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Stock return prediction is a problem that has received much attention in the finance
literature. In recent years, sophisticated machine learning procedures have been shown
to perform significantly better than conventional prediction techniques. One downside
of these approaches is that they are often numerically expensive to implement, for both
training and inference, because of their high complexity. We propose a return prediction
framework for intraday returns at multiple horizons based on Echo State Network (ESN)
models, wherein a large subset of parameters is drawn at random and never trained. The
coefficients that do require training can be fitted by explicitly solving a rolling-window,
ridge-regularized least squares problem. Our approach enjoys the flexibility of machine
learning methods, has an inherently efficient implementation, and shows strong forecasting
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1 Introduction

The prediction of time series is a topic of great relevance in many economic and financial set-
tings. Researchers aim to devise more effective, reliable, and parsimonious forecasting methods
and models. In the field of financial portfolio management, the prediction of stock features (such
as price, return, volatility, and trading volume) is a key component of many trading strategies.
Traditionally, linear models are used for this purpose, as they are straightforward to implement
and analyze. Major developments in the fields of artificial intelligence, machine learning (ML),
and statistical learning methods have, however, greatly expanded the universe of potential fore-
casting approaches. A variety of methodologies have been proposed to improve the prediction
of stock market data (Kumbure et al., 2022). Efforts involving neural networks (NNs) date
back to the 1990s; see e.g. Nicholas Refenes et al. (1994), Ghosn and Bengio (1996), Saad et al.
(1998), and Zhang et al. (1998). In recent years, researchers have evaluated financial machine
learning forecasting approaches from both empirical (Sirignano and Cont, 2019, Aleti et al.,
2025) and theoretical perspectives. From the latter point of view, works such as Didisheim et al.
(2023) and Kelly et al. (2024) have formally argued why and how more complex models can
much improve prediction, the so-called “virtue of complexity” (Kelly et al., 2024). Another as-
pect to consider is that returns at different horizons may embed distinct predictive information,
which an investor can exploit, e.g., by constructing portfolios jointly targeting asset returns at
multiple horizons. Multi-period portfolio optimization is thus a potentially attractive extension
of the seminal mean-variance optimization (MVO) model developed by Markowitz (1952). The
classical MVO approach is based on a single-period model, and multi-period optimization can
be seen as a generalization of the standard Markowitz setting; see Blake et al. (2003), Grinold
(2007), Qian et al. (2007), Grinold (2010), Sneddon (2008), Garleanu and Pedersen (2013).

In this work, we develop a novel, computationally efficient forecasting approach for intra-
day, multi-horizon return prediction that is scalable to both (very) high-frequency data, as
well as data-poor settings.! Given the effectiveness and flexibility of machine learning methods

in capturing nonlinear relationships between data, and their success and recent widespread

'Tn our context, a “data-poor” setting is one where, although potentially large volumes of data are available,
only a small fraction of it can actually be used to fit a prediction model. This may be due, for example, to fast
regime changes, missing data, or numerically expensive preprocessing steps.



adoption in computer science, statistics, and econometrics, we wish to apply ML techniques
to the intra-day multi-horizon return prediction problem. Yet, models such as deep neural
networks are generally both expensive to train and require large datasets. Instead, we consider
a special class of recurrent-type neural networks (RNNs) that are only partially trained: The
recurrent state parameters are kept fixed at their random initialization values. We leverage the
so-called Reservoir Computing approach and apply Echo State Network (ESN) models (Jaeger,
2001, Lukosevicius and Jaeger, 2009). The choice of applying the Echo State Networks to an
intraday systematic trading context is also motivated by the empirical success ESNs have had
in prediction tasks attempted in other fields (Tanaka et al.; 2019). Our methodology builds
on the recent advances in using ESNs for macroeconomic forecasting at different horizons and
frequencies (Ballarin et al., 2024). When using a linear readout layer, ESNs can be fitted
to data via regularized linear regression, which has a closed-form solution, unlike the compu-
tationally intensive stochastic backpropagation procedures used for neural networks. Three
properties of ESN models are particularly useful in our setting: the expressivity of Echo State
Network models, which are universal in terms of approximating nonlinear time series processes;
ESN adaptability to multi-horizon forecasting by virtue of a nonlinear state formulation; the
computational efficiency of ESNs, which lets one solve high-dimensional data problems with
comparatively negligible computational overhead.

Our proposed ESN approach is predicated on first constructing a recurrent state equation
that nonlinearly combines signals over time. The target returns are then predicted with a lin-
ear function of the ESN states, again using ridge-regularized least squares. For our regularized
models, we employ a within-day rolling window cross-validation strategy to select hyperpa-
rameters. This setup allows us to systematically evaluate the performance gains of including
regularization in the linear model, and additionally those obtained as a result of the ESN model.

In our application, we target 1290 U.S. stock price returns across 5 different intraday hori-
zons at 10-minute intervals within the trading session. Our full forecasting pipeline can be run
over one calendar year of data in a handful of minutes, highlighting the numerical efficiency
of our ESN proposal. To measure forecasting effectiveness, we consider both mean squared

forecasting error (MSFE) and the R? of predicted returns. As benchmarks, we employ two



linear forecasting models, as well as a machine learning model. The linear baselines are based
on, respectively, ordinary linear regression over a vector of signals based on past market and
stock performance, and a ridge-regularized linear model that shrinks coefficient estimates over
the same set of signals. As ML benchmark, we also include a random forest model that takes
the signals as inputs (Breiman, 2001). Our results show that our ESN-based forecasting strat-
egy for the cross-section of returns dominates the benchmarks at all intraday horizons, with
only the case of end-of-day (close) returns showing rather modest improvements. Notably, we
achieve an up to 0.87% MSFE reduction that is also remarkably robust to the inherent model
sampling randomness of ESN models. The random forest’s performance is, however, worse
than that of the linear baseline by approximately the same absolute margin as the ESN. Per-
horizon Diebold-Mariano and model confidence set (MCS) tests confirm that these gains are
all statistically significant. Finally, to gauge the economic utility of our forecasts, we construct
MYV portfolios for a 10-minute horizon, non-overlapping returns, including a benchmark equal-
weights portfolio. We find that ESN predictions yield the best gross cumulative returns and

Sharpe ratio, and the lowest transaction costs and drawdowns.

Contributions. The core contributions of our work can be summarized as follows

o We provide a highly efficient, robust, and effective machine learning prediction framework
for high-frequency returns that can be applied to very large asset panels. ESN model esti-
mation and hyperparameter validation runtimes are comparable to those of (regularized)

linear regression, enabling large-scale real-time model optimization.

o We rigorously test the performance of our proposed model against benchmarks, including
random forests, which have been extensively used in the prediction of tabular data. Our
empirical results show that ESNs achieve better forecasts than RFs at a much lower
computation cost, and these prediction improvements also translate to higher returns

and lower turnover in the respective MV strategies.

o Our empirical results provide additional insights on how predictability changes at dif-

ferent intraday horizons for a large cross-section of U.S. stocks. They suggest that this



phenomenon cannot be readily circumvented by relying on nonlinear prediction schemes,

as their MSFEs eventually concentrate close to those of linear prediction models.

e Since, as we explain in detail in Section 4, ESN models have an inherently random nature,
it is not known a priori how stable the forecasting performance is. While this aspect is
often overlooked in practical applications of ESNs, we re-evaluate our empirical results for
many different draws of the models. Our analysis shows that the prediction performance

of our proposed approach is robust to model randomness.

Outline. In Section 2, we provide a review of the recent literature on ML methods in finance.
Precise descriptions of the data, trading setting, and benchmark models are given in Section 3.
Section 4 presents our proposed ESN model to forecast stock returns based on user-provided
signals (we shall also use the word “features” interchangeably), as well as training procedures.
Section 5, where we discuss our application to U.S. stock returns prediction over the year 2013,

follows. Finally, Section 6 concludes.

2 Related Literature

Classical modeling of financial markets based on efficiency and risk neutrality suggests that
stock returns should be unpredictable, and as such they are often econometrically modeled
as random walks (Pesaran, 2015). Empirical finance research has nonetheless shown that this
may not be entirely the case, with some evidence pointing towards the potential violation of
these assumptions (Campbell et al., 2012). Focusing on intra-day returns specifically, Ait-
Sahalia et al. (2025) recently provided extensive evidence of predictability at millisecond scales.
Moreover, Aleti et al. (2025) showed that intraday returns may be effectively forecasted through
the construction of a large collection of factors. We tackle a similar setting, with data sampled
at 10-minute intervals, and find that at this coarser scale, too, there appears to be non-negligible
return predictability.? It should be underscored that, compared to the earlier works mentioned

below, to our knowledge, ours is the first to (i) consider a large universe of stocks, larger than

2In terms of wolatility forecasting, Dhaene and Wu (2020) show that intraday (5-minute resolution) and
overnight returns can also be incorporated in multivariate GARCH and BEKK-type models to considerably
sharpen prediction.



e.g. the S&P500 components, that forms an wunbalanced panel with missing observations, (ii)
work at high (intra-day) frequencies, (iii) target multiple overlapping return horizons and (iv)
implement a rolling-window cross-validation and fitting algorithm to allow for fast data regime

changes.

ML Methods in Finance. There are many works in the past two decades that implement
various machine learning techniques in a financial setting. Olson and Mossman (2003) and Kwon
and Moon (2007) both employ modern neural network approaches to stock forecasting. Yu and
Yan (2020) more recently employed Deep Neural Networks (DNNs) for the same task, finding
that the flexibility afforded by deep models improves performance. Borovkova and Tsiamas
(2019) use a Long Short-Term Memory (LSTM) recurrent architecture to classify stocks in high-
frequency. T6l6 (2020) exploits RNN-type networks to predict systemic crises in the financial
sector. With a view towards the structural changes due to the COVID-19 pandemic, Chandra
and He (2021) resort to a Bayesian NN approach to forecast prices of stocks from exchanges
in the United States, Germany, China, and Australia, while Abedin et al. (2021) use a more
standard deep learning approach to perform exchange rate prediction. Further, Wang and Chen
(2024) propose a factor-based Generative Adversarial Network (GAN) to tackle both prediction
and portfolio investment problems. For MVO specifically, Kim et al. (2024) also applied GANs:
Their idea is to perform anomaly detection and augment the portfolio optimization problem
with said information. Vuleti¢ et al. (2024), using a novel “Fin-GAN” model, have shown that
GANSs trained with an economics-driven loss can be effective in achieving higher Sharpe ratios
compared to both LSTM and ARIMA models. Lastly, it is important to mention that ML
models, such as GANs and Variational Autoencoders, have also been extensively studied for
synthetic financial data generation, see e.g. Kim et al. (2023), Masi et al. (2023), Nagy et al.
(2023), Acciaio et al. (2024), Kwon and Lee (2024), and Cetingoz and Lehalle (2025) for a

theoretical critique of this line of research.

Reservoir Computing Applications. Sophisticated neural network models are challenging
to implement and train by construction. Echo State Networks are a recent development in

the field of machine learning models that aim to tackle this issue, while still matching the



flexibility of fully-trainable neural networks. By avoiding training of state parameters, ESNs
and RC models are able to circumvent the issues associated with backpropagation-through-time
associated with classical RNNs (Hochreiter, 1998, Vlachas et al., 2020). Echo state networks
have been applied to a wide variety of contexts (Sun et al.; 2024). For example, ESNs have
been successfully employed to predict water levels (Coulibaly, 2010), electricity loads (Deihimi
and Showkati, 2012), and power generation by renewable sources (Hu et al., 2020). Variations
involving deep architectures have also been devised (Kim and King, 2020). In the context
of economic forecasting, Ballarin et al. (2024) constructed a class of ESN models that can
incorporate data sampled at different frequencies, outperforming state-of-the-art models when
forecasting U.S. GDP growth. The literature on financial applications is, to the best of our
knowledge, minimal. Lin et al. (2009, 2011) were among the first to apply ESNs to stock price
forecasting at daily frequency. Their model specification included a noise component in the
state (which is known to negatively affect memory of past inputs, c.f. Guan et al., 2025),
and used a fixed train-test split. Works such as Zhang et al. (2013) and Tian and Pei (2024)
explored different avenues of extension of the ESN approach—phase space transformations and
swarm-type hyperparameter search, respectively—but always in small-scale empirical setups.®
Recently, Sharma et al. (2025) showcased the efficacy of ESNs in predicting daily Bitcoin
closing prices. Liu et al. (2018) provide an ESN application to financial data, but primarily
in the context of hyperparameter optimization, while Trierweiler Ribeiro et al. (2021) use
ESN models for the prediction of stock return volatilities. (Maciel et al., 2014) used Echo
State Networks on currency exchange rate forecasting and trading. Lastly, alternative models
also based on randomization have also been considered; see e.g. Akyildirim et al. (2023) for
random signatures applied to portfolios and Gonon (2023) for theoretical guarantees on random
shallow network learning of Black-Scholes PDEs. To the best of our knowledge, we are the first
to quantitatively analyze the application of ESNs to forecasting and portfolio construction

problems for a large panel of stocks.

3Zhang et al. (2013) evaluate their approach only on a single stock (Microsoft Corporation), while Tian and
Pei (2024) consider 10 U.S. and 10 Chinese stocks. Both papers use data collected at a daily frequency.
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3 Data and Setup

Intraday stock data was sourced from AlgoSeek, a market-leading platform providing high-
quality high-frequency trading data.* The data provider provides access to up to l-minute
resolution OHLC (open, high, low, close price) bars built from the reported Trades of the SIP
(consolidated) data feed, which includes all U.S. Exchanges and FINRA from January 2007 to

October 2020. AlgoSeek bars cover the entire trading day:
o Pre-Market: 4:00:00 AM to 9:29:59 AM;
o Market: 09:30:00 AM to 4:00:00 PM;
o Extended hours: 4:00:01 PM to 8:00:00 PM.

Throughout our analysis, we focus only on prices observed during market hours and employ
Eastern Standard Time (EST) data time-stamps, although actual time and date may be differ-
ent for each exchange due to geographical location. Given the large volume of data associated
with the 1-minute frequency, we use downsampled observations at a 10-minute resolution in
our empirical exercises. Nonetheless, our forecasting approach can be readily scaled to higher-
frequency data. For an extended description of the data and its preprocessing, we refer the

reader to Appendix A.

3.1 Trading Environment

The design of our forecasting experiments aims to mimic the setup of an intraday trading book,
which rebalances its position only on an intraday basis and does not keep open the positions
overnight. Accordingly, we assume that a portfolio rebalance can take place every 10 minutes,
from 9:30 AM to 3:50 PM. Until 3:50 PM, we run individual stock return predictions every 10
minutes. It is important to note that all our predictions are done over future overlapping return
horizons. For example, at 9:30 AM, the 10-minute prediction horizon goes from the 9:31 AM
price bar to the 9:41 AM price bar. On the other hand, the 30-minute prediction horizon goes
from the 9:31 AM price bar to the 10.01 AM price bar.

‘https://www.algoseek.com/
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We target the following prediction horizons:

o 10 minutes (10 min): 39 predictions per day over this horizon.”

o 30 minutes (30 min): 37 predictions per day over this horizon.
o 00 minutes (60 min): 34 predictions per day.
e 2 hours (2 hours): 28 predictions per day.

e End-of-day (EOD): 39 predictions per day. Specifically, EOD returns are built from the

price at a particular time-stamp and the daily closing price.

We do not carry out any return prediction at 4:00 PM, but rather assume that we fully exit
our book positions, submitting our orders at 3:50 PM to be executed at the closing auction
price. Accordingly, we do not target any continuous session close to auction and overnight

return horizons.

3.2 Prediction Setup

The universe of tradeable stocks is indexed by ¢ = 1,..., N. For each stock, we have access to
both future returns, rt(i)h, and a set of D signals, collected in a D-dimensional vector Zt(i) =
(21(9, ce Zg?t)’ € R”. We shall also assume that D is fixed over time. Note that rt(i)h is indexed
by horizon h, which for our purposes is an arbitrary intraday interval of time. For example, at
any given time ¢, we write h = 30 min to indicate the 30-minute-ahead return, and h = EOD
for the end-of-day return. If the i-th stock return or any of its signals are not available at
time ¢, we discard it for period ¢ in our empirical exercise. Therefore, we assume that the

observable cross-section at time ¢ is composed of stocks with indices in set Z, C {1,..., N} of

size Nt = ’It‘, Nt S N.

SReturns are constructed at 10-minute intervals from 9:30 AM to 3:50 PM, which is the last time-stamp
available for an intraday 10-minute horizon prediction. At 3:50 PM, the targeted return takes the closing auction
price into account for the return calculation. The number of possible return predictions for other horizons is
similarly computed, apart from end-of-day returns. For the EOD horizon, returns are still constructed every 10
minutes, but they are overlapping and cannot be observed within the trading day.

SNumerically, if a stock drops from the panel at a certain date or data is missing, we use Nals to represent
its signals and/or returns for that time index.



Our per-horizon forecasting objective is the prediction of the conditional expected return
B[, | ), where FOi=o(20, 20, )

and O'(Zt(i), Zt@l, ...) is the sigma algebra generated by all past realizations of Zt(i), that is, the

history of stock-specific signals. We are going to assume throughout that rt(izh is measurable
with respect to this filtration, and that any observable predictive information associated with

past returns is already fully embedded in the signals.

3.3 Signal Construction

Our primary goal in signal construction is to separate stock-specific features from the general
market structure. Moreover, while we could, in principle, work with discrete signals, such as
buy-to-open or sell-to-open, and combinations of these with continuous signals. For the sake of
simplicity, we focus on the systematic construction of real-valued signals following Avellaneda
and Lee (2010). We discuss in more detail the technical aspects of the construction of signals
in Appendix B.

Let Pt(i) be the individual asset price. First, assume that prices are determined as a
continuous-time stochastic process. Returns can be decomposed into drift, market factor (sys-

tematic), and idiosyncratic components:

arl’ L) 0
0 = aDdt + ; b’ Fjy + dU;", (1)

where a( is the stock price drift, {Fj,t}j:l are the returns of J risk-factors associated to the
market, {b§i)}3-]:1 are the J factor loadings and dUt(i) is a stock-specific residual component. We

then model the residual term as an Ornstein-Uhlenbeck (OU) process:

where W, is the standard Wiener process. As in Avellaneda and Lee (2010), k@, m®, and ¢
are stock-specific parameters which are only slowly varying over time.
The return residual model given by (1)—(2) is implemented in discrete time using a two-

step procedure. First, we extract the market factors from observed returns using principal
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component analysis (PCA). For each stock i, we then estimate the factor regression

ri = q® 4 > bgz)F}7t + o, (3)

j=1

)

and denote the corresponding estimated idiosyncratic return residuals by 17,52 . For a chosen

lookback window P, we construct the cumulative residual process
(1) -
; "
Up; = Z o0,
s=t—P+1

The continuous-time OU specification in (2) implies that, when observations are one sampling

interval apart, its exact discrete-time representation is an AR(1) process. We therefore estimate

Upii1 = cop + cipUpy + gt (4)

Provided that 0 < c@D < 1, the corresponding estimates of the mean-reversion rate and long-run

mean are
. | Y
A= _logcl),  and @ mY = 07()
) 1 —c 2
1,P
Let
) = V(o).
denote the estimated innovation variance in (4). The stationary standard deviation of the fitted

discrete-time process is then

7%

1= ()

Consequently, the standardized residual, or z-score signal, associated with lookback window P

18 ' 4
) O
Al o DR )
Ou.p

This signal measures the deviation of the stock-specific cumulative residual from its estimated
long-run mean in units of its stationary standard deviation.
The factor model in (3) also contains the stock-specific drift a). To incorporate this com-

ponent, note that the conditional drift of the idiosyncratic component in the continuous-time

11



model is

a® + 59 (m® — UP) = —p0gl

This motivates the modified z-score signal

a®

) a

OP O (6)
U

) .
“pt "= *P,

where z](i)t is as in (5) and @ is obtained from (3). Thus, El(ﬁ)t combines the displacement of
the idiosyncratic component from its long-run mean with the stock-specific drift.

In our application, we estimate a total of 15 market factors.” We build a total of six signals
(stacked in vector Zt(i)) that differ in the level of discretization P. A core signal is computed

following (6) and setting P = 10. We additionally built five alternative signals, also following
(6), which differ from the core signal by setting P € {20, 30, 60, 100, 150}.

3.4 Return Prediction Problem

Once signals are constructed, we can set up the return prediction problem. Under the sim-
plifying assumption that the most recent signal observation contains sufficient information for

forecasting, we have the general prediction equation
Tgh = Gt,h (Zt(l)) + egm (7)

where g, : RP? — R is time and horizon-varying, possibly nonlinear function and egh is an
error term. This setup is extremely broad, and estimation of g, j, is generally infeasible without
additional restrictions on its functional form.

As a prediction baseline, we can consider a direct linear forecasting model, where future

returns are predicted as an affine function of signals,

Tgh = p¢,n + Bé,th(l) + 61(52h7 (8)

where p; 1, is the market’s average return, 3, € R” is the vector of feature coefficients, which is,

in general, horizon and time-dependent. We make the standard assumption that 3, does not

"To handle missing price observations, we forward-fill return data, which is equivalent to the standard
assumption that when prices are unobserved, they remain fixed to the last observation. In total, the factors we
use account for more than 90% of the variability of observed returns.
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vary along the cross-section, that is, the signals we construct correctly embed any stock-specific
information. Importantly, thanks to the linear structure of (8), u, and ;) can be readily
estimated by least-squares, yielding fi;; and Bt,h, respectively. The linear return prediction is
thus 7, = fies + BipZs.

More sophisticated nonparametric and machine learning approaches may also be applied
to estimate (7). Among these, common choices in the time series econometrics literature are
kernel and series-based estimators (Bosq, 1996, Fan and Yao, 2003, Li and Racine, 2007), as
well as neural networks, random forests, and boosting methods (Franses and van Dijk, 2008,
Masini et al., 2023). To also provide a machine-learning-based benchmark, in our empirical
exercise in Section 5, we use random forests (RFs) to construct a nonlinear estimate of (7).
Random forests were introduced by Breiman (2001), and have since become a popular machine
learning approach; see Biau and Scornet (2016) for a general introduction, Scornet and Hooker
(2026) for theoretical properties, and Fallahgoul (2025) for a recent discussion of applications

in finance.

4 FEcho State Networks

The idea that random parameters may work well in complex nonlinear models such as artificial
neural networks, in fact, goes back a long way (Lowe and Broomhead, 1988, Schmidt et al.,
1992). Different research fields have developed this concept: Huang et al. (2006) proposed the
“extreme learning machine” form for shallow NNs with randomly sampled internal weights;®
Rahimi and Recht (2008a,b) developed the “random kitchen sinks” approach (i.e., collections of
functions with random parameters) in the setting of reproducing kernel Hilbert spaces (RKHS).
More recent work on pinpointing the reasons behind the success of deep neural networks has
also looked into the “lottery ticket” hypothesis (Frankle and Carbin, 2018, Malach et al., 2020,
Ma et al., 2021), which informally states that in large NNs there is a high chance that a small

subnetwork performs almost as well as its much larger super-network—even at initialization,

8By shallow we intend here that the number of hidden layers of the network is small, usually only one.
However, neural networks with even a single layer are effective functional approximators. Textbook discussions
of such results can be found, e.g., in Hastie et al. (2009), and also in Anthony and Bartlett (2009) or Zhang
(2023) for formal theory.
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before coefficients are trained (Sreenivasan et al., 2022). Works such as Zhao et al. (2022)
and Bolager et al. (2023) go further and design special sampling schemes that try to optimize
the initial weight sampling strategy, so that negligible-to-zero training is needed. In tandem,
reservoir computing (RC) models have been developed as a (broad) family of methods which
explictly embrace that idea that most model parameters do not need to be trained, but can
instead be randomly drawn from some distributions chosen by the researcher, independently of
the data (Lukosevicius, 2012).” Reservoir models, more specifically, originate from the fields of
dynamic system analysis and control theory. An overarching subfamily of interest is thus that
of Random Weight Neural Networks (RWNN), which encompasses all NN-like model designs
where at least some of the weights are drawn randomly and not trained.

As mentioned in the introduction, an important consideration about RC and RWNN meth-
ods is their computational efficiency. Artificial neural network training often demands sig-
nificant, if not extreme, investments related to both physical resources (computer clusters,
hardware, etc.) and energy; these costs have been steadily rising over the past years as models
quickly become more complex (Lohn and Musser, 2022). Since RC and RWNN models do not
require full parameter training, the costs to optimize such models can be orders of magnitude
lower. This also means that they can be effectively deployed in contexts where systematic

re-training (e.g., online learning) is required.

4.1 ESN Modeling Framework

Echo State Networks are a relatively recent development in the field of nonlinear time series
modeling. They belong to both reservoir computing and random weight network families. They
are architecturally analogous to recurrent neural networks (RNN), in that they explicitly model
the time-dependence of data using a state equation.

Formally, suppose that time series Y; and Z; are observed, and we seek to predict Y;;
using Z; and its past realizations (history). In our setting, Z; is a vector of stock-specific
signals, while Y;,; is a stock return realized at a future horizon (e.g., 10-minute ahead). Let

Zy=(Z14,...,Zpy) € RP, where D > 1 is the number of stock signals, and Y; € R. An ESN

9We remark that, while the coefficients are sampled at random, this does not mean that the models’
architecture is also necessarily random. Indeed, taking into account time dependencies is essential.
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model maps features Z; to a recurrent state X; defined by the equation
Xy = aX, 1+ (1 - a)p(AX,1 + CZ +b), (9)

where X, € RE, for K > D; A € REXK C ¢ REXP and b € RE are the state equation
coefficients; ¢ : R +— R is a nonlinear, element-wise activation function (e.g. hyperbolic tangent
or ReLU), and a € [0, 1] is the state leak hyperparameter. Note that in the special setting where
K =D, p(x) =z, A= 0p is the D x D zero matrix, C' = Ip is the identity matrix of size D,
b = 0 is the zero vector, and o = 0, the above state equation simplifies to X; = Z;. Therefore,
by introducing state X; we are considering a strictly more general class than that of linear
models. In order to perform regression, the state must be mapped to an output value. The

output of the ESN is determined by a linear layer,
Xt = Ut +¢9£Xt, (10)

where 6, € R¥ are the output coefficients and p; € R is the output intercept term. Notice here
that, in our ESN construction, we explicitly allow for the output coefficients to depend on time
index t, while state parameters (A, B, and «) are constant. Thanks to the linear specification

of (10), the model can be fitted by regularized least squares by solving

Ts
{ﬁt; 9t} = arg I{Lllglt; (Yerr — = 0X,)% + (0), (11)

where ¢(f) > 0 is the regularization term—e.g. ¢(0) = A ||0||5 for ridge regression with an
isotropic penalty—and we have assumed that a data sample over periods 77 <t <15, T} < Ty,

is available.

Remark 4.1. One can allow for more general state and output equations, and RC models with,
for example, polynomial state equations and nonlinear output equations have been studied in
the literature, c.f. Gonon et al. (2023). One issue with changing (10) to be nonlinear is that
training can become much more complex. For example, letting the output layer be X; — go(X;)
where gy : RE — R is a neural network with parameters § means that the ESN model will need
to be trained by costly numerical optimization routines, e.g. stochastic gradient descent and

its variants; hyperparameter tuning also becomes much more elaborate. Instead, we solve (11)
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explicitly with cross-validated, ridge-regularized least squares (see Section 4.2 below).

Remark 4.2. In recent years, quantitative results on the approximation properties of ESNs
and, more generally, reservoir computing models have been developed. Grigoryeva and Ortega
(2018) and Gonon and Ortega (2020) have shown that ESNs are universal approximators of time
filters acting on, respectively, deterministic sequences and stochastic processes. In the stochastic
setting more specifically, Gonon et al. (2023) established that, if ;11 = H*(Z;), where Z; :=
(Zi, Zy_q,...) and with H* : (RP)2- — R satisfying appropriate regularity conditions, there
exists an ESN such that the L? approximation error E[(Y; — H(Z,))?]"/? is of order O(1/VK).
This order of convergence is notably independent of the input dimension, D. Moreover, in
Gonon et al. (2020) the same authors also developed generalization bounds for the out-of-

sample error of ESN models.

Remark 4.3. While ESNs can be readily related to classical RNNs; there is not yet a univer-
sal framework to formally compare the two approaches. This is in part due to the fact that
quantitative approximation theory for RNN-type models is still developing; see Wang et al.
(2023), Jiao et al. (2025). From an applied perspective, ESNs and RNNs seem to have domain-
dependent strengths and weaknesses, cf. Vlachas et al. (2020). It should also be noted that
training of vanilla recurrent networks via gradient descent methods is known to be unstable,
leading to the development of more robust (but not equivalent) alternatives, such as GRUs and
LSTMs. Indeed, plain RNNs suffer greatly from exploding gradients during training (Hochre-
iter, 1998). This latter concern in particular motivates our comparison with random forests

rather than a fully-trainable recurrent network in Section 5.

We underline here that simply drawing A, C, and b from some prescribed distribution
will generally not yield an effective ESN model. This is because specific properties, such as
the so-called echo state and fading memory properties (Grigoryeva and Ortega, 2018), are
essential in guaranteeing the well-posedness and effectiveness of reservoir models. Therefore,
we introduce additional hyperparameters, following the discussion in e.g. Ballarin et al. (2024).
One begins by drawing random matrices A*, C*, and b*. These are then normalized according

to a specific matrix (pseudo)norm, ||| 4, ||/l and ||-||,, respectively, yielding A := A*/ || A*|| ,,
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c:=C*/ |C*|| and b:=b*/ |6*||,- The state equation then becomes
Xt = OéXt,1 + (1 — Oé)QO(pZXt,1 + ’}/é Zt -+ CB), (12)

where p € [0,1], v > 0, and ¢ > 0 are the spectral radius, input scaling, and bias scaling,
respectively. The reason why p is taken to be within the interval [0, 1] is that ||-|| , is most often
chosen to either be the 2-norm or the largest absolute eigenvalue norm. We use the latter, so

that the spectral radius of A is unity.

Remark 4.4. The way of sampling A*, C*, and b* is itself a question of high practical importance.
Many works have addressed this topic from an applied or computational perspective; see, e.g.,
Lukosevicius (2012) and references within. From a theoretical perspective, Gonon et al. (2023)
derived explicit distributions for the state parameter matrices that depend on the structure
of the approximation problem. In this work, we favor a practical perspective and apply some
well-studied probability distributions. The entries of A* are drawn from a sparse Gaussian
distribution, while the entries of C* are drawn from a sparse uniform distribution, since some
empirical success with these has been observed in Ballarin et al. (2024). Moreover, in all of our
ESN models, b is set to be the zero vector, without any random draw. Accordingly, we do not

discuss the tuning of ¢ in our application.

4.2 Return Prediction with ESN

We now specialize the general ESN model from the previous section to the return prediction
setting of interest. We provide a diagram of the flow of information in our ESN model in
Figure 1. Following Section 3.4, we do not instantiate N stock-specific ESN state equations,
but rather draw a single set of state parameters that are then shared across stocks. Formally,

we let the ESN state for the ith asset, Xt(i), be given by

X =ax + (1 - a)p(pAX, ++C 2",
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Figure 1: Overview of the proposed ESN model.

Notes: The signal vector is loaded into the ESN state equation and combined with the previous state
via a nonlinear mapping with randomly sampled parameters. The prediction equation is linear in the
ESN states, allowing for (regularized) least squares estimation. The state parameters do not change
when fitting the model, and only pu¢, 0; are estimated.

where ¢, a, A, C, p and v are fixed and identical across i € {1,..., N}. The stock-specific

ESN regression equation thus becomes

r,gh = Mp + Qé,hXt(Z) + 51%2}1-

Observe that j; 5 and 6, , are also shared across stocks. As with the linear model, here too we
assume that returns can be predicted from signals with regression coefficients that are common
across the stock cross-section. Since returns are, in general, overlapping and we employ a direct
prediction strategy, the same state Xt(i) is used for all horizons. To handle missing data, we
introduce what we term state decay, meaning that we replace missing signals with zeros, and
continue iterating the state equation forward—although the associated state is not included in

the estimated data; see Appendix C for details.

Remark 4.5. Our choice to implement state decay instead of opting for data in- and back-filling
operations, such as linear interpolation between missing values, is primarily due to two key
concerns. First, since we work with overlapping returns and online model estimation, we want
to avoid information leakage from future observations to the past. Secondly, the missingness
patterns are very heterogeneous across individual stocks, sometimes with large gaps. This

makes it hard to construct valid and robust infill strategies (Bryzgalova et al., 2025), which
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may even have negative effects on performance (Chen and McCoy, 2024).

To train the ESN, our objective is to sequentially minimize the regularized least squares

empirical risk,

1 t—Th—l 1 i ) 2
Rep(p,0) == M Z N Z (Tglh K H’Xs@) + 0'A¢n8, (13)
t,h s=t—7p— My, 8 i€y

where 1 < M, ), < t—m, is the training window size for the current horizon, 0 < 75, <t —1is the
training window buffer, and A, is a positive semi-definite diagonal penalization matrix.Notice
that Ry (e, 0) is not written explicitly as a function of ESN state coefficients, as these are
not subject to training/fitting. The ridge-type regularization penalty is encoded in the time-
varying, horizon-specific matrix Ay .

To operationalize (13), M, 7, and A,y need to be set. The window size controls how
far back the model can go to extract information from past realized signals. A small window
means that a short panel of observations is utilized to optimize R, (p, 6), while a longer panel
may include irrelevant information with respect to current market conditions. Therefore, we
tune M, for each prediction horizon h in our empirics. The window buffer 7, is necessary
because we want to ensure that in our training, we consider the time structure of multi-period
returns. If A = 10 min, then at time ¢t we may fit the model using states starting from up
to ten minutes ago; instead, if we consider A = 60 min, then clearly we can only construct
training tuples {X¥, rﬁh where s < t — h, meaning the most recent states we can use are
from time ¢t —2hr. If we want to avoid constructing an empirical estimation scenario where there
is information leakage across time, imposing 7, > h is necessary. Note that this implies that
for horizon EOD we are forced to use only observations up to the previous trading day, which
are valid for EOD returns. These considerations need to be taken into account when considering
the change in predictive performance of all methods, as presented in Section 5 below. Lastly,
the optimal ridge penalty could change substantially across both time and horizon. We use
cross-validation to select A, in our empirical analysis, and we provide a detailed discussion of

our implementation in Appendix C.
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Table 1: ESN Model Specifications

Horizon
Parameter 10 min 30 min 60 min 2 hours EOD
K State dim. 100 100 100 100 100
« Leak rate 0.9 0.2 0 0 0
A sparsity 0.15 0.15 0.15 0.65 0.35
P Spectral radius 0.4 0.6 0.6 0.6 0
C' sparsity 0.95 0.55 0.75 0.85 0.25
v Input scaling 0.005 0.005 0.005 0.005 0.015

Note: All hyperparameters have been selected based on optimizing MSFE predictive performance on
the Q4 2012 data sample.

5 Forecasting Multi-horizon Returns

We carry out the forecasting experiment using a period of time (i.e., 12 months of data)
which, although short, is still performance-representative, especially because we are dealing
with higher frequency data. Therefore, one calendar year still involves a large number of data
points (16000) within the associated sample. The total number of stocks included in our dataset
over this period is N = 1290. All forecasts are made in rolling-window fashion, so that at any
given time index ¢, past observations are used to fit (and tune) the models, which then predict

returns for all horizons ¢ + h with h € {10 min, 30 min, 60 min, 2 hours, EOD}.

ESN Models. To adapt our ESN model to each prediction horizon, our model specifications
are determined as follows. The state dimension is fixed to K = 100 for all horizons. We
also set the random seed to a fixed value, so that we always draw the same A* and C*,
but vary hyperparameters p, v, and «, as well as the sparsity degree for the entries of both
matrices. We collect our specifications in Table 1. The final hyperparameters are selected by
using a pre-sample from Q4 2012, over which we minimize the mean squared forecasting error
at each specific return horizon. In Appendix C, we provide more details on the numerical

implementation of the hyperparameter optimization problem.
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Linear Models. We employ the linear-in-signals and random forest models mentioned in
Section 3.4 as benchmarks for prediction. In our experiments, we make a further modeling
distinction between a “simple” linear model estimated via ordinary least squares and a ridge-
reqularized linear model for predicting returns. Indeed, the linear specification is distinct from
the particular estimation strategy, meaning that ridge regularization is a separate refinement.
By also using a rolling batch, it may be possible to better capture temporary changes in the
return and signal structure, include them in the penalization procedure, and thus improving
prediction performance compared to a more naive least squares approach.

We let the basic linear model be defined as in (8), and estimated its coefficients using OLS
on the most recently observed signals (i.e., fixing the window size to M;; = 1). The risk thus

simplifies to
inear 1 % i 2
Ri,h (/‘ﬁ) = ﬁt Z (Ti—)rh—uh —H— B,Zt(—)m—1> .

i€Ly

The linear ridge regression model is estimated similarly to the ESN model by considering

ridge 1 ot 1 % ) 2
Rt,ig (Na 5) = Z Y Z (ng_h - M= B,ZS)) + BIAt,hﬂa

t7h S:t—Th—Mt,h s iez—s

where the window size M, , is set identically to the respective values for ESN fitting. In both
cases, the window buffer 7, is also chosen to be the same as in the ESN estimation. The penalty
matrix A, is also selected using the same cross-validation scheme employed for the ESN model.
As discussed below, in our experiments, we find that baseline and benchmark linear models have
very close performance. This suggests that we can primarily assign the improved performance
to the nonlinear recurrent design of our ESN model, not the ridge regularization included in

the estimation problem.

Random Forest. To further evaluate the impact of nonlinearities, as mentioned in Sec-
tion 3.4, we also include a random forest (RF) regression model (Breiman, 2001). In our
setting, RF regression aims to recover a nonlinear function z — g5 (%) of the extracted signals
defined as in equation (7).

Random forests are a stochastic ensemble of regression trees, which are conceptually similar

to our chosen reservoir computing approach, since ESNs also exploit randomness. Formally,
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assuming Z\” € Z C R for all i and ¢, and letting {B;}/_, be a partition of Z," a regression
tree is the local constant model
J
v(2?) = .Zlbj 1{z" € By},
j=
where {b; }3]:1 is the regression coefficient for partition element B;. A partition can be obtained
by dividing the domain Z into cardinal-aligned rectangular regions by using a binary tree
construction, and this is the approach taken by regression trees. RF regression is run by
constructing L > 1 bootstrap resamplings of the original data, building a regression tree for

each bootstrap sample, ¥y where ¢ =1, ..., L, and then averaging, yielding

L
@y_ 1 (0
v(27) = 72 w(2")
The random forest prediction risk is thus given by

REW) = 3 (i~ ¥(22,0))"
i€Ts
where once more we use the same window buffer 7;, as for ESN and linear models. Random
forests have been successfully applied to economic time series forecasting, although at present
there is not yet a satisfactory theoretical analysis of their properties when applied to dependent
data (Masini et al., 2023). More broadly, tree-based and boosting methods have been shown
to achieve state-of-the-art performance in with tabular (e.g., panel) data; see Shwartz-Ziv and
Armon (2022), Grinsztajn et al. (2022). We use the RF implementation of the scikit-learn
Python package (Pedregosa et al., 2011); additional details on RF training are given in Ap-

pendix C.

Numerical Efficiency. One important concern when applying ML models in a high-frequency
setting is how efficiently these can be estimated on broadly available hardware. We run all code
on a system with a 64-core AMD EPYC 7763 CPU and 512GB of RAM; whenever possible,
estimation routines are allowed to use all available cores for parallel computation. In Table 2
we report the time necessary for each model to be fitted and yield forecasts over the entire

sample. It is easy to see that linear and ridge predictions are the most efficient models, fol-

1A collection of sets {B;}7_; is a partition of Z if U;B; = Z and B; N B = () for any j # j'.
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Table 2: Model Runtimes

Linear Ridge RF ESN
56 seconds 89 seconds 2561 seconds 139 seconds
1x 1.58 x 45.73x 2.48 %

Notes: For ridge regression and ESN models, the reported time includes ridge penalty cross-validation.

lowed by ESN, which is approximately 2.5 times slower than the baseline linear regression. The
most expensive model by far is the random forest regression, which takes roughly 45 times
longer to run than the least squares forecasting scheme. Frequent re-estimation of the random
forest is significantly more expensive compared to the regularized estimation problem of the
ESN. The runtime comparison of Table 2 suggests that more complex ML models—such as
fully-trainable feedforward/deep neural networks, or transformer-based time series foundation
models (Jin et al., 2026)—would also be expensive to evaluate. For recurrent-type models, like
RNNs, LSTMs, GRUs, and state-space models (SSMs), one faces the additional complexity due
to training complexity (cf. Remark 4.3), missing observations, and possibly short time series
for a large subset of stocks. In comparison, a core advantage of the proposed RC approach is
that the ESN is both efficient in terms of computation and straightforward to apply, even with

a few observations.

5.1 Results

First, we consider the mean squared forecasting error (MSFE). At prediction horizon h and
time t at which we carry out the prediction, the instantaneous MSFE across the N stocks in

the investable universe at time ¢ is given by

1 X o
MSFE, ,, = N, Z(T’t(ﬁh - Tglhf-
t =1

The lower the MSFE, the better the model’s performance in a mean-squared error sense. Over

an investment period, we also consider the cumulative MSFE, cuMSFE, , = 1 3!, MSFE, ,,

t
as well as the total cumulated MSFE at terminal time 7', that is MSFE;, = cuMSFEr,.

Over the entire year of 2013, the cumulated MSFE of our ESN model is significantly lower

23



Figure 2: Relative Cumulative MSFE
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Notes: Relative cumulative mean squared forecasting error with respect to linear model baseline. The
first week of January 2013 is omitted to avoid initial fluctuations.
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than either the baseline linear or ridge regression models, as can be seen from Table 3. In-
terestingly, the random forest model is measurably worse than both linear benchmarks, by
approximately the same margin as the ESN model in absolute terms. In Figure 2, we also
plot, for each of the five horizons we consider, the relative cumulative MSFE of all models—the
baseline linear specification provides the reference point. In all cases, the difference between
baseline and ridge is negligible: This is not exactly the case numerically, but MSFE deviations
between the two models are insignificant for practical purposes. On the other hand, our ESN
model is able to achieve a consistent reduction in MSFE of more than 0.87% at the 10-minute
horizon. However, this gain, while still robust over time, diminishes progressively as the horizon
grows. In fact, the gain essentially vanishes when we consider EOD returns, a setting where at
times the cumulative error grows above that of the linear models. However, as evidenced in
the last column of Table 3, even at EOD returns, the ESN can extract a relative improvement
that is two orders of magnitude larger than that of simply applying regularization to the linear
baseline.

In Table 4, we also present the total R? of forecasts with respect to return realizations. It
is easy to see that, while all values are negative, ESN predictions show improvement, especially
at 10, 30, and 60-minute horizons. We emphasize that, as Kelly et al. (2024) argue, negative
R?’s are not a sign of poor predictive or strategy efficacy. Accordingly, we find that, overall,

our ESN framework attains better performance compared to our linear prediction benchmarks.

Performance Testing. Next, we argue that the gains enjoyed by our echo state network
model are also significant from a statistical point of view. To test for the statistical significance
of these improvements, we perform both pairwise Diebold-Mariano (DM) tests (Diebold and
Mariano, 1995, Harvey et al., 1997) and Model Confidence Set (MCS) tests at all horizons
(Hansen et al., 2011).

For the Diebold-Mariano tests, we focus only on comparing our ESN model with the bench-
mark and baseline linear predictions. Following the test results summarized in Figure 3, one
can see that the null hypothesis of equal predictive ability is rejected extremely strongly—in
particular, only at the end-of-day horizon, the p-values are above the 1% level. The MCS tests,

on the other hand, enable comparison between all models simultaneously. As Table 5 shows, in

25



Figure 3: Diebold-Mariano Tests

Horizon: 10 min Horizon: 30 min
Linear Ridge RF Linear Ridge
RF{ —35.13*** [ —3517*** RF {4 —29.26*** [ —29.30** * .
ESN ESN
Horizon: 60 min Horizon: 2 hours
Linear Ridge RF Linear Ridge

ESN 4 +30.64** * | +30.62** *

ESN

Horizon: EOD
Linear Ridge

RF

ESN

Notes: Color matrix plots for one-sided Diebold-Mariano test statistics, column model versus row
model. Statistical significance at 1% (***), 5% (**) and 10% (*) is shown next to statistic value.
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Table 3: Total Cumulated MSFE

Horizon
Model 10 min 30 min 60 min 2 hours EOD

Linear 0.0557 0.1402 0.2331 0.3704 0.7088

Ridee 0.0557 0.1402 0.2331 0.3704 0.7088
& [-0.0010%)] [-0.0007%)] [-0.0004%] [-0.0003%] [-0.0001%]

RE 0.0562 0.1409 0.2340 0.3714 0.7092
[+1.0024%)] [+0.5396%)] [+0.3593%) [+0.2827%) [++0.0530%)

ESN 0.0552 0.1393 0.2322 0.3693 0.7087
[-0.8775%)] [-0.6059%)] [-0.3890%] [-0.3023%] [-0.0148%)]

Notes: Percentage reduction in MSFE with respect to the linear model baseline is shown within
squared brackets. Values are rounded to 4 decimal digits.

Table 4: Total Forecasting R?s

Horizon
Model 10 min 30 min 60 min 2 hours EOD
Linear -0.0766 -0.1213 -0.1128 -0.1656 -0.1760
Ridge -0.0766 -0.1213 -0.1127 -0.1656 -0.1760
RF -0.0870 -0.1227 -0.1167 -0.1689 -0.1766
ESN -0.0675 -0.1146 -0.1084 -0.1621 -0.1758

Note: Values are rounded to 4 decimal digits.

all settings apart from EOD returns, our ESN models robustly dominate; with end-of-day data,
however, both the ESN and the RF model are included in the best models at a 5% level. This
outcome is not surprising, given the relative lack of improvement in cumulative MSFE shown

in Figure 2 for the EOD horizon.

5.2 Robustness to Parameter Sampling

Since our Echo State Network prediction approach is inherently dependent on random draws
of the state equation’s matrices, we check whether different draws of our model yield substan-
tially different forecasting performance. To achieve this, we focus on 10-minute and 60-minute

horizons and sample 100 distinct ESN models—meaning we redraw A* and C* with different
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Table 5: Model Confidence Set Tests

Horizon
Model 10 min 30 min 60 min 2 hours EOD
Linear 0 0 0 0 0.0011
Ridge 0 0 0 0 0.0002
RF 0 0 0 0 0.5766"
ESN 1 1 1 1 1Y

Notes: Tests are run with the cross-sectional mean squared forecasting error using 10* bootstrap
draws. The checkmark superscript (') is used to indicate inclusion of the method into the set of best
prediction models at the 5% level.

random seeds, while keeping unchanged the hyperparameters of Table 1—and re-run our em-
pirical exercise. We provide relative cumulative MSFE plots showing 90% and 50% frequency
bands, as well as median performance.

From Figure 4, we can see that the forecasting gains enjoyed by ESN models are remarkably
robust to resampling state parameters. In fact, while we do draw shaded regions for relative
cumulative MSFE interquantile ranges, these are very tight and thus hard to see, indicating that
predictive performance is consistent. In both horizons, the MSFE metric is highly concentrated
and robust to ESN model sampling randomness. Thus, we confirm that our approach yields

robust gains over benchmark prediction models.

5.3 Portfolio Evaluation

To evaluate the economic implications of our forecasts, we use them in the construction of a
classical mean-variance portfolio over the same testing period (Roncalli, 2016). We compare the
ESN-based portfolio with benchmarks constructed using the linear, ridge, and random forests
predictions, as well as a reference equal-weighted (EW) portfolio.For the sake of comparability,
we subset the large panel of assets available to avoid including stocks that are thinly traded and,
thus, may induce strictly mechanical changes in positions. This is particularly important when
rebalancing at high frequencies. The final panel is has uniform cross section of size N = 388.

We focus on the 10-minute return horizon, as this setting does not require one to handle the
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Figure 4: ESN Model Robustness
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Notes: Light and dark shaded bands show 90% and 50% frequency regions, respectively, for ESN
models. Median ESN performance is shown as a solid line. Note that for both horizons, the bands
are thin and MSFE is concentrated around the median. The first week of January 2013 is omitted to
avoid initial fluctuations.

time overlap that occurs at coarser horizons,'! and shows the best improvement in MSFE for
our ESN model; see Section 5.1. We provide a detailed discussion of asset selection and portfolio
weight estimation in Appendix D.

To determine the weights of portfolios based on return forecasts, we first require an esti-
mate of the asset covariance matrix. As we only have 39 intraday realizations of 10-minute re-
turns, the estimation problem is high-dimensional; moreover, since the data is high-frequency,
we need to account for changes in correlation across days and weeks. Hence, we estimate
the covariance matrix at a daily frequency using a nonlinear Ledoit-Wolf shrinkage estimator
(Ledoit and Wolf, 2004). The previous day’s covariance estimate, ZA]Lt |, is shared in the com-
putation of the portfolio weights for all forecast methods, given by &;* = ifﬂl 710 mins With
m € {Linear, Ridge, RF, ESN}. We normalize weights so that Ziﬁzl = 1, and we initialize all
portfolios with equal weights.

In Figure 5, we show cumulative returns for all portfolios, and the cumulated turnover for
forecast-based strategies.'” We can see that the ESN-based portfolio performs best, achieving

raw returns higher than the benchmark EW strategy. Linear, ridge, and RF forecasts, on the

Ulntra-day overlapping returns at 10-minute frequency and hourly horizon, for example, require one to
choose among 5 arbitrary starting times at the beginning of each day. Moreover, end-of-day returns do not
allow for intra-day rebalancing, as EOD returns are only observed at market close.

12To plot cumulative returns, we use a reduced range for the y-axis due to instabilities in the linear and ridge
portfolios. Figure D.2 in the appendix shows cumulative returns on an unrestricted axis.
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Figure 5: Cumulative Portfolio Returns and Turnovers
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Notes: Portfolio weights derived with linear, ridge, random forest, and ESN forecasts are computed on
identical daily covariance matrix estimates with Ledoit-Wolf nonlinear shrinkage. Cumulative returns
are net of transaction costs. Cumulative turnover is shown on a logarithmic axis.

other hand, produce volatile positions due to constant and substantial weight changes (see
Figure D.1 in the Appendix). This is evidenced by much higher cumulative turnovers induced
by these methods compared to the one achieved by the ESN portfolio weights. We also report
Sharpe ratios and maximum drawdowns in Table 6. Among the forecast-based strategies, the
ESN portfolio achieves the highest Sharpe ratio and the lowest maximum drawdown. Moreover,
as Figure 5 shows, the ESN forecasts induce substantially lower portfolio turnover than the lin-
ear, ridge, and RF forecasts. An important distinction arises once transaction costs are taken
into account, as the passive EW portfolio can outperform the actively rebalanced forecast-based
strategies net of transaction costs (as shown in Figure D.3 in the Appendix). We do not view
this result as contradicting the forecasting gains documented above. Rather, it illustrates the
important distinction between statistical predictability and the economic implementability of
a forecasting signal. At the 10-minute rebalancing frequency considered here, even relatively
small changes in predicted returns can generate substantial changes in the weights of an un-
constrained mean-variance portfolio, and consequently large transaction costs. In this respect,
the substantially lower turnover generated by the ESN portfolio is itself noteworthy. Relative
to the other forecast-based strategies, the ESN moves considerably towards converting im-

proved predictive accuracy into a more stable portfolio allocation. Whether these forecasting
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Table 6: Portfolio Sharpe Ratios and Maximum Drawdowns

EW Linear Ridge RF ESN
Sharpe ratio 1.422 —1.181 —1.044 0.166 1.529
Max. drawdown —0.743 —22.882 —85.350 —33.057 —0.465

Notes: Sharpe ratios are computed using total daily returns and annualized.

gains can be fully translated into superior net economic performance, however, depends also
on the portfolio construction mechanism. A realistic implementation would typically incorpo-
rate transaction costs directly into the optimization problem or passive orders for some or all
the assets (Ledoit and Wolf, 2025), and impose turnover, position, leverage, and other trading
constraints. We deliberately do not introduce such constraints here, since our objective is to
compare the economic implications of the different forecasting methods under the same simple
portfolio mapping. Investigating the interaction between ESN forecasts and a fully constrained

portfolio optimization framework is an important direction for future work.

6 Conclusion

In this work, we have presented a novel approach to forecast intraday stock returns at different
horizons by leveraging ESN models. Our proposed method is nonparametric in nature and ca-
pable of significantly improving prediction performance across different horizons by a significant
margin, with the only exception being end-of-day returns. Our findings suggest that there is
potentially much to be gained by considering efficient, nonlinear forecasting models compared
to regularized linear methods. Even though our ESN models inherently rely on randomly sam-
pled parameters, we have shown that the prediction gains are robust to randomness at both
short and medium intraday horizons. This robustness extends to comparison with alternative
machine learning models, such as the widely-used random forest regressor. Additionally, we
have established that ESN forecasting gains can translate to meaningful improvements in per-
formance (compared, e.g., to equal-weighting schemes) when used to construct mean-variance

portfolio strategies at a high-frequency, 10-minute horizon.
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While it is beyond the scope of this work, one important thing we do not explore is
whether our prediction method can also yield better performance—in terms of Sharpe ratio, for
example—once applied specifically to multi-horizon MV portfolio construction. We consider
this an important direction along which to extend our work, which nonetheless also requires
the derivation of a realistic framework to jointly model overlapping returns and their forecasts.
Market structure may also change frequently and suddenly, with potentially drastic changes in
the volatility of and correlation between asset returns (Gottschalk, 2023). This is something
that is inderictly observed in our portfolio analysis, and we expect that taking into account this
factor may help reduce portfolio turnover. Moreover, as shown in our robustness analysis, it is
straightforward to instantiate a large collection of diverse ESN models. Therefore, there is the
possibility to combine our prediction framework with (online) model selection schemes, which
can dynamically weight multiple ESNs to improve forecasting performance. For ESN models
specifically, the ensemble approach was recently explored in Ballarin et al. (2025). Lastly, for
the sake of simplicity and computational efficiency, we have constrained our ESN output layer
to be linear. This is not a necessity, and it would be interesting to evaluate whether including
more flexible output layers (e.g., a fully trainable shallow network) could further improve per-
formance, and whether any gains obtained would be worthwhile given the increase in training

complexity.
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APPENDIX

A AlgoSeek Intraday Stock Data

We provide a summary snapshot of the data we have access to for each minute and each traded

contract in Table A.1 below:

Table A.1: AlgoSeek OHLC bar table example

# Field Type Description

1 Date YYYYMMDD Trade Date.

2 Ticker String Ticker Symbol.

3  TimeBarStart HHMM, Time stamps are EST. For minute bars, the

HHMMSS, format is HHMM. For second bars, the format
HHMMSSMMM is HHMMSS.

Examples:
One second bar 130302 is from time greater
than 130302.000 to 130302.999.
One minute bar 1104 is from time greater than
110400.000 to 110459.999.

4 FirstTradePrice Number Price of first trade.

5 HighTradePrice Number Price of highest trade.

6 LowTradePrice Number Price of lowest trade.

7 LastTradePrice Number Price of last trade.

8  VolumeWeightPrice Number Trade Volume weighted average price:
Sum( (TradelSharesx Price)+(Trade2Sharesx
Price) + ... ) / TotalShares

9  Volume Number Total number of shares traded.

10 TotalTrades Number Total number of trades.

B Signal Construction

The signal construction workflow requires the estimation of market factors to obtain the residual
idiosyncratic term Ut(i). We use PCA on the covariance matrix of returns to consistently

estimate the factors:
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Figure C.1: Signal Availability over the Forecasting Period
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o We transform each stock return time series into a z-score, and subsequently calculate the
associated pairwise covariance matrix as

1 I , C
Pij = 7 Z LEZ)L? ) and L,ﬁ” =4
-1

o From the correlation matrix, PCA yields a vector of eigenvalues and corresponding eigen-
vectors vg . For each index j, the eigenportfolio and the eigenportfolio returns are thus

J N

Ql=—5 and Fu=3 5’ j=12..J (14)
=1

o)

We can then proceed as discussed in Section 3.3 to estimate the discrete-time analog of the

OU process for Ut(i), which then yields, combining models at different levels of discretization,

our vector of stock-specific signals.

C Model and Estimation Details

Missing Data and State Decay. As discussed in Section 3.2, the entire cross-section of

returns and signals might not be fully available at all time indices. Indeed, as shown graphically

in Figure C.1, although consistently high, the count of observable asset signals changes often

over the course of our panel. As such, we design our ESN models in such a way as to be

robust to missing data. Our strategy is to introduce reservoir decay whenever input signals are

missing. Formally, recall that the ith stock state equation can be written as

Xt(i) = oth(i)l + (1 - oz)gp(AXt(i)l + C'Zt(i)).
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Table C.1: ESN Training and Cross-validation Parameters

Horizon
Training Parameter 10 min 30 min 60 min 2 hours EOD
M, p Window size 30 min 30 min 60 min 60 min 1 day
Th Window buffer 10 min 30 min 60 min 2 hours 1 day
CV frequency 1 day 1 day 1 day 1 day 1 day
CV window size 1 week 1 week 1 week 1 week 1 week
CV split ratio 0.7 0.7 0.7 0.7 0.7

Suppose now that the ESN must ingest a signal sequence that includes a NaN value,
29 vaN, Z8)

where we use NaN to signify missing data, as in the numerical setting. Reservoir decay function-
ally means that any NaN entry in the sequence of input signals is replaced with a zero vector.

Therefore, we would obtain states

X{ = aXiy + (1 - a)p(AXD, + CZ2),
X = aX + (1 - a)p(AXD),

Xt(i)l =X + (1-— a)gp(AXt(i) + C’Zt(i)l)

So long as a € [0, 1) and the spectral radius of A is below unity, this approach allows treating
sequences with arbitrary sub-sequences of missing data: The state equation is validly iterated
forward, and the states decay (contract) towards the zero vector. This enables us not to “throw
away” our previously collected state sequence. Nonetheless, to conform with the setup of
Section 3.2, any state that is associated with state decay induced by missing signal observation

(or missing returns) is not included at the time of estimation for the output coefficients.

Training Windows and Buffers. The training procedure outlined in Section 4.2 requires
the choice of some parameters, such as training window size and buffer, as well as cross-

validation frequency, window size, and ratio. We collect our choices for these quantities in

Table C.1.
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For window size, we compromise between the length of the window and the negative effect
that including too much past data can have on predictive power. For the window buffer, we
always choose the minimal length possible given the prediction horizon. Cross-validation to
select the diagonal, anisotropic ridge penalty matrix A;;, is run every trading day with one
week of past data. We keep a constant split ratio of 70% training and 30% validation across

all horizons.

ESN Hyperparameter Optimization. To search for the horizon-specific ESN hyperpa-
rameters detailed in Table 1, we rely on the Python model optimization library Optuna (Akiba
et al.,; 2019). Our tuning sample includes only data from September to December 2012. We
keep the same training and cross-validation parameters outlined in Table C.1, and set as the

objective to minimize the cumulated MSFE.

Random Forest Hyperparameters. We use RandomForestRegressor from scikit-learn.

The following hyperparameters are set for all horizons: min_samples_split=10, max_depth=10,

and n_estimators=100. To ensure that the RF is grown by bootstrapping trees also across
(i)

different subsets of signals in Z, ", we set max_features=’sqrt’. Finally, the option n_jobs=-1

is set to allow for parallelization across all available CPU cores.

D Details on Portfolio Construction

Asset Selection. We construct a dense subset of assets based on volume at the 10-minute
interval and 10-minute horizon, which in our setting is the only combination that ensures non-
overlapping returns. We enforce that all assets included in the final panel used for portfolio
construction and evaluation are such that both signals and returns are available at all 10-minute
observation timestamps. This selection thus removes thinly traded or illiquid assets that may
not be traded at high frequency. The final fixed cross-section size is N = 388, which is still an

order of magnitude larger than the number of daily observations.
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Covariance estimation. To estimate the previous day’s covariance estimate, ZA]U |, we use the
nonlinear shrinkage estimator of Ledoit and Wolf (2004) as implemented by the scikit-learn
routine LedoitWolf with default block size. This estimate is then used in the construction of

all forecast-based MV portfolio weights to ensure comparability across methods.
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Figure D.1: Portfolio Weights
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Figure D.2: Cumulative Portfolio Returns
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Notes: Portfolio weights derived with linear, ridge, random forest, and ESN forecasts are computed on
identical daily covariance matrix estimates with Ledoit-Wolf nonlinear shrinkage. Cumulative returns
are net of transaction costs. Left panel uses a reduced y-axis, while the right panel is unrestricted.

Figure D.3: Net Cumulative Portfolio Returns

Net Cumulative Returns (1 bps) — Horizon: 10 min

Net Cumulative Returns (1 bps) — Horizon: 10 min
0 -

0 T \

—2 -10 - E
_4 -
_20 -
_6 -
-8 - —30 A
_10 T T T T T T T T T T T T T H T
o> L g ol WX A o . > o { ) S W
207 207 2 30 2O o (W O L P LS P N (S
rLQ\' 10\' 10’\' ’LQ’\' 'LQ'\’ 10'\’ fLQ\' ,LQ\—’b ,LQ\’b ,LQ\« ,LQ\« ,LQ'\« '1«0\:5 ,LQ\
—— Linear — RF —— Linear —— RF
—— Ridge —— ESN —— Ridge —— ESN

Notes: Net returns for all portfolios computed with 1bps transaction cost from cumulative returns
and turnovers, cf. Figure 5. Left panel uses a reduced y-axis, while the right panel is unrestricted.
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