2772 ± 0.9680 0.5030 ± 0.0519
LSTM 0.010873 ± 0.006082 0.008399 ± 0.004722 0.2449 ± 0.6674 0.5315 ± 0.0291
DualStageAttention_LSTM_GRU 0.014587 ± 0.009178 0.011558 ± 0.007697 −0.4214 ± 1.2558 0.5222 ± 0.0487
MLPRegressor 0.018486 ± 0.004464 0.016366 ± 0.004887 −0.8762 ± 0.8487 0.5715 ± 0.0102

Figure 3 compares the fixed-holdout RMSE values. The random walk and Linear
Regression are nearly indistinguishable, whereas the recurrent and attention-based archi-
tectures generally exhibit substantially larger errors.
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Figure 3. Fixed-holdout RMSE comparison for Task 1. The no-change random walk and Linear
Regression are nearly tied, and the Diebold–Mariano test does not reject equal predictive accuracy.

Figure 4 further illustrates the close overlap between the observed USD/CNY level
and the forecasts from Linear Regression and the random-walk benchmark.

Figure 4. Observed USD/CNY exchange-rate level and fixed-holdout forecasts from Linear Regres-
sion and the no-change random walk. Their close overlap demonstrates why high-level R2 requires
interpretation relative to a naive persistence benchmark.

4.2. Task 2: Exchange Rate Return Prediction

The Task 2 results are presented in Table 6. Once the level series is differenced,
predictive performance deteriorates substantially. Linear Regression achieves the lowest
RMSE among the learned models at 0.0005920, with R2 = −0.00061. However, the zero-
return benchmark has an almost identical RMSE of 0.0005923.

The Diebold–Mariano comparison between Linear Regression and the zero-return
benchmark is not significant (DM = −0.083, p = 0.934). Linear Regression therefore
provides no statistically meaningful improvement over zero return during the test period.
Its non-zero-movement Directional Accuracy is 0.4725.

These results should not be interpreted as proof that USD/CNY returns are random
or as verification of the efficient market hypothesis. They indicate only that the selected
models and available information set do not provide a significant improvement over zero
return within the present sample and forecasting horizon. This finding is consistent with
weak-form efficiency in this specific empirical setting.
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Table 6. Fixed-holdout results for Task 2: Exchange Rate Return Prediction. Deep-learning results are
the mean ± standard deviation across seeds 7, 42, and 123.

Model RMSE R2 DA (Non-Zero) Interpretation

Linear Regression 0.0005920 −0.00061 0.4725 DM versus zero return: p = 0.934
Zero Return 0.0005923 −0.00148 0.0000 Primary financial benchmark
Historical Mean Return 0.0005926 −0.00266 0.4171 Secondary benchmark
FeatureAttention_Only 0.000766 ± 0.000209 −0.7591 ± 0.9861 0.4851 ± 0.0283 Below the zero-return benchmark
LSTM 0.001000 ± 0.000101 −1.8714 ± 0.5925 0.5515 ± 0.0071 Negative out-of-sample R2

GRU 0.001021 ± 0.000146 −2.0185 ± 0.8655 0.5490 ± 0.0192 Negative out-of-sample R2

DualStageAttention_LSTM_GRU 0.001261 ± 0.000484 −3.9880 ± 3.7419 0.4736 ± 0.0330 No incremental predictive gain
MLPRegressor 0.001419 ± 0.000729 −5.7557 ± 6.6634 0.4904 ± 0.0803 No incremental predictive gain
TemporalAttention_Only 0.002561 ± 0.001556 −22.3297 ± 18.9757 0.5117 ± 0.0680 Largest forecasting error

Figure 5 emphasizes the similarity between Linear Regression and the zero-return
benchmark. The difference is considerably smaller than the errors of the nonlinear and
deep-learning alternatives.

Figure 5. Fixed-holdout RMSE comparison for Task 2. Linear Regression and the zero-return
benchmark have almost identical forecasting errors.

4.3. Task 3: Exchange Rate Volatility Prediction

The volatility experiment holds the prediction target fixed across the raw and finance-
aware settings. In both cases, the target is the sample standard deviation of the next
10 recorded first-difference returns. Consequently, differences between the two experiments
are attributable to the input representation rather than to a change in target construction.

4.3.1. Volatility Prediction Using Raw Features

Table 7 reports the results obtained using the same four direct raw predictors employed
in Tasks 1 and 2. Among the learned models, DualStageAttention_LSTM_GRU achieves
the lowest mean RMSE of 0.000457 ± 0.000010. However, its mean R2 remains negative at
−0.1018 ± 0.0496. None of the raw-feature learned models, therefore, demonstrates strong
out-of-sample volatility predictability.

The financial benchmarks are also included. GARCH(1,1) produces the lowest QLIKE
among the reported raw-feature and benchmark models, with QLIKE = 1.2483, despite
having a larger RMSE than several learned models. This difference already indicates that
model rankings depend on the loss function used for evaluation.
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Table 7. Task 3 fixed-holdout results using raw predictors. Deep-learning results are mean ± standard
deviation across seeds.

Model RMSE R2 QLIKE

DualStageAttention_LSTM_GRU 0.000457 ± 0.000010 −0.1018 ± 0.0496 1.7235 ± 0.1177
LSTM 0.000462 ± 0.000026 −0.1321 ± 0.1311 4.7850 ± 5.6927
MLPRegressor 0.000468 ± 0.000017 −0.1572 ± 0.0839 87.7221 ± 149.2298
FeatureAttention_Only 0.000474 ± 0.000027 −0.1888 ± 0.1371 1.8771 ± 0.3729
GRU 0.000482 ± 0.000044 −0.2333 ± 0.2267 1.6400 ± 0.2206
TemporalAttention_Only 0.000505 ± 0.000054 −0.3595 ± 0.2798 1.6283 ± 0.2101
EWMA (λ = 0.94) 0.000506 −0.3544 2.7050
Historical Volatility 0.000512 −0.3854 539.5776
GARCH(1,1) 0.000514 −0.3943 1.2483
Linear Regression 0.000592 −0.8501 1.7296

4.3.2. Volatility Prediction Using Finance-Aware Features

The distribution of first-difference returns and the corresponding historical volatility
series show episodic concentration of large movements. This motivates the causal historical
volatility, return, spread, and lagged features introduced in Section 3.5.

Figure 6 illustrates the empirical return and volatility dynamics that motivate the
finance-aware feature representation. Figure 6a shows that first-difference returns are
strongly concentrated around zero, with relatively infrequent large positive and negative
movements. Figure 6b shows the corresponding 30-observation rolling historical volatility,
which exhibits episodic spikes over the sample period. These patterns support the use
of causal return transformations and lagged historical-volatility features for the future-
volatility forecasting task.

Figure 6. Distribution of (a) first-difference returns and (b) 30-observation historical volatility for the
USD/CNY series.
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Table 8 presents the finance-aware future-volatility results. FeatureAttention_Only
obtains the best average learned-model RMSE of 0.0004407 ± 0.0000180, with mean
R2 = −0.027 ± 0.085. Its three-seed ensemble further reduces RMSE to 0.0004298 and
produces a small positive R2 of 0.0242.

GRU is also competitive, producing an average RMSE of approximately 0.000448 ±
0.000042 and the lowest average QLIKE among the learned models at approximately
1.2820 ± 0.0064.

The constrained GARCH(1,1) benchmark produces α = 0.08392, β = 0.91470, and
persistence α + β = 0.99862. Its fixed-holdout RMSE is approximately 0.000514, its R2 is
−0.3943, and its QLIKE is 1.2483.

Under squared-error loss, FeatureAttention_Only significantly improves on EWMA
(DM = −2.512, p = 0.0120) and GARCH (DM = −2.594, p = 0.0095). However, the QLIKE
comparison between FeatureAttention_Only and GARCH is not significant (DM = 0.986,
p = 0.324). Thus, the evidence for model superiority is loss-function dependent.

Table 8. Task 3 fixed-holdout results using finance-aware predictors. Deep-learning results are
mean ± standard deviation across seeds.

Model RMSE R2 DA QLIKE

FeatureAttention_Only 0.0004407 ± 0.0000180 −0.0273 ± 0.0848 0.5953 ± 0.0139 1.5029 ± 0.1607
GRU 0.000448 ± 0.000042 −0.0675 ± 0.2025 0.5683 ± 0.0360 1.2820 ± 0.0064
MLPRegressor 0.000459 ± 0.000014 −0.1150 ± 0.0667 0.5580 ± 0.0323 31.2178 ± 37.2404
LSTM 0.000463 ± 0.000049 −0.1400 ± 0.2438 0.5737 ± 0.0482 1.5278 ± 0.3439
DualStageAttention_LSTM_GRU 0.000493 ± 0.000077 −0.3051 ± 0.4180 0.5677 ± 0.0430 1.4429 ± 0.0893
EWMA (λ = 0.94) 0.000506 −0.3544 0.6161 2.7050
Historical Volatility 0.000512 −0.3854 0.0003 539.5776
GARCH(1,1) 0.000514 −0.3943 0.5469 1.2483
TemporalAttention_Only 0.000540 ± 0.000117 −0.5891 ± 0.7076 0.5683 ± 0.0273 813.2377 ± 1405.9248
Linear Regression 0.000544 −0.5663 0.5631 39.9499

The three-seed FeatureAttention_Only ensemble, which is constructed from the indi-
vidual seed forecasts, achieves

RMSE = 0.0004298, R2 = 0.0242. (33)

This is the strongest squared-error result in the fixed-holdout finance-aware experi-
ment. Nevertheless, the GARCH benchmark remains competitive under QLIKE, preventing
a general conclusion that the machine-learning model is universally superior.

4.4. Attention Ablation and Diagnostic Analysis

A controlled ablation is used to determine whether feature attention, temporal attention,
or their combination adds predictive value on Task 1. Table 9 reports the seed-42 comparison.

The no-attention LSTM–GRU variant achieves RMSE = 0.002085 and R2 = 0.9770.
FeatureAttention_Only, TemporalAttention_Only, and the complete dual-stage architecture,
all perform worse than this no-attention hybrid and remain substantially below Linear
Regression. In this low-dimensional and highly collinear USD/CNY setting, attention
mechanisms therefore do not consistently improve out-of-sample performance.

Figure 7 summarizes the average feature-attention weights obtained for the Task 1
diagnostic model. Bid receives the largest average weight (0.4295), followed by bas (0.2682),
Ask (0.1824), and OF (0.1199). These weights describe how the fitted model distributes atten-
tion across the available inputs and should be interpreted as model-dependent diagnostics
rather than as measures of causal or economic importance.

https://doi.org/10.3390/risks14090207

https://doi.org/10.3390/risks14090207


Risks 2026, 14, 207 18 of 25

Table 9. Attention ablation for Task 1 at seed 42.

Variant RMSE R2 Interpretation

Linear Regression 0.000594 0.99814 Reference learned baseline; DM versus random walk p = 0.631
NoAttention_LSTM_GRU 0.002085 0.9770 Best recurrent ablation; still below Linear Regression
FeatureAttention_Only 0.004181 0.9076 Worse than the no-attention LSTM–GRU variant
DualStageAttention_LSTM_GRU 0.004391 0.8981 Combining both attention stages does not improve performance
TemporalAttention_Only 0.004956 0.8702 Worse than the no-attention LSTM–GRU variant
GRU 0.013051 0.0998 Seed-42 recurrent comparator
LSTM 0.016488 −0.4368 Seed-42 recurrent comparator

Figure 7. Average feature-attention weights for the Task 1 model. The attention weights are descrip-
tive model diagnostics and should not be interpreted as causal feature importance.

Figure 8 shows the average temporal-attention weights across the 10 recorded lag
positions. The weights remain close to the uniform value of 0.10, with only small variation
across lag positions. Thus, the fitted model does not identify any single historical lag as
consistently dominant.

Figure 8. Average temporal-attention weights across the 10 recorded lag positions. The near-uniform
distribution indicates that the model does not identify one historical lag as consistently dominant.

To complement the attention-weight diagnostics, permutation importance is applied
to the Task 1 exchange-rate level forecasting model as an independent measure of predic-
tive sensitivity. Figure 9 reports the increase in test RMSE obtained after independently
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permuting each direct input feature while holding the remaining inputs unchanged. Bid
produces by far the largest deterioration in predictive accuracy, increasing RMSE by ap-
proximately 0.01057, followed by the bid–ask spread variable (bas), with an increase of
approximately 0.00163. Permuting Ask results in only a small increase of approximately
0.00015, whereas permutation of order flow (OF) produces essentially no change in the test
RMSE. These results indicate that the fitted Dual-Stage Attention LSTM–GRU model relies
predominantly on bid information for the level-forecasting task, with substantially smaller
incremental sensitivity to the remaining raw predictors. This finding is consistent with the
strong persistence and collinearity of the price-related variables observed in the USD/CNY
level series. Nevertheless, permutation importance measures the predictive sensitivity of
the fitted model rather than causal or economic importance; consequently, the values in
Figure 9 are interpreted only as complementary model diagnostics.

Figure 9. Permutation importance for Task 1 using the Dual-Stage Attention LSTM–GRU model at
seed 42.

4.5. Cross-Task Comparison

Table 10 summarizes the central empirical results across the three forecasting targets.
The findings differ substantially according to target construction and benchmark choice.

Table 10. Cross-task summary of the fixed-holdout results.

Forecasting Task Leading Model/Benchmark RMSE R2 Primary Finding

Exchange-rate level Random Walk/Linear Regression 0.0005923/0.0005939 0.99815/0.99814 High fit mainly reflects persis-
tence; DM p = 0.631

First-difference return Linear Regression/Zero Return 0.0005920/0.0005923 −0.00061/−0.00148
No significant improve-
ment over zero return; DM
p = 0.934

Future volatility, raw
predictors DualStageAttention_LSTM_GRU 0.000457 ± 0.000010 −0.1018 ± 0.0496

Raw inputs provide only
modest out-of-sample infor-
mation

Future volatility,
finance-aware predictors FeatureAttention ensemble 0.0004298 0.0242

Best squared-error point fore-
cast; GARCH remains com-
petitive under QLIKE

For level forecasting, both the random walk and Linear Regression achieve R2 values
of approximately 0.998, and the difference in squared-error loss is not statistically significant.
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For return forecasting, Linear Regression does not significantly improve on the zero-return
benchmark. Future volatility shows somewhat greater conditional structure, particularly
when causal finance-aware predictors are used, but the magnitude of out-of-sample pre-
dictability remains modest. Moreover, the comparison between FeatureAttention_Only
and GARCH depends on whether squared-error loss or QLIKE is used.

4.6. Robustness Across Forecast Origins and Timestamp Gaps

To assess whether conclusions from a single fixed hold-out are stable, three expanding-
window forecast origins are evaluated. The rankings change across these origins. Table 11
summarizes the resulting robustness comparison. For finance-aware volatility, DualStageAt-
tention_LSTM_GRU has a mean RMSE of approximately 0.000646, FeatureAttention_Only
approximately 0.000758, EWMA approximately 0.000784, and GARCH approximately
0.000797. In contrast, GARCH records the lowest mean QLIKE among these models
at 1.4999.

Table 11. Expanding-window robustness results for selected finance-aware volatility models.

Model Mean RMSE Mean R2 Mean QLIKE

DualStageAttention_LSTM_GRU 0.000646 ± 0.000208 −0.0379 2.0321
FeatureAttention_Only 0.000758 ± 0.000294 −0.4648 2.1379
EWMA 0.000784 ± 0.000251 −0.5296 2.3975
GARCH(1,1) 0.000797 ± 0.000248 −0.5847 1.4999
GRU 0.000799 ± 0.000336 −0.5595 3.0644
Historical Volatility 0.000812 ± 0.000274 −0.6295 639.7049
Linear Regression 0.000816 ± 0.000302 −0.6304 255.3444

The irregular timestamps also motivate a sensitivity analysis excluding forecast se-
quences whose input-to-target span crosses a gap exceeding 60 min. Table 12 compares
RMSE using all eligible test observations with RMSE after excluding these long-gap cases.

Table 12. Sensitivity of RMSE to sequences crossing timestamp gaps greater than 60 min.

Task/Model All Test Observations Excluding > 60-min Gaps

Level: Random Walk 0.000592 0.000425
Level: Linear Regression 0.000594 0.000426
Return: Zero Return 0.000592 0.000425
Return: Linear Regression 0.000592 0.000422
Volatility: FeatureAttention Ensemble 0.000430 0.000267
Volatility: EWMA 0.000506 0.000342
Volatility: GARCH(1,1) 0.000514 0.000353

The decline in RMSE after removing long-gap cases indicates that irregular observa-
tion spacing contributes to forecasting difficulty. Importantly, however, the qualitative
conclusions remain unchanged: level performance is dominated by persistence, return
forecasting does not materially improve over zero return, and volatility-model rankings
depend on both the evaluation period and the chosen loss function. These robustness
results therefore caution against interpreting the fixed-holdout ranking as evidence of a
universally superior forecasting architecture.

5. Discussion
The level-forecasting results show that both the no-change random walk and Linear

Regression attain R2 values of approximately 0.998, while their squared-error difference is
not statistically significant. The high-level fit should therefore be interpreted primarily as a
consequence of persistence rather than as evidence of substantial incremental forecasting
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skill (Engel and West 2005; Meese and Rogoff 1983). In the fixed hold-out, the recurrent
and attention-based models do not improve on the random-walk or Linear Regression
benchmarks. However, this result is specific to the present low-dimensional USD/CNY
information set and should not be generalized to other currencies, information sets, or
forecasting horizons.

This result has an important methodological implication. High goodness-of-fit statis-
tics for exchange-rate level prediction should not by themselves be interpreted as eco-
nomically meaningful forecasting performance. Because the no-change forecast already
achieves an R2 close to one, a forecasting model should be evaluated against an appropriate
persistence benchmark before its predictive value is assessed. A model may track the
exchange rate level closely while providing little incremental information beyond the most
recently observed exchange rate. Reporting results for a differenced return target separately
from the level target is therefore important when evaluating whether a model captures
predictive information beyond level persistence.

The return-prediction results reinforce this distinction. Linear Regression does not
significantly outperform the zero-return benchmark in the present sample, with a Diebold–
Mariano p-value of 0.934. This lack of incremental predictability is consistent with weak-
form efficiency within the present sample, horizon, and information set, but it does not
prove that USD/CNY returns are random or establish the efficient market hypothesis
(Engel and West 2005; Fama 1970; Meese and Rogoff 1983). The result only shows that
the models and predictors considered in this study do not extract statistically significant
short-horizon return information beyond the zero-return benchmark. Consequently, the
apparent success of a model on the level target should be distinguished from its ability to
forecast subsequent signed exchange-rate movements.

The future-volatility experiment provides a different perspective. With the genuinely
future target defined as the standard deviation of the next 10 recorded first-difference
returns, mean out-of-sample R2 values are modest and are generally close to or below zero.
The strongest finance-aware ensemble reaches an R2 of only 0.0242. Nevertheless, finance-
aware inputs improve squared-error point forecasts for selected learned models compared
with the corresponding financial benchmarks in the fixed hold-out. FeatureAttention_Only,
for example, significantly improves squared-error loss relative to EWMA and GARCH.
This advantage does not persist under every evaluation criterion: GARCH remains highly
competitive under QLIKE, and the QLIKE difference between FeatureAttention_Only and
GARCH is not statistically significant. Hence, the evidence does not support a universal
ranking of the models. Instead, the preferred forecasting approach depends partly on the
loss function used to evaluate volatility predictions.

These findings are consistent with the broader financial-econometrics literature empha-
sizing volatility persistence, clustering, benchmark choice, and appropriate volatility-loss
evaluation (Andersen et al. 2001a; Bandi and Russell 2006; Bollerslev 1986; Engle 1982;
Poon and Granger 2003). In particular, the comparison between the raw and finance-aware
experiments indicates that input representation can materially affect forecasting perfor-
mance. Historical return transformations, lagged volatility information, and other causally
constructed finance-aware variables provide information that is not represented directly
by the raw market variables. However, the magnitude of the resulting future-volatility
predictability remains modest. The results therefore support the narrower conclusion
that representation, benchmark choice, and loss function can be at least as important as
architectural complexity.

The attention-ablation results provide further evidence against interpreting architec-
tural complexity as a default source of improvement. In the Task 1 seed-42 experiment,
the no-attention LSTM–GRU variant achieves a lower RMSE than FeatureAttention_Only,
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TemporalAttention_Only, and the complete dual-stage attention architecture, while all of
these models remain inferior to Linear Regression. Thus, in this low-dimensional and
highly collinear USD/CNY setting, attention mechanisms did not consistently improve
out-of-sample performance.

The learned attention weights should also be interpreted cautiously. The feature-
attention weights shown in Figure 7 and the nearly uniform temporal-attention weights
shown in Figure 8 are model-dependent diagnostics rather than causal evidence of feature
or lag importance. Permutation importance is therefore reported as an additional sensitivity
diagnostic. Even with this additional analysis, no general claim is made regarding the
effectiveness of attention mechanisms outside the present dataset and experimental setting.

The robustness analysis further limits any claim of universal model superiority. Across
the three expanding-window forecast origins, volatility-model rankings change noticeably.
Although some learned models produce lower mean squared-error measures at particular
origins, GARCH produces the lowest mean QLIKE among the principal volatility models
considered. Similarly, excluding observations affected by timestamp gaps greater than
60 min reduces forecasting errors, but does not alter the main qualitative conclusions.
These findings indicate that forecast origin and irregular observation spacing can influence
measured performance and reinforce the importance of evaluating financial forecasting
models across more than one test period.

Taken together, Table 10 summarizes task-dependent rather than hierarchical evidence.
Level forecasting is dominated by persistence; return forecasting shows no statistically
significant improvement over zero return; and future-volatility performance depends
on the input representation, forecast origin, benchmark, and loss function. The main
implication for model selection is, therefore, that the forecasting target, information timing,
benchmark, and evaluation criterion should be specified before claims of model superiority
are made (Fischer and Krauss 2018; Iqbal et al. 2024; Poon and Granger 2003; Rossi 2013).
Architectural sophistication alone is insufficient evidence that a model provides superior
out-of-sample forecasts.

From a practical risk-management perspective, the results suggest that volatility
forecasting may offer a more relevant setting for evaluating conditional risk information
than raw exchange-rate level prediction. However, the present study evaluates statistical
forecasting accuracy rather than realized economic value. No transaction-cost model,
trading strategy, hedge-ratio optimization, utility-based evaluation, Value-at-Risk strategy,
or ex ante economic-value test is implemented. Consequently, improvements in RMSE
or other statistical loss measures should not be interpreted as demonstrated profitability,
hedging effectiveness, or economic gains.

6. Conclusions
This study provides a unified empirical framework for exchange-rate forecasting

across three distinct prediction tasks: exchange-rate level prediction, return prediction,
and future-volatility prediction. Seven learned model families were evaluated together
with task-specific financial benchmarks under a strict chronological configuration. The
results show that conclusions about forecasting performance depend strongly on the target
definition, information set, benchmark, forecast origin, and evaluation criterion.

For the exchange-rate level target, the no-change random walk and Linear Regression
both achieve R2 values of approximately 0.998 and are statistically indistinguishable under
squared-error loss. This indicates that the high goodness of fit is driven primarily by
persistence in the exchange-rate level rather than by substantial incremental forecasting
skill. More complex recurrent and attention-based architectures do not provide a consistent
advantage for this task within the present experimental setting.
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For the return target, Linear Regression does not significantly outperform the zero-
return benchmark. This result is consistent with weak-form efficiency only within the
present USD/CNY sample, forecasting horizon, and information set, and should not be
interpreted as proof that exchange-rate returns are inherently random or that the efficient
market hypothesis is universally valid.

For genuinely future volatility, finance-aware inputs improve squared-error forecasts
for selected learned models in the fixed hold-out. The FeatureAttention_Only ensemble
provides the strongest squared-error result in that experiment, but the overall level of
out-of-sample predictability remains modest. Moreover, GARCH remains competitive
under QLIKE, demonstrating that apparent model superiority depends on the loss function
used for evaluation. These results indicate that feature representation, benchmark choice,
and evaluation criterion can be at least as important as architectural complexity.

The attention-ablation analysis further shows that attention mechanisms do not con-
sistently improve out-of-sample performance in this low-dimensional and highly collinear
USD/CNY setting. Attention weights are therefore interpreted only as model-dependent
diagnostics rather than causal measures of feature or lag importance. More broadly, the
results support a task-aware interpretation rather than a universal hierarchy of model per-
formance: claims of superiority should be conditioned on the forecasting target, information
structure, financial benchmark, forecast origin, and loss function.

The study has several limitations. It is restricted to a single USD/CNY currency pair, an
approximately three-month sample, irregular timestamps, a 10-recorded-observation input
window, and a 10-recorded-observation volatility horizon. These horizons are observation-
based rather than fixed clock-time horizons. Future research should therefore evaluate
whether the present task-dependent findings generalize to additional currency pairs, longer
samples, alternative sampling frequencies, and different market regimes. More information-
rich predictors, including macroeconomic fundamentals, interest-rate differentials, addi-
tional order-flow variables, and market-sentiment indicators, may also be investigated
to determine whether return forecasting can be improved. Future studies may further
compare hybrid deep-learning–econometric models, transformer-based time-series mod-
els, and regime-switching approaches for volatility forecasting, while explicitly testing
robustness to structural breaks and crisis periods. Finally, economic-value evaluations
involving trading, hedging, transaction costs, and risk-management applications would
provide an important extension beyond the statistical forecast-accuracy analysis conducted
in this study.
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