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Abstract

Artificial intelligence has become increasingly important in quantitative finance, but its
role in high-frequency trading (HFT) is distinct from its role in slower investment problems.
HFT operates on event-driven time scales where prediction horizons can be measured in
milliseconds or less, the information set is dominated by limit-order-book and message-flow
data, and model latency can directly affect economic value. This paper develops a compact
theoretical framework for understanding specialized Al in HF'T. We first trace the use of
neural-network and machine-learning methods in finance to research documented in the
early 1990s, while distinguishing this history from the later emergence of electronic and
high-frequency market making. We then examine the progression from statistical learning and
shallow neural networks to recurrent models, convolutional models, deep learning, attention
mechanisms, and reinforcement learning. A formal microstructure model is introduced in
which an AT system maps order-book state, order flow, market regime, and latency conditions
into a probability distribution over short-horizon price changes and an execution policy.
We analyze the economic value of Al through the interaction of predictive edge, latency,
transaction costs, adverse selection, model risk, and competition. We argue that the most
appropriate architecture for HF'T is not necessarily the largest model: specialized low-latency
models may dominate general-purpose systems when computational delay destroys the
value of a forecast. The paper also analyzes market-level effects, including liquidity, price
efficiency, volatility, strategic competition, and the possibility of an Al-driven speed and
information arms race. The objective is not to claim that AI universally improves trading
performance, but to provide a quantitative framework for determining when AI creates
genuine economic value and when apparent predictive performance disappears after costs,
latency, and competition.
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1 Introduction

Artificial intelligence and quantitative finance have developed alongside the increasing digitization
of financial markets. Neural-network applications in finance were already being systematically
studied in the early 1990s: a review of the literature from 1990-1996 documented substantial
neural-network research across financial prediction, classification, credit, and decision problems.
(Wong and Selvi, 1998) This establishes an important historical point: the use of Al-like statistical
learning in finance did not begin with modern transformers or large language models.
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High-frequency trading, however, is a more specific phenomenon. Its defining feature is not
merely the use of algorithms, but the combination of automated decision-making, electronic
market access, high event rates, and very short decision horizons. The modern HFT environment
developed later than the early neural-network literature. Consequently, it is more accurate to
say that AT in quantitative finance can be traced to at least the early 1990s, while the specialized
combination of modern machine learning and HF'T emerged later as electronic limit-order markets
and high-frequency datasets became available.

This distinction matters because the economic problem changes dramatically with the horizon.
A monthly equity model can tolerate seconds or minutes of computation. An HFT strategy may
lose its opportunity if the model adds microseconds or milliseconds of latency.

Let x; denote the market state at event time ¢, including prices, queue sizes, order-flow
variables, and other signals. A conventional prediction problem is

Jern = fo(xt), (1)
where h is a short prediction horizon. In HF T, however, the economic objective is not simply
prediction accuracy. It is closer to

max E [gross alpha — spread costs — market impact — fees — adverse selection] , (2)
™

subject to a latency constraint.
We therefore propose the following principle:

AT value in HFT = predictive edge X economic persistence — implementation cost. ‘ (3)

The central thesis of this paper is that specialized Al can be valuable in HFT when it
extracts information from high-dimensional market state variables faster and more robustly than
competing methods, but the advantage is inherently relative: once many participants deploy
similar models, the informational edge can decay.

2 Historical Development

2.1 Al and quantitative finance before HFT

Neural networks became a significant research topic in finance before the current deep-learning
era. Wong and Selvi reviewed neural-network finance applications from 1990 to 1996 and
documented research across prediction, classification, and financial decision problems. (Wong
and Selvi, 1998)

The broader literature subsequently evolved toward statistical learning, support-vector
methods, tree ensembles, and nonlinear function approximation. A modern review of statistical
machine learning in quantitative finance describes the field as an interface between statistical
learning methods and financial models. (Ludkovski, 2023)

Thus a reasonable historical timeline is:

Period Broad development

1990s Neural networks and statistical learning in finance
2000s Electronic markets and algorithmic execution expand
2010s Large-scale market data and deep learning

Late 2010s Deep learning applied to limit order books

2020s Transformers, graph models, RL, specialized inference

This timeline should not be interpreted as a clean technological replacement sequence.
Classical econometrics, statistical learning, and neural networks remain complementary.



2.2 The HFT transition

The emergence of electronic limit-order markets created a new data environment. Instead of
observing only daily prices, researchers and practitioners could observe event-level messages:

{add, cancel, modify, execute}.

This generated a high-dimensional stream containing information about liquidity, queue
position, order-flow imbalance, and short-term market pressure.
The limit order book can be represented as

b1l b1 bK bK al al K oK
Lt: (pt77qt77"‘7pt7 7Qt 7p? 7qta 7"'7pg 7qta ):| (4)

The resulting problem is particularly suitable for machine learning because the mapping

Ly — PT(Apt+h > 0)

can be highly nonlinear.
Deep learning research on limit order books subsequently explored CNNs, LSTMs, CNN-
LSTM systems, attention, and other architectures. (Briola et al., 2020; Zhang et al., 2019)

3 Why HFT Requires Specialized Al

The defining constraint in HFT is that prediction is valuable only if it arrives before the
opportunity disappears.
Let

Tsignal

be the time at which a predictive signal becomes available,

Tdecision
the time at which the strategy decides,

Texecution

the time at which an order reaches the venue, and

Tmarket

the time at which the underlying opportunity changes.
A necessary condition for useful execution is approximately

Texecution < Tmarket- (5)

Define total system latency

T = Tfeed T Tfeature T Tmodel 1 Tdecision T Tnetwork T Texchange- (6)

The expected economic value of a signal should therefore be modeled as a function of latency:

V(7) = Elowy ] = O(7). (7)
Typically, for a short-lived signal,
oV
E < 0.

This makes model architecture an economic problem rather than merely an accuracy problem.



4 Limit Order Book Representation

The limit order book is the primary information structure for many HF T problems.
For level k,

bk bk ko ak
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A simple imbalance statistic is

K bk K k
I, = Dohe1 . — D1 Ot
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However, raw imbalance is only one feature. The book also contains spatial and temporal

structure.
Define event flow

(8)

Ft — ( Ftadd’ Ftcancel’ Ftexecute)‘
A specialized Al model can learn

2zt = fo(Li—m:ts Fr—m:t, Tt) 9)

and estimate

Po(Apitn | 2t). (10)

This representation can incorporate interactions between price levels and event sequences
that are difficult to specify manually.

5 Specialized AI Architectures

5.1 Multilayer perceptrons
An MLP computes

hit1 = O'(VVlhl + bl). (11)

Despite their simplicity, MLPs can be competitive for LOB prediction. Comparative research
has found cases where an MLP performed comparably to or better than more elaborate CNN-
LSTM architectures, highlighting that additional architectural complexity does not automatically
imply superior market modeling. (Briola et al., 2020)

This is particularly important for HF'T, where unnecessary complexity can increase latency.

5.2 Convolutional models

A convolution can extract local spatial structure across order-book levels:

hi=o| > Wizij+b]|. (12)

CNNs are useful when adjacent price levels contain related information.



5.3 Recurrent models

An LSTM maintains a hidden state

ht = LSTM(Q}t, ht—l)- (13)

This allows the model to represent temporal dependencies in order-flow sequences.

5.4 Attention and Transformers

Self-attention computes

.
Attention(Q, K, V') = softmax <Qj% ) V. (14)

Transformers can model long-range relationships in event sequences, but their computational
complexity and memory requirements can be problematic for latency-sensitive deployment.

Recent work has explored Transformer architectures specifically for LOB forecasting, including
models designed to capture both spatial and temporal dependencies. (Xiao et al., 2025)

5.5 Reinforcement learning

For execution, the problem can be written as a Markov decision process:
St = at — Tt4+1.

The optimal policy satisfies

7 = argmax E
™
t=0

T
> ytrt] . (15)
The action may represent:

a; € {buy, sell, cancel, wait, modify}.

AT can therefore be used not only to predict prices but to determine how and when orders
should be submitted.

6 A Specialized HFT AI Framework

We propose a conceptual architecture consisting of five layers:

Market Data — Microstructure Encoder — Short-Horizon Predictor — Execution Policy — Risk Controller.

(16)
Let
Tt = ¢micro(Lt7 Ft)

be a microstructure representation.
Then

2t = fo (%—k:t)

produces a latent state.
The predictor estimates



ﬁt = P(Apt—i—h >0 | Zt). (17)

The expected directional edge can be approximated by

[ E[Athrh | Zt]. (18)

A trade should occur only when

|Oét| > Cy + Mt (19)

where C} is expected trading cost and n; is a safety margin.
This prevents the common error of interpreting statistically significant prediction as auto-
matically tradable prediction.

7 Latency-Adjusted Alpha

Suppose the signal has initial expected value

Qag.

Assume its information decays exponentially:

aT) = age V. (20)

Then the net value is

V(r) = ape M = C. (21)

The signal is economically usable only if

apeM > C. (22)
Equivalently,
1 (&7s)
U (20). 23
T < h\ og C ( )

This provides a simple theoretical explanation for why model specialization matters.
A model that improves prediction but increases 7 sufficiently can have lower economic value.

Proposition 7.1 (Latency dominance). Consider two models with initial alpha a1 > ag > 0

and decay rate A > 0. If

are N < e M2,

then the model with lower initial predictive edge has greater latency-adjusted edge.

Proof. The inequality directly compares the expected surviving information at execution time.
Subtracting the same transaction cost from both sides preserves the ordering. O

The implication is straightforward:

‘More accurate 7 more profitable.

8 Al and the Economics of HFT

AT can affect HFT at several levels.



8.1 Signal extraction

AT can identify nonlinear patterns in:

order flow, queue dynamics, short-term volatility, cross-venue activity.

8.2 Execution

AT can choose between:

aggressive execution

and

passive execution.

The decision can be formulated as

a; = arg méxxE[U(a | s¢)]- (24)

8.3 Risk management

Al can estimate state-dependent risk:

ot = fo(Lt, Fy). (25)

A risk controller can then reduce exposure when uncertainty increases.

8.4 Anomaly detection

Unexpected order-flow states can be detected using reconstruction error:

Ap = [z — 24| (26)

Large values can indicate abnormal microstructure conditions.

9 Effects on Markets

The effect of Al is not limited to individual traders. When many agents use learning systems,
the market itself changes.
Let N agents have policies
Tl s TN-

Market dynamics become

Mt+1 :F(Mt,ﬂ'l,...,ﬂ']\[7€t). (27)

Thus a model trained under one market distribution may alter the distribution when deployed.
This is a form of strategic non-stationarity.

9.1 Liquidity

AT can increase liquidity if it improves market making and inventory management. However, if
many agents withdraw simultaneously under stress, displayed liquidity can disappear.



9.2 Price efficiency

If AT extracts previously hidden information, prices may incorporate information faster.
This can reduce predictable inefficiencies.

9.3 Volatility

The effect on volatility is ambiguous.

Adaptive trading can stabilize prices through faster information incorporation, but synchro-
nized strategies can amplify price movements.

Research using learning agents in limit-order-market models finds that HF'T can improve
information efficiency while also reducing liquidity, illustrating the possibility of simultaneous
benefits and costs. (Arifovic et al., 2022)

9.4 The speed arms race

HFT has historically involved competition over latency. As models become more sophisticated,
the arms race can shift from:

hardware speed

toward

hardware + data + model + execution.

This creates a new competitive frontier:

‘ AT advantage = information + inference + latency + execution.

10 The Limits of AI in HFT

A major danger is overestimating predictive accuracy.

Research using machine-learning methods on LOB data has also found settings in which
straightforward ML methods fail to extract sufficiently useful high-dimensional patterns for
profitable intraday trading. (Mangat et al., 2022)

This negative evidence is important.

Financial data are:

® NOisy,

e non-stationary,

e adversarial,

e highly endogenous,
e expensive to trade,

o affected by other agents.
Consequently, a model can achieve strong offline metrics while having no economically useful

edge.
The correct evaluation target is therefore not

Accuracy,



but

Net Alpha = Gross Alpha — Costs — Slippage — Impact — Latency Loss. (28)

11 Research Design and Backtesting

A credible HFT Al experiment should use event-time or precisely timestamped data whenever
possible.
The dataset should be divided chronologically:

Dtrain < Dvalidation < Dtest-

No future observations may enter:
e feature normalization,
e model selection,
e hyperparameter tuning,
e label construction,
e transaction-cost calibration,
e regime identification.

The final evaluation should remain untouched until the strategy is frozen.
Performance should include:

E[R, — R/]
Sharpe = —— 212 (29)
U(Rp - Rf)
Turnover = Z lwe — we—1]|y (30)
t
M; — P,
MDD = — . 1
max < - ) (31)

For HF'T, latency and execution simulation should be reported explicitly.

12 Hypotheses for Future Research

Hypothesis 12.1 (Specialization). For sufficiently short-lived signals, a smaller specialized
model with lower inference latency can outperform a larger model with higher predictive accuracy.

Hypothesis 12.2 (Regime dependence). The predictive value of LOB features varies materially
with market regime, volatility, and liquidity state.

Hypothesis 12.3 (Competition). As more agents deploy similar AI models, the marginal
predictive advantage of those models declines.

Hypothesis 12.4 (Execution dominance). For sufficiently short horizons, improvements in
execution latency can produce larger economic gains than comparable improvements in raw
prediction accuracy.

Hypothesis 12.5 (Market feedback). Deployment of Al strategies changes the market distribu-
tion used to train future Al strategies, producing a feedback loop between learning and market
structure.



13 Future Direction: Specialized AI Rather Than General Al

The most plausible near-term direction for HF'T is not necessarily general-purpose Al.
Instead, specialized systems may dominate because the task has strict constraints.
A specialized HFT model may use:

small latent state+quantized inference+optimized kernels+event-driven architecture+market-specific training

The model objective can explicitly include latency:

mein £prediction(9> + /\T((9> (32)

A Pareto frontier can then be defined between:

predictive quality

and

latency.

The optimal HFT model is not necessarily the point with minimum prediction error. It is a
point on the economic frontier.

14 Conclusion

The use of artificial intelligence in quantitative finance has roots extending back to at least
the early 1990s, when neural networks were already being applied and reviewed systematically
across financial problems. (Wong and Selvi, 1998) The subsequent rise of electronic markets and
high-frequency trading created a fundamentally different environment in which machine learning
could operate on event-level market data and limit order books.

Modern AI therefore represents an evolution rather than a sudden invention in quantitative
finance.

The central difference in HFT is the importance of specialization. A model is valuable only
if its predictive information survives the complete pipeline:

‘ data — feature extraction — inference — decision — execution. ‘

The economic value of Al can be summarized as

‘ Var = Qpredictive — Ciransaction — C'impact - C'latency — Cmodel risk- ‘

This equation captures the central lesson of the paper: Al does not create value merely by
making predictions more accurate. It creates value when those predictions are sufficiently timely,
robust, and distinct from competitors to survive the economics of the market.

The future of Al in HFT is therefore likely to be shaped by a combination of machine
learning, microstructure theory, low-latency engineering, and strategic interaction.

The ultimate research question is not:

Can Al predict prices?
but rather:

Can specialized Al extract economically actionable information before competing agents eliminate its value?

That is the quantitative question that matters.
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