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Abstract—High-frequency trading requires fast data pro-
cessing without information lags for precise stock price
forecasting. This high-paced stock price forecasting is usually
based on vectors that need to be treated as sequential and
time-independent signals due to the time irregularities that
are inherent in high-frequency trading. A well-documented
and tested method that considers these time-irregularities
is a type of recurrent neural network, named long short-
term memory neural network. This type of neural network
is formed based on cells that perform sequential and stale
calculations via gates and states without knowing whether
their order, within the cell, is optimal. In this paper, we
propose a revised and real-time adjusted long short-term
memory cell that selects the best gate or state as its final
output. Our cell is running under a shallow topology, has
a minimal look-back period, and is trained online. This
revised cell achieves lower forecasting error compared to
other recurrent neural networks for online high-frequency
trading forecasting tasks such as the limit order book mid-
price prediction as it has been tested on two high-liquid US
and two less-liquid Nordic stocks.

Index Terms—Limit order book, high-frequency trading,
long short-term memory cell, online learning, stock forecast-
ing.

I. INTRODUCTION

H IGH-FREQUENCY trading (HFT), which represents
more than 50% of the trading activity in the US

stock market, is the process where signals and trades are
analyzed and executed in a fraction of a second (double-
digit nanoseconds). This speed race creates several oppor-
tunities for the participants who can capitalize on their
infrastructure, like fiber cables and microwave signals,
and also on their scientific and technical expertise. One
way to organize this trading activity is the so-called limit
order book (LOB), where market participants, including
liquidity providers and liquidity takers, form its order flow
dynamics. The liquidity providers typically play a more
active role in the trading environment. This symbiotic
relationship between these two parties creates competition
based on the order flow information analysis and trading
strategy execution. In this paper, we focus on the first part,
and more specificaly on real online forecasting models for

the prediction of the LOB’s mid-price movements, which
is the main objective of our experimental protocol.

In the HFT LOB universe [1]–[4], every forecasting
task poses challenges related to digesting large data sizes
(several million order book events per trading day) and
inspecting time irregularities. These two factors create a
non-linear environment that can be handled properly by
specific types of neural networks (NN). A NN type that has
exhibited good predictive power is a variant that belongs
to the recurrent neural network (RNN) family, named long
short-term memory neural network (LSTM) [5], which
filters current and look-back/past information of the input
data. The effectiveness of LSTMs is quite extensive in
several fields such as in acoustics [6]–[8], natural language
processing [9]–[11], biology and medicine [12]–[14], and
computer vision [15]–[17] among others. One particular
area of research, where LSTMs have been applied exten-
sively, is finance and algorithmic trading [2], [18]–[23].

An additional line of challenge in building real online
machine learning experimental protocols is the devel-
opment of dynamically-adjusted NNs that are suitable
for short training based on fewer training epochs. To
address the challenge of creating real online forecasting
models following the RNN architecture we have to better
understand the internal computational processes of their
cells, such as the LSTM cell. The LSTM cell is a wrapper
system that contains several gates and states that filter the
input vector(s). These gates and states are combinations of
activation functions that act as the source of information
for the next LSTM cell. The order of these calculations
is fixed, stale during training/learning, and their position
within the cell is not justified by any specific metric. That
means that the LSTM cell and the LSTM NN in general
exhibit a static behavior against a dynamic and ultra-
fast trading environment. A critical question is whether
autonomous and dynamic cell intervention yields superior
and more computationally efficient results.

In this paper, we tackle these challenges by presenting
a truly dynamic and shallow NN topology, achieved by
rearranging and selecting the optimal LSTM cell’s final
output online. This is accomplished by online evaluation
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of the importance of the internal gates and states. This
internal within-the-LSTM-cell feature importance mecha-
nism has been developed around two critical components:
a simple optimization method that follows the gradient
descent (GD) learning algorithm and a non-forecasting
supervised regression problem that has similar but not the
same targets/labels as the main objective of our experi-
mental protocol. The GD method and the non-forecasting
supervised regression problem are combined internally and
the optimized outcome is passed to the next LSTM cell.
Since we capitalize on the existing LSTM cell architecture
without adding, removing, or changing the core LSTM cell
calculations, we name our cell architecture as Optimizable
Output LSTM (OPTM-LSTM) cell.1

The rest of this paper is organized as follows. In
Section II, we expand on related work about different RNN
formations. In Section III, we provide the technical details
of the OPTM-LSTM cell and in Section IV we provide
the experimental details and the comparative performance
results. Section V , summarizes our findings and discusses
limitations and future lines of research.

II. RELATED WORK

So far, RNNs, including LSTM NNs with various topolo-
gies, have been widely used in LOB research for a range
of forecasting tasks. Specifically, [26]–[29] have employed
RNNs, alongside other ML and DL techniques, for pre-
dicting mid-price movements. The capability of RNNs to
accurately forecast future ask and bid movements has been
emphasized in [30]. The predictive performance of LSTMs
was further improved by integrating an attention mecha-
nism, as detailed in [31]. Additionally, earlier [32] merged
LSTMs with an attention mechanism for forecasting stock
price jumps. More recently, LSTMs have been adopted for
devising market-making strategies, as shown in [33].

The LSTM cell architecture is based on a pre-defined
sequence of operations that were set based on ad-hoc
assumptions about the ordering of the internal calcula-
tions, the number of gates/states, and the cell’s output
information. This is a common approach for other RNN
variants such as standard recurrent cells, gated recurrent
units (GRU), and several other LSTM variants. Outside
the HFT LOB universe, only a limited number of stud-
ies have adjusted the internal gates in accordance with
the information flow, albeit with some shortcomings. In
one study, over ten thousand RNN architectures were
evaluated, revealing that a combination of certain cal-
culations, similar to GRU development, yielded slightly
better performance compared to the standard LSTM NN
[34]. However, their results are not suitable for HFT LOB
forecasting tasks. The extensive topological grid search
is time-consuming until a suitable sequence and type

1The coding part is based on TensorFlow [24] and Keras [25] libraries
and our code can be found at
https://github.com/DeQmE/OPTMLSTM/tree/main.

of linear algebra calculations have to be used. Another
problem is that the re-arrangement or the elimination of
the RNN’s gate(s) is not directly connected to the final
objective(s). That means that the RNN’s weights will be
updated first on the full batch (or mini-batch) sequence and
then a different architecture will be tested. On a different
note, variants of RNN cells that exhibited good predicting
performance have been suggested, but their architecture
remained unchanged when the training process started. For
instance, [35] suggested three simplified LSTM cells with
similar or better performance to the original LSTM cell
structure. In the same fashion, [36] and [37] proposed
modifications to the most important LSTM’s cell gates.
Lighter RNN cells are also suggested in [38]–[42].

More complicated structures were also proposed. For
instance, in [43], an additional term was attached to several
internal LSTM gates, known as peephole LSTM NN.
Other variants of such complicated cells can be found
in [44]–[49]. Few additional RNN variants exist, such
as bidirectional LSTM, which were utilized effectively in
[50] for predicting the open, high, low, and close stock
prices. Similarly, bidirectional LSTMs architectures were
employed for daily stock price forecasting in [51] and
[52]. An additional line of research of LSTMs is their
use as hybrid models. There are several examples, such as
[53], [54], [55], and [56] that combined with convolutional
neural networks (CNN) for the task of stock price forecast-
ing. These models, despite their forecasting efficacy, are
not agile in terms of high-paced information flow analysis
since the cells remain stale during the training process and
are disconnected from their predicting task.

One common approach for the training process is the
use of gradient-based optimizers such as the Adam opti-
mizer that has O(N) computational complexity per itera-
tion, where N is the number of parameters. This makes it
apt for large-scale, high-dimensional models, facilitating
rapid convergence critical for processing high-frequency
trading data [57]. Authors in [58] suggested an alternative
to gradient-based optimization methods based on Particle
Swarm Optimization (PSO). Despite the effectiveness of
this approach, the PSO algorithm exhibits a computational
complexity of O(M × F ), where M denotes the number
of particles and F the complexity of the objective function
evaluation. This presents a significant challenge in terms of
trade execution within the context of ultra-high frequency
data. This challenge is corroborated by findings in broader
optimization literature, where PSO’s performance is sen-
sitive to factors like swarm size and function complexity,
see [59], [60].

III. PROPOSED METHOD

The dynamics of HFT LOB is ultra-fast, and therefore, the
LSTM NN needs to be ready to identify, in a fraction of
a second, these dynamics and provide the most optimized



3

suggestion/information. This we aim to tacle by improve-
ing the original mechanics of the LSTM cell. The cell, as
part of the LSTM NN, so far has been over-engineered,
either by adding or removing complexity in terms of the
number and order of its internal states and gates. For
this reason, we propose a real data-driven and adaptive
LSTM cell architecture, named OPTM-LSTM cell, that is
different from the existing RNN cell mechanism in two
key areas:

• LSTM’s cell gates and states are treated as features
and we measure their ability to handle the online
information flow via an internal feature importance
mechanism. More specifically, the LSTM cell is
equipped with this internal within-the-cell feature im-
portance mechanism which acts as a non-forecasting
supervised regression problem. That means that this
non-forecasting supervised regression relies on labels
that represent the current observable LOB’s mid-price
and act as an indicator for the importance of the
internal LSTM’s cell gates and states. The indicator
will attach trained weights, via the GD learning
algorithm, to every LSTM’s cell internal gates and
states.

• The indicator mechanism, which is an internal block
within the LSTM cell, operates based on labels that
represent the current observable LOB’s mid-price. By
this way, the OPTM-LSTM cell is equipped with a
robust internal instructing method that is connected
to the overall forecasting objective. In other words,
this instructing method is using a lagged version of
the labels that are utilized in the actual prediction
problem. Therefore, we have two supervised regres-
sion problems: the first one is part of the indicator
mechanism within the OPTM-LSTM cell to optimally
select the best gate and the other one a part of the
actual forecasting problem, which, in our case is the
prediction of the next LOB mid-price.

This way, we do not add or remove any arbitrary calcu-
lations within the LSTM cell but instead, we capitalize
on its existing formation. Thus, we can train fast without
any extensive grid search calculations. The cell will be
updated constantly by every incoming trading event with
the present mid-price. That means that the internal gates
and states will be evaluated according to the GD method
with respect to the mean squared error (MSE) and this
mechanism will measure the importance of gates and
states. Before diving into the method’s specifics, let’s first
define the LSTM cell and provide background information
regarding its learning and training processes.

In Fig. 1 we can see that every LSTM cell considers
only one time-step input. An example of this input can be
just the present full LOB level data (i.e., the continual
operation of a minimal time-step input length) or the
current and previous full LOB levels data (i.e., a sliding

window based on larger historical input LOB data). These
time-step inputs are sequential order book events of a
specific length and we can call it a look-back period. The
look-back period will determine whether the number of
sequential LSTM cells can retain any useful information
in their memory. The LSTM’s cell memory is based on
nine components, four internal gates, four states, and one
input feature vector, which are:

• ft ∈ R1×U , forget gate
• it ∈ R1×U , input gate
• c̃t ∈ R1×U , cell input gate
• ot ∈ R1×U , output gate
• ct ∈ R1×U , cell state
• ht ∈ R1×U , hidden state
• ht−1 ∈ R1×U , previous hidden state
• ct−1 ∈ R1×U , previous cell state
• xt ∈ R1×D, input vector,

where the first dimension of the tensors above represents
the current or the previous time-step of the look-back
period, U are the number of LSTM units (e.g., under
the TensorFlow framework), and D the number of input
features. We also include the bias terms bf , bi, bc̃, and b0
∈ R1×U (which are activated by default in TensorFlow).
Each of these gates and states represents the following
transformations:

ft = σ(Wf xt + Uf ht−1 + bf ) (1)

it = σ(Wi xt + Ui ht−1 + bi) (2)

c̃t = tanh(Wc̃ xt + Uc̃ ht−1 + bc̃) (3)

ot = σ(Wo xt + Uo ht−1 + bo) (4)

ct = ft ⊙ ct−1 + it ⊙ c̃t (5)

ht = ot ⊙ tanh(ct), (6)

where σ is the sigmoid function, tanh is the hyperbolic
tangent function, the recurrent weights Wf , Wi, Wc̃, Wo,
Uf , Ui, Uc̃, and Uo are multiplied with their corresponding
input xt and previous hidden state ht−1 vectors based
on the dot product algebraic operation, and finally, the
⊙ algebraic operation is the Hadamard product. The first
dimension of the tensors represents the input time-step,
which in our case will be one, otherwise it will be equal
to the selected batch size. We need to mention here the
importance of the relationship between the batch size and
the look-back period in an online learning experimental
protocol. The batch or mini-batch setting updates the
NN weights with a lag equal to the length of the look-
back period and this creates several contradictory facts
about the online training scenarios. These scenarios are
the sliding window or the continual learning approaches.
More specifically, if the length of the look-back period
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Fig. 1: LSTM Cell: This is a three-dimensional interpretation of the core LSTM cell operations. There are four internal
gates: ft, it, c̃t, and ot. Moreover, there are previous states, ct−1 and ht−1, and next states, ct and ht. There are three
input tensors and these are: the feature vector xt ∈ R1×d, which represents just one time-step of the look-back period
and the full range of the feature space, the previous LSTM cell output ht−1 ∈ R1×U , where its dimensions stem from
the previous time-step and the number of LSTM units (the units are based on Tensorflow’s notation where the ML user
usually selects 8, 16, 32, 64, 128, 256 or 512 units), and the third input is the previous cell state ct−1 ∈ R1×U with a
similar dimension profile as the previous hidden state ht−1. Note: The LSTM cell is designed in a three-dimensional
space. More specifically, every gate and state are presented as three-dimensional tensors but this is only for convenience
to demonstrate the different building blocks. In reality, these are two-dimensional tensors with a batch size of 1.

is selected based on some experimental criteria and not
randomly, then the batch or mini-batch size will be less
important and only then the attention will be paid to the
topology of the LSTM NN. This is the main motivation
that enables us to scrutinize the LSTM cell topology under
an online continual learning protocol.

The main idea of our OPTM-LSTM cell is to enable
the ML trader to focus only on the selection of the look-
back period and discard the selection of the batch or
mini-batch size per training iteration. This can happen
by creating a dynamically adjusted LSTM cell that can
capitalize on its existing internal gates and states and
process the information flow without any lags. In Fig.
2 we see an overview of the OPTM-LSTM cell. This
cell contains the same number of gates and states as
the original LSTM cell with the only difference that just
before the generation of the two output tensors, which
are hidden states and cell states at time t, we employ a
feature importance mechanism based on an internal non-
forecasting supervised regression which acts as a feature
importance indicator. The indicator considers only the
current and already known mid-price and it will highlight
the most important feature among ft, it, c̃t, ot, ct, and
ht. This mid-price will be the label/target for the internal
non-forecasting supervised problem and it will define the
importance/order of the LSTM’s cell states and gates. This
importance mechanism is utilizing the GD as the learning
weights optimizer.

The internal supervised problem is not a forecasting
problem but a calibration problem. That means that the
provided labels represent the current LOB mid-price. This

approach offers a robust calibration of the feature reposi-
tory (or else Feature Repo in Fig. 2) selection mechanism
based on GD. The GD learning algorithm will converge
after a few iterations (we tested that seven to ten iterations
suffice) with the input data vector being the current full
LOB data state. The feature repository then extracts the
best gate or state and this will be the final/optimal output
named hidden state ht. The cell state ct stays intact. We
observed that the replacement of the cell state ct by the
second most important feature according to the MSE score
did not exhibit significant improvements to the overall
overall regression objective outside the OPTM-LSTM cell,
which, in our case, is the prediction of the next mid-price.

A closer look inside the feature repository (Feature
Repo) block can be seen in Fig. 3. The Feature Repo block
contains several critical components which are:

• the collection of the six internal gates and states,
• the gradient weights which are updated based on the

GD learning algorithm,
• the labels that reflect only the current mid-price for

non-forecasting regression problem,
• and the input time-step tensor xt.

The combination of these components will highlight which
state or gate is the most important feature by averaging
the highest price in terms of the learned weights per
internal gate or state. We need to mention that the GD
weights are not part of the backpropagation through time
training method (BPTT) - the mechanism that optimizes
the LSTM’s trainable parts Wf , Wi, Wc̃, Wo, Uf , Ui, Uc̃,
and Uo - see Appendix for a detailed derivation of the
BPTT process.
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Fig. 2: OPTM-LSTM Cell: The optimizable output LSTM cell mirrors the LSTM prototype in the number of internal
gates, states, and outputs. The key difference is that before releasing the hidden and cell state tensors, we group all
internal gates and states, perform a feature importance calculation using a non-forecasting supervised regression task,
and select the most important feature based on the lowest MSE. The graph omits biases to avoid visual clutter. Note:
The OPTM-LSTM is designed in a three-dimensional space, with gates and states as three-dimensional tensors for
illustrative purposes, but in practice, they are two-dimensional tensors with a batch size of 1.

Fig. 3: From left to right: The Feature Repo, a component of the OPTM-LSTM cell, determines which state or gate
replaces the default LSTM cell output. It operates in three stages: first, the GD method processes features (LSTM
cell states and gates) and the known mid-price as a non-forecasting label, using matrix multiplications and vector
differences. After iterations, GD converges, producing an importance vector of learned weights, stored for the next
phase. In the second phase, outside the GD algorithm, the importance vector provides weights for each LSTM state
and gate, with each having 1×U weights. By averaging these, we identify the most important state or gate. In the final
stage, the OPTM-LSTM replaces the default ht state with htnew , which may be ft, it, c̃t, ot, ct, or ht, while the final
cell state ct remains unchanged, as replacing it yielded no significant forecasting improvements. Note: The Feature
Repo is designed in a three-dimensional space, with gates, states, gradient weights, labels, and importance vectors as
three-dimensional tensors for illustration, but in practice, they are two-dimensional tensors with a batch size of 1.
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The mechanics of the Feature Repo block are expressed
mathematically based on the following three steps:

1) For the input xt ∈ R1×D, where the first dimension
represents the batch size and D the number of input
features (e.g., current LOB state) and U the number
of hidden units, we concatenate all the internal
LSTM gates and states which are ft, it, c̃t, ot, ct,
and ht, in one vector rt ∈ R1×C , where C = 6 × U
is the total number of the most recently calculated
internal gates and states in relation to the number of
hidden units, as follows:

rt = [ ft | it | c̃t | ot | ct | ht]. (7)

2) For the non-forecasting label yt ∈ R1×1 that
represents the present and already known mid-price
and the vector rt the iterative process of the GD
algorithm unfolds, as described in Algorithm 1 with
the parameter θ ∈ RC×1.

Algorithm 1 Online Gradient Descent Algorithm

Require: Learning rate α, number of iterations I , initial
parameter θ, non-forecasting labels yt

1: for i = 1 to I do
2: Compute the predicted labels ŷt = θT · rt
3: Compute the error = ŷt − yt
4: Compute the gradient ∇J(θ) = 2 · (rTt · error)
5: Update the parameter θ ← θ − α · ∇J(θ)
6: end for

Ensure: The optimized parameter vector θ

3) The trained parameter θ is the Importance Weights
Vector or IWV (see Fig. 3) and it will be partitioned
based on the six gates and states. Each of the
components of this partition represents one of the six
gates and states with respect to the number of hidden
units U . We then calculate the average importance
per component AIc, as

AIc =
1

U

c×U∑
j=(c×U)−(U−1)

IWVj , (8)

where c =1, 2, 3, 4, 5, 6 and then we select
the component with the highest AIc value. This
component will be the optimum output (or htnew

)
of the OPTM-LSTM cell.

A. Complexity

The LSTM cell is very efficient in terms of time and
space complexity. More specifically, the LSTM cell is
local in time and space, which means that every update
per timestep is independent of the input sequence length.
LSTM’s cell time and space complexity per timestep is
O(W) where W is the number of its parameters and it is
equal to W = 4×U2+4×U × I+U ×O+3×U , where
U is the number of hidden cells, I is the number of input

units, and O is the number of the output units. The newly
introduced OPTM-LSTM cell contains, in terms of com-
putational complexity, an additional term that represents
the GD’s online updates. As a result, OPTM-LSTM’s time
and space complexities are equal to O(W +N ×D) and
O(W +N), respectively, where D = 6× U and N is the
number of input sample points.

The input sample points are based on a two-dimensional
tensor with dimensions equal to the number of hidden cell
units × the six gates/states for the first dimension and
the number of LOB features for the second dimension.
An additional critical point is that GD’s complexity anal-
ysis is based on a batch size with a single item since
the OPTM-LSTM performs online reading of the input
data. An additional consideration for the OPTM-LSTM
complexity analysis is the complexity (time and space)
of the backward pass, which is based on the BPTT (see
Appendix) and has O(N2 × L) and O(N × L) time and
space complexities, respectively, with N being the number
of network units and L being the full timestep length. The
BPTT is clear from the GD step since the Feature Repo
block (see Fig. 2) is not participating in the backward
learning process.

B. Motivation

Now that we have a deeper understanding of what the
OPTM-LSTM does, we will provide the motivation behind
the development of the optimizable output LSTM cell.
Two key components led us to the creation of the OPTM-
LSTM, one is theoretical and the other one is practical:

• Theoretical: The main advantage of the LSTM archi-
tecture is to retain the provided information and delay
(or avoid) the vanishing and exploding gradients. If
we want to reduce even further the probability of
the vanishing (or exploding) gradients we have to
pay attention to the derivative of the cell state c̃ at
the trading event t (see Eq. 38 in Appendix) which
contains the forget gate with a range between 0 and
1. The vanishing and exploding gradient problem
refer to the case where the RNN/LSTM during the
BPTT process is governed by small or large derivative
elements – a process that is directly connected to the
length of the input sequence. As a result, the forget
gate just slows down [61], but does not eliminate
the vanishing of gradients phenomenon, where the
rest of the cell state’s gradients are responsible for
the exploding gradients. There are always methods
that can hold the gradients within boundaries (e.g.,
gradient clipping [62] or restricted initialization [63]),
but these methods are not native to the LSTM cell
and further experimental calibration is required. The
OPTM-LSTM by shuffling strategically LSTM’s cell
final output delays (or avoids) even further the pos-
sibility of uncontrolled gradients.
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• Experimental: While investigating the information
filtering of the internal gates and states of an LSTM
cell, we found that they exhibited a remarkable
characteristic with respect to their importance. By
extracting the internal states and gates from their
LSTM cell per trading event and treating them as
trained features, we noticed a constant feature im-
portance alternation while trying to forecast LOB’s
mid-price target price in an online manner. More
specifically, we extracted LSTM’s cell components
and we considered them as trading signals. Instead
of relying on the full input feature vector length, we
performed a feature importance approach based on
the GD learning algorithm. The result was that the
feature importance frequency alternation was constant
and independent of the stock profile. Based on that
evidence, we developed the Feature Repo block (see
Fig. 3) within the existing LSTM cell.

IV. EXPERIMENTS

In this section, we present details and performance re-
sults of the OPTM-LSTM cell based on an online HFT
forecasting experimental protocol. In this protocol, we
predict the next value of the mid-price. The OPTM-LSTM
competes against several key RNN-based and temporal-
based developments such as standard LSTM, bidirectional
LSTMs, LSTMs with an attention layer2, GRUs, a hybrid
model combining LSTM and CNN, Temporal Convolu-
tional Networks (TCN) [64] and Bootstrap Fast Ensemble
Empirical Mode Decomposition LSTM Twin Support Vec-
tor Regression Seeker Optimization Algorithm (BFEEMD-
LSTM-TWSVRSOA) [69] adjusted for our financial time
series forecasting task. Finally, we use four benchmark
models such as naive/baseline regressor, the persistence
model that predicts the next mid-price value to be the same
as the current value, autoregressive integrated moving
average (ARIMA) model and Error, Trend, and Seasonality
(ETS) model. Our aim is to compare a broad range of
common RNN variants from the literature, applicable to
our online forecasting regression task.

The motivation of this extended experimental protocol
is to see if other deep learning models, like CNNs, are
capable of effectively dealing with the sequential nature
of our data. Additionally, the protocol seeks to determine
if these models can also understand the hierarchical order
of the input features, such as those found in LOB data,
if there is any. Note that it includes not only common

2The primary distinction between the Feature Repo Block and the
attention layer lies in their roles and applications with respect to the
LSTM gates (and states) and the time series data. More specifically, the
Feature Repo Block reorganizes the importance of the LSTM gates and
states, whereas the attention layer is applied directly on the time series
data. The main role of the Feature Repo Block is to select the optimal
LSTM gate (or state), while the attention layer is a broader technique for
focusing on different parts of input data across various neural network
architectures.

RNN architectures but also composite models, such as
the hybrid model. Considering the variability and noise
that LOB features may introduce, we also incorporated
Dropout layers into our experimental setup to mitigate
overfitting.

The experimental section unfolds as follows: Initially
we introduce some general concepts about the input data
based on HFT LOBs, and then we describe details of the
online experimental protocol and we conclude the section
based on tables with performance measures in terms of
MSE scores. We present MSE score results based on raw
data and two normalization settings, MinMax and Zscore –
two methods that are based on the minimum and maximum
values and zero mean and unit standard deviation per input,
respectively.

A. Naive baseline models

The naive baseline regressor is based on the idea that the
targets in the training set will be a constant value and
that value will be utilized for the MSE calculation for the
targets in the test set. The inputs to this naive model are
the full LOB data but they do not have any contribution
to the forecasting process. The second baseline model, so-
called persistence algorithm, is developed according to a
forecasting function that predicts that the next target price
is the same as the current target price St+1 = St, where S
represents the target price, which we call flat prediction.
The input values to this model will be just the mid-price
that we will formally define in the following section.

B. HFT LOB

LOB is a vital component for the ML trader that wants to
extract information about the interplay between liquidity
and price for both the ask and bid sides. Bid and ask
sides are divided into several price levels that change
asynchronously, and in this paper, we use the best 10 LOB
levels both side. In terms of the current trading activity, the
most aggressive prices are the best ask and bid prices that
form the so-called spread, which is the distance between
the highest bid and the lowest ask price. Averaging these
best ask and best bid prices we form the mid-price (MP),
which is an artificial indicator, but can be utilized as a
sensitive proxy on a price level for forecasting tasks. The
mid-price is extracted for every trading event. Formally,
the mid-price at trading event t can be calculated as

MPt =
PAt

+ PBt

2
, (9)

where MPt is the mid-price at the trading event t, PAt

and PBt
are the best ask and bid prices, respectively. A

critical point here is the perception of the trading event t.
More specifically, the time perception in the HFT space
should be avoided and instead, only the trading events
should be considered as measurements of sequential trad-
ing progression in an intra-day trading setting. This is due
to the time-frequency abnormalities in the HFT universe,
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that is trading events that arrive simultaneously or exhibit
extensive trading inactivity for several milliseconds. To
tackle these time irregularities we perceive every trading
event as independent information that is part of the LOB
inventory. LOB’s current ask and bid price levels and
their corresponding inventory states will be the forces
that will trigger the changes in the OPTM-LSTM output
information. That information will be utilized to predict
the next mid-price at the trading event t+ 1.

C. Experimental Protocol and Datasets

Our experimental protocol aims to forecast the next LOB
mid-price using tick-level HFT data without information
lag, treating it as an online regression task that processes
every trading event in the LOB without data sampling,
relying solely on the latest LOB state. Within the OPTM-
LSTM cell, an additional automated non-forecasting re-
gression task ranks the importance of internal gates and
states, while the ML trader focuses on the forecasting task.
The protocol uses HFT LOB datasets from NASDAQ’s
ITCH protocol, which ensures ultra-low latency and ad-
vanced visibility, covering two high-liquid US stocks
(Amazon, Google) for the first two trading months of
2015 and two less-liquid Nordic stocks (Kesko, Wartsila)
from June 1 to July 31, 2010. To prevent memory loss
from decimal points, LOB price levels were multiplied by
10,000.

We implement a progressive training scenario using
up to 20,000,000 trading events for high-liquidity US
stocks and 5,000,000 for less-liquid Nordic stocks, each
representing about two months of trading data, as model
performance typically plateaus or declines beyond these
sizes with ultra-high frequency data. For testing, we use
1,000 trading events, evaluated progressively, as their
duration varies from simultaneous arrivals to events up
to eight minutes apart. In this framework, each of the
1,000 testing events becomes the latest training event for
the next forecasting step, with the training set sequentially
absorbing each new testing event. Testing performance is
assessed by averaging a sequentially-stored MSE score at
the end of the testing period.

The performance results of the models stem from a
comprehensive grid search of topology and hyperparam-
eters to optimize MSE scores. The search was capped
at four hidden layers for the prototype LSTM, LSTM
with attention, bidirectional LSTM, GRU, and LSTM-
CNN hybrid models, and two hidden layers for the OPTM-
LSTM model, due to the extensive topological grid search
required in an HFT setting for the five RNN competitors.
The grid search included various combinations of hidden
units, optimizers, Dropout levels, look-back periods, and
batch sizes. For OPTM-LSTM, limitations were based on
achieving a lower MSE score than the five RNNs, using an
early stopping mechanism. We report in detail the optimal
topologies in Section IV-D.

The results reported progressively based on several data
size scenarios The motivation for this type of perfor-
mance reporting is that HFT requires ultra-fast data di-
gestion/learning and we need to know what is the optimal
minimum data size per model. Based on the concept of
ultra-fast data digestion/learning we provide an additional
layer of reporting which is related to the number of
training epochs and we name them Long Training, which
corresponds training up to 60 epochs, and Short Training,
which corresponds training up to five epochs. The Long
Training and the Short Training settings will give us an
insight into every model’s behaviour with respect to data
requirements and learning time.

Finally, to evaluate the effectiveness of the OPTM-
LSTM model, we present MSE scores derived from
raw data across various data size scenarios and two
normalization settings, MinMax and Z-score. These are
tailored to specific and crucial data size scenarios for
MSE performance. The evaluation considers two distinct
input feature sets: the first set includes the complete LOB
data comprising 40 features, which encompasses both
ask and bid price levels along with their corresponding
volume levels; the second set focuses solely on the mid-
price. These two different features groups are suitable for
employing two naive regressors such as the naive/baseline
regressor based on the full LOB data input and the
persistence algorithm based only on the mid-price for a flat
tick-by-tick forecasting comparison against the five RNN
competitors and the OPTM-LSTM model. We conclude
our experimental setting with a self-comparison of the
OPTM-LSTM performance. That means that we compare
the Long Training with the Short Training MSE scores
for our model and check its ability to learn fast and based
on smaller datasets. We complement our result tables with
plots for a visual interpretation of our findings.

The motivation for these two progressive training set-
tings is to investigate whether the OPTM-LSTM cell
is robust across higher and lower trading volume stock
examples and also to check whether it provides better
performance compared to the other RNN developments.
Additionally, this two-phased experimental protocol aims
to address a critical question for the HFT ML trader: can a
small dataset, when trained over a high number of epochs,
compete with a larger dataset that has undergone less
training? The restrictions in the previous questions arise
because the HFT ML trader needs the fastest forecasting
ability, which corresponds to the point where the model’s
performance plateaus, along with the shortest possible
training time, which involves using the minimum optimal
data size. In simple terms, we want to cover the minimum
distance between the model’s performance, input data size,
and the number of epochs.
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D. Hyperparameters

We employ several competitors against our new cell and
we curate them based on a wide and fully-automated
topological grid search range. That means that we run
an extensive topological grid search for these models
and report the best candidates in terms of the lowest
MSE score. The reported models consider the following
as hyper-parameters: the depth which is limited to four
hidden layers, the number of hidden units that varies from
8 to 512, the type of optimizer (e.g., Adam, Nadam,
RMSProp, and Stochastic Gradient Descent or SGD), the
batch size which varies from 1 to 64, the use (or not)
of Dropout percentage (e.g., 0.20 or 0.50), and a look-
back period of 1, 5 or 10 past trading LOB states. Our
OPTM-LSTM model hyper-parametrization considers the
following, as hyperparameters: the depth is limited to two
hidden layers, the number of hidden units varies from 4
to 512, and the type of optimizer (e.g., Adam, Nadam,
RMSProp, and SGD). Our model considers a batch size
and a look-back period of 1. We need to mention that
the optimal models’ topologies are stock specific and that
can be seen in Table I below and Table IV in Appendix.
The five RNN models and the baseline/naive models can
be found in the tables as: ‘LSTM’ for the prototype
LSTM, ‘Attention’ for the LSTM with the attention layer,
‘Bidirectional’ for the bidirectional LSTM, ‘GRU’ for the
GRU RNN, ‘Hybrid’ for the hybrid LSTM-CNN model,
‘Baseline’ for the naive/baseline model based on the LOB
data input, and ‘Persistence’ for the persistence model
based on the mid-price as input.

We see that the OPTM-LSTM requires fewer building
blocks compared to its well-established competitors. The
effectiveness of the OPTM-LSTM cell is highlighted based
on the development of a two-phased experimental setting
that unfolds, as follows: the first phase, based on Short
Training with five epochs, our optimizable output LSTM
cell competes with the best candidate models (see Table
I below) via a progressive training process which incre-
mentally goes from 1,000 trading events up to 20,000,000
trading events for the two high-liquid stocks, Amazon and
Google, and from 1,000 trading events up to 2,000,000
trading events for the less-liquid Nordic stocks. The second
phase is based on Long Training with 60 epochs equipped
with an active Early Stopping mechanism, the same mod-
els, and the same progressive training process that goes
from 1,000 to 15,000 trading events for both sets of stocks.
3

3We conducted a grid search with over 2 million simulations per model
for four stocks, testing hyperparameters including up to four hidden
layers, seven neuron sizes, four optimizers, three dropout rates, three
look-back periods, and five batch sizes. Using the best topology for
each model, we performed further experiments under Long and Short
protocols, each repeated 10 times to calculate average performance,
totaling over 7,000 experiments for both protocols. This resulted in more
than 10 million experiments overall.

E. Results

We present our findings in terms of MSE scores for
different stocks in Table II – Table XIV (see Appendix).
For space economy, we present the case of Long ex-
perimental protocol for Google in Table II in the main
body (apart from the Short experimental protocol and
benchmark results that can be found in Appendix) of the
text and the rest of the stocks can be found in Appendix.
The tables are reported in the following order:

• Two MSE score tables for Short and Long protocols
(5 and 60 epochs) show data size scenarios using raw
LOB data for OPTM-LSTM and five RNN competi-
tors, highlighting the minimal sample length needed
for effective HFT model performance.

• Two multidimensional MSE score tables for Bench-
mark Training and Testing compare OPTM-LSTM,
two baseline models, and five RNN competitors,
using optimal minimal sample length, with LOB
data and mid-price inputs under MinMax and Zscore
normalization settings.

The new cell outperforms others across selected stock
examples, maintaining stable performance for most data
sizes in high-liquid and less-liquid stocks. For Amazon
stock, the Hybrid model occasionally neared OPTM-
LSTM NN’s performance despite significant MSE score
fluctuations, likely due to CNNs’ non-linear nature caus-
ing output sensitivity to input changes (see Table IV in
Appendix). In testing, OPTM-LSTM cell surpassed other
models in both low- and high-epoch protocols across all
stocks (see Tables II - XII in Appendix). Most models
plateaued before 20,000,000 trading events for high-liquid
stocks and 2,000,000 for less-liquid stocks.

OPTM-LSTM achieves lower MSE scores than com-
petitors by instantly detecting price or volume changes
via its optimizable output cell. Its simple topology, with
one hidden layer, few units, minimal look-back history,
and small batch size, supports efficient HFT ML trading.
Despite higher per-cell computational complexity than
prototype LSTM, OPTM-LSTM processes data as fast
or faster due to fewer training parameters from its look-
back period, layers, and units. Its internal optimization
and gate/state selection occur only in the forward step,
avoiding extra backpropagation costs as these parameters
are trained locally, bypassing the chained partial derivation
rule. Additionally, OPTM-LSTM’s lower MSE scores stem
from its ability to leverage LOB structure compared to
other RNNs. Each LOB time instance includes current and
past price and volume levels, with our experiments using
LOBs of 10 price levels (10 bid and ask price/volume
levels). The best levels, forming the mid-price, are more
informative than deeper levels, which may hold past data
and serve as a look-back period for OPTM-LSTM. While
other models access the same data, their fixed, pretrained
topologies may incorporate noise, limiting their effective-
ness.



10

TABLE I: Best-performing candidates based on a topological grid search for the US stocks.

Stock Model Topology Stock Model Topology

Amazon LSTM • LSTM layer with 32 units Google LSTM • LSTM layer with 32 units
• Dropout 50% • Dropout 50%
• Dense layer with 1 unit • Dense layer with 1 unit
• RMSProp optimizer • Adam optimizer
• Batch size of 32 samples • Batch size of 32 samples

LSTM • LSTM layer with 40 units LSTM • LSTM layer with 64 units
with • PReLU with • PReLU

Attention • Attention layer Attention • Attention layer
• Dense layer with 40 units • Dense layer with 32 units
• Dense layer with 1 unit • Dense layer with 1 unit
• Nadam optimizer • Nadam optimizer
• Batch size of 64 samples • Batch size of 64 samples

Bidirectional • Bidirectional LSTM layer with 32 units Bidirectional • Bidirectional LSTM layer with 32 units
RNN • Dense layer with 32 units RNN • Dense layer with 32 units

• Dropout 50% • Dropout 50%
• Dense layer with 4 units • Dense layer with 4 units
• Dense layer with 1 unit • Dense layer with 1 unit
• Adam optimizer • Adam optimizer
• Batch size of 32 samples • Batch size of 64 samples

GRU • GRU with 32 units GRU • GRU with 32 units
• Dense layer with 32 units • GRU with 32 units
• Dense layer with 1 unit • Dense layer with 32 units
• Adam Optimizer • Dense layer with 1 unit
• Batch size of 32 samples • Adam Optimizer

• Batch size of 32 samples

Hybrid • 1D Convolution layer with with 60 filters, 6 as kernel size Hybrid • 1D Convolution layer with with 60 filters, 6 as kernel size
• RelU activation function • MaxPooling1D
• LSTM layer with 64 units with Tanh activation function • LSTM layer with 64 units with Tanh activation function
• LSTM layer with 64 units with Tanh activation function • LSTM layer with 64 units with Tanh activation function
• Dense layer with 30 units with ReLU activation function • Dense layer with 30 units with ReLU activation function
• Dense layer with 10 units with ReLU activation function • Dense layer with 10 units with ReLU activation function
• Dense layer with 1 unit • Dense layer with 1 unit
• Nadam Optimizer • Nadam Optimizer
• Batch size of 32 samples • Batch size of 64 samples

OPTM-LSTM • OPTM-LSTM layer with 64 units OPTM-LSTM • OPTM-LSTM layer with 8 units
• Dense layer with 4 units • Dense layer with 4 units
• Dense layer with 1 unit • Dense layer with 1 unit
• Adam optimizer • Adam optimizer
• Batch size of 1 sample • Batch size of 1 sample

TABLE II: Google MSE scores under the Long experimental protocol.

Stock Size Model MSE - Train Stock Size Model MSE - Train Stock Size Model MSE - Train

Google 1,000 OPTM-LSTM 7.13393E+12 Google 2,000 OPTM-LSTM 1.95355E+13 Google 3,000 OPTM-LSTM 3.62966E+14
LSTM 1.92849E+13 LSTM 1.95598E+13 LSTM 3.69272E+14

Attention 1.94585E+13 Attention 1.95592E+13 Attention 3.69269E+14
Bidirectional 1.94585E+13 Bidirectional 1.97603E+13 Bidirectional 3.69270E+14

GRU 1.94583E+13 GRU 1.96591E+13 GRU 3.69269E+14
Hybrid 5.15419E+13 Hybrid 6.22681E+13 Hybrid 6.43307E+14

4,000 OPTM-LSTM 2.18488E+14 5,000 OPTM-LSTM 2.70888E+14 6,000 OPTM-LSTM 1.80689E+14
LSTM 2.86598E+14 LSTM 2.37052E+14 LSTM 2.04031E+14

Attention 2.86591E+14 Attention 2.37038E+14 Attention 2.03984E+14
Bidirectional 2.86589E+14 Bidirectional 2.37032E+14 Bidirectional 2.03993E+14

GRU 2.86549E+14 GRU 2.37033E+14 GRU 2.03987E+14
Hybrid 7.24462E+14 Hybrid 1.12468E+15 Hybrid 1.36507E+15

7,000 OPTM-LSTM 1.67232E+14 10,000 OPTM-LSTM 1.13227E+14 15,000 OPTM-LSTM 5.04511E+13
LSTM 1.80438E+14 LSTM 1.37966E+14 LSTM 1.16907E+14

Attention 1.80375E+14 Attention 1.37812E+14 Attention 8.07426E+13
Bidirectional 1.80392E+14 Bidirectional 1.37815E+14 Bidirectional 1.10559E+14

GRU 1.80364E+14 GRU 1.37761E+14 GRU 1.70163E+14
Hybrid 1.89508E+15 Hybrid 1.99974E+15 Hybrid 2.19058E+15

Stock Size Model MSE - Test Stock Size Model MSE - Test Stock Size Model MSE - Test

Google 1,000 OPTM-LSTM 1.02565E+15 Google 2,000 OPTM-LSTM 2.21936E+13 Google 3,000 OPTM-LSTM 2.42504E+13
LSTM 1.04581E+15 LSTM 1.05493E+15 LSTM 3.93302E+13

Attention 1.05495E+15 Attention 1.05495E+15 Attention 3.93206E+13
Bidirectional 1.05495E+15 Bidirectional 1.05495E+15 Bidirectional 8.93262E+13

GRU 1.05494E+15 GRU 1.05493E+15 GRU 3.69269E+14
Hybrid 1.03878E+15 Hybrid 1.14449E+15 Hybrid 1.33994E+15

4,000 OPTM-LSTM 6.48726E+12 5,000 OPTM-LSTM 7.15408E+12 6,000 OPTM-LSTM 1.67019E+12
LSTM 3.93236E+13 LSTM 3.92020E+13 LSTM 3.91175E+13

Attention 3.93125E+13 Attention 3.91765E+13 Attention 3.90502E+13
Bidirectional 3.93107E+13 Bidirectional 3.91813E+13 Bidirectional 3.90623E+13

GRU 3.93068E+13 GRU 3.91734E+13 GRU 3.90501E+13
Hybrid 1.33515E+15 Hybrid 4.39233E+14 Hybrid 9.10956E+14

7,000 OPTM-LSTM 2.64051E+12 10,000 OPTM-LSTM 3.48733E+11 15,000 OPTM-LSTM 1.74703E+09
LSTM 3.90955E+13 LSTM 3.90843E+13 LSTM 3.90295E+13

Attention 3.90155E+13 Attention 3.88844E+13 Attention 2.17723E+13
Bidirectional 3.90497E+13 Bidirectional 3.88841E+13 Bidirectional 3.01027E+13

GRU 3.90018E+13 GRU 3.88263E+13 GRU 3.94140E+13
Hybrid 2.82755E+14 Hybrid 1.38452E+15 Hybrid 1.46894E+15
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We also noticed that while LSTMs mitigate rapid gra-
dient vanishing, they remain at risk (see Eq. 5). De-
termining the optimal look-back period is challenging,
but OPTM-LSTM addresses this by processing the input
space in multiple dimensions, independent of batch size.
It focuses on the current LOB state, discarding prior
timesteps, updating each batch (size 1) based on present
LOB supply and demand, thus reducing vanishing gradient
risks. Consequently, backpropagation treats each OPTM-
LSTM cell as an independent neural network, not part
of a chain rule calculation. Another observation is that
all RNN models, including OPTM-LSTM, are sensitive to
higher mid-price variance. For Google stock, Figures 1 and
2 (Appendix) show higher MSE scores for 2,000–3,000
data samples compared to Amazon, where Figures 3 and
4 (Appendix) indicate better performance for the same
sample size. This results from short data size and mid-price
variability. Google and Amazon have mid-price variances
of 7.37E+14 and 5.78E+12, respectively, for 3,000 samples
without transformation. For 5,000 samples, variances are
2.03E+14 (Google) and 5.66E+12 (Amazon), reflecting a
72% and 2% variance drop, respectively. Variance impacts
model performance during training, particularly for shorter
trading horizons and smaller samples, with Google’s 72%
lower mid-price variability (and similar LOB price level
variance) affecting model testing.

Next, Tables III, VI, VIII, IX, and XII (Appendix) show
MSE scores for OPTM-LSTM NN versus two baseline
methods and five RNN models under two normalization
settings and raw data. OPTM-LSTM maintained stable
performance, as seen in Short (five epochs) and Long
(60 epochs) training protocols, and outperformed the
baseline models. A smaller-scale topological grid search
was conducted for all RNN and OPTM-LSTM models.
Among Raw, MinMax, and Zscore input settings, Zscore
was the most challenging, with models showing close
performance, but OPTM-LSTM excelled. Its adaptability,
driven by an internal gradient descent method with a fixed,
adjustable learning rate (e.g., 0.0001 for Google), enabled
superior results through hyperparameter tuning.

To confirm robustness, we ran all models 10
times with random initial weights, reported in Table
XIII (Appendix) for four stocks, including TCN and
BFEEMD-LSTM-TWSVRSOA performance. BFEEMD-
LSTM-TWSVRSOA underperformed in online forecast-
ing, likely due to TWSVR’s fixed regression and SOA’s
non-adaptive tuning, unlike the event-updating LSTM (Ta-
ble XIII, Appendix). Two additional baselines, ARIMA
and ETS, were included (Table XV, Appendix) to highlight
OPTM-LSTM’s forecasting strength. Experiments used
MinMax normalization to prevent feature dominance. To
assess performance consistency, we applied the Kruskal-
Wallis test on MSE scores across the four stocks, followed
by Dunn’s post hoc analysis for significant differences, as
per [65]. False Discovery Rate (FDR) control at a 0.005

p-value mitigated false positives. OPTM-LSTM showed
statistically significant MSE performance differences com-
pared to other models across all stocks, especially against
Hybrid and TCN (Table XIV, Appendix). The Kruskal-
Wallis test excluded BFEEMD-LSTM-TWSVRSOA due
to its consistently poor performance.

In the last part of our experimental analysis we com-
pared Short Training (five epochs) and Long Training (60
epochs) protocols, focusing on Google’s MSE scores by
data size (Fig. 9, Appendix). Higher epochs consistently
yielded lower MSE scores, with Amazon, Kesko, and
Wartsila showing similar trends. For ML traders with
capacity for 15,000 trading events and time for more
epochs, the Long Training protocol (60 epochs) is better
for forecasting. If time is limited but more data is available,
the Short Training protocol (five epochs) is preferable.
Training took approximately 0.4 seconds per epoch for
15,000 events on an NVIDIA Ampere A100 GPU. Fewer
epochs are vital in HFT for rapid decisions, and our results
show minimal performance loss with reduced epochs,
maintaining practicality for low-latency trading.

Finally, the forecasting performance of competitor mod-
els and two baseline models aligns with existing literature,
except for OPTM-LSTM, which outperformed them. Per
[42], the prototype LSTM is robust across diverse datasets,
and altering its topology (e.g., removing gates) does not
enhance performance - a trend seen in the five RNN
competitors. These RNNs showed performance patterns
similar to the baseline models across data sizes, normal-
ization techniques, and feature scenarios. The persistence
algorithm was notably reliable, mirroring findings in [66]
where it performed comparably to the prototype LSTM.
Similarly, [67] showed the prototype LSTM outperforming
the persistence algorithm.

F. Interpretations and Limitations

The OPTM-LSTM cell demonstrates superior forecasting
performance in HFT LOB mid-price prediction, consis-
tently achieving the lowest MSE scores across diverse
stocks and more than 33 training scenarios. For highly
liquid stocks like Amazon and Google, OPTM-LSTM
recorded significantly better MSE scores under MinMax
normalization, outperforming all models, including the
latest BFEEMD-LSTM-TWSVRSOA (see Table XIII -
Appendix). For less-liquid stocks like Kesko and Wart-
sila, OPTM-LSTM again maintained robust performance
with the lowest MSE scores across the entire lineup
of competitors. Specifically, OPTM-LSTM achieves MSE
reductions of 40.40% for Amazon (against Bidirectional
LSTM), 39.17% for Google (against GRU), 49.03% for
Kesko (against LSTM), and 12.38% for Wartsila (against
Attention LSTM) compared to the next best models (see
Table XIII - Appendix). These differences, statistically
significant in the majority of comparisons (see Table XIV
- Appendix), highlight OPTM-LSTM’s adaptability across
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data scales. Performance across training cycles further
underscores OPTM-LSTM’s superiority. On both shorter
(five epochs) training cycles under 18 different sample
lengths and longer (60 epochs) training cycles under
nine different sample lengths, OPTM-LSTM stabilizes
faster while achieving better results with lower MSE
scores for all four stocks. This efficiency stems from
OPTM-LSTM’s online learning protocol, which dynam-
ically recalibrates gates and states using a non-forecasting
regression task optimized via gradient descent. Unlike
static architectures (e.g., Attention LSTM’s fixed attention
or BFEEMD-LSTM-TWSVRSOA’s ensemble complex-
ity), OPTM-LSTM adapts in real-time to LOB volatility,
minimizing latency-critical for HFT. Economically, these
improvements enhance bid-ask spread capture, yielding
significant profits in high-volume tick-by-tick trading - a
critical edge in HFT’s nanosecond-driven environment.

Although our OPTM-LSTM cell offers better forecast-
ing performance in the online HFT universe there are a few
limitations that we need to mention. One limitation is the
restricted number of stocks and trading horizons. Despite
the fact that we utilized indicative examples of high-liquid
and less-liquid stocks we believe that a wider selection of
stocks will provide more insights into the behaviour of
the OPTM-LSTM model. Another limitation of our study
is the selected trading horizon. We limited the selected
number of trading events only when we realize a steady
decrease in the MSE score performance. Potentially, an
even lower MSE score could have been achieved by in-
corporating a larger trading horizon. Additionally, we aim
to model the high-dimensional LOB feature space and its
long-range dependencies between price levels, following
the Copula Variational LSTM architecture [70]. Build-
ing on this, future work could incorporate graph-based
approaches like Graph-Based Autocorrelation Preserving
(GAP-LSTM) [71] to capture spatial-temporal patterns.
Lastly, we believe that a more advanced optimization
method could be integrated as part of the OPTM-LSTM
cell.

V. DISCUSSION AND CONCLUSION

HFT LOB forecasting demands models that adapt in-
stantly to volatile market dynamics - a challenge not
fully met by existing architectures. We introduce the
OPTM-LSTM cell, a novel solution for online mid-
price forecasting. Unlike traditional LSTM models and
its recent variants, OPTM-LSTM incorporates a unique
internal non-forecasting supervised regression task, opti-
mized via gradient descent. This dynamically recalibrates
gates and states in real time. Given these OPTM-LSTM’s
rapid dynamics, its advantages in high-frequeny environ-
ments are significant. Its online learning-based protocol
enables faster performance stabilization in both shorter
(five epochs) and longer (60 epochs) training scenarios,
minimizing latency and allowing traders to exploit fleeting

arbitrage opportunities. Compared to existing models, such
as BFEEMD-LSTM-TWSVRSOA with its computation-
ally intensive ensemble structure, Attention LSTM with a
static attention mechanism, and Hybrid LSTM-CNN with
its reliance on convolutional layers, OPTM-LSTM is par-
ticularly well-suited for the event-driven dynamics of high-
frequency trading. The model is especially advantageous
in financial domains where reaction times are measured
in milliseconds, but it could also be applicable in other
time-critical fields such as telecommunications. On top of
its suitability for HFT environments, experimental results
show that OPTM-LSTM consistently achieves the lowest
MSE scores across all stocks compared to other models,
with statistical significance in the majority of comparisons
(Table XIV - Appendix).

The development of the OPTM-LSTM cell also opens
additional research avenues. For instance, the same internal
cell architecture can be extended to classification tasks.
Currently, the internal supervised regression problem is
directly connected to the final forecasting objective, which
is also a regression task. It would be particularly in-
teresting to explore classification scenarios as the cell’s
internal supervised problem and connect them to a final
classification objective. This work is classified as a narrow
artificial intelligence (AI) application. However, the same
cell architecture could be utilized in other forecasting
challenges, such as those in the M5 Competition [68],
which involves hierarchical and large-scale retail sales
prediction. The competition’s emphasis on hierarchical
time series forecasting, daily sales data, and the need to
account for external factors (e.g., promotions and holidays)
aligns well with the strengths of our model. We also
believe that our developments here can be applied to
other online tasks, including computer vision and fully
autonomous driving systems.
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