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Financial markets are complex adaptive systems, 
shaped by:

•A large number of interacting agents — 
traders acting on diverse information, strategies, 
and timescales.
•Emergent collective behavior — where 

individual actions aggregate into patterns that 
are hard to predict.

To manage this complexity, modern exchanges 
rely on Limit Order Books (LOBs), which serve 
as dynamic structures organizing buy and sell 
orders in real time. These mechanisms are central 
to ensuring liquidity, price discovery, and 
market fairness.

Complexity in Finance



Finance and AI

Market Microstructure Automated Learning 
Modelling 

Price formation mechanisms

Asymmetric information 

Market anomalies like price 
jumps and flash crashes

Transaction costs and optimal 
order execution

Understand trading behaviour 
and liquidity dynamics

Linear Models & Regression: 
Early work capturing trends and 
correlations with interpretable models.


Non-linear Deep Learning Models:

Includes CNNs, LSTMs, Transformers, 
and hybrid architectures.


Reinforcement Learning for 
Trading:


Focuses on decision-making and 
execution strategies.
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Sirignano & 
Cont (2019) 

Universal 
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Book 
Dynamics by 
Deep Neural 

Networks

Tsantekidis 
et al. (2017) 

Forecasting 
Stock Prices 
from the Limit 
Order Book 
using CNNs

Kercheval & 
Zhang (2015) 
Early ML (SVM, 

RF) for LOB, 
showed predictive 
information exists.

Sirignano 
(2016) 

First deep network 
on large NASDAQ 

LOB data, 
feasibility of DL

Dixon 
(2018) 

RNNs for LOB 
sequences, 
capturing 
temporal 

dependencies.


Zhang, Zohren & 
Roberts (2019) 

DeepLOB, with 
CNN+LSTM hybrid 

architecture


Wu et al. 
(2021) 


 Robust mid-
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representation, 

reducing 
instability
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dependent alpha
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prediction
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predictability depends 
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Figure 1. Pictorial representation of the LOB. In the upper part of the Figure, we show the dynamical evolution of
the LOB price levels as a consequence of the submission of limit, market and cancellation orders; in the lower part
of the Figure, we show a static view of a LOB snapshot (i.e., L(⌧0)) including also the volumes.

This means that, 8 ⌧ 2 {1, . . . , N} and 8 ` 2 {1, . . . , L} on the s side, vs`(⌧) shares can be sold or
bought at price ps`(⌧). The mid-price m⌧ of the stock at time ⌧ , is defined as the average between

the best ask price (i.e., pask
1

(⌧)) and the best bid price (i.e., pbid
1

(⌧)), m⌧ = pask
1 (⌧)+pbid

1 (⌧)
2

. The
bid-ask spread �⌧ of the stock at time ⌧ , is defined as the di↵erence between the best ask price
and the best bid price, �⌧ = pask

1
(⌧) � pbid

1
(⌧).

3. Related Work

Market microstructure and automated learning modeling of LOB dynamics are two continuously
evolving research areas. In this Section, we provide a subset of core references to works that allow
the reader to navigate the broader universe of related literature.
Market microstructure entails the analysis of how traders’ intentions are translated into prices

and volumes (Madhavan 2000, Biais et al. 2005). The aim is to understand fundamental issues and
phenomena, such as characterizing price formation mechanisms (Mike and Farmer 2005, Bonart
and Lillo 2018, Lillo 2021) and quantifying the impact of asymmetric information (Glosten and
Milgrom 1985, Kyle 1985). In terms of markets’ dynamics, price jumps (Tóth et al. 2009, Zheng
et al. 2012, Cont and De Larrard 2013, Marcaccioli et al. 2022) and flash crashes events (Brewer
et al. 2013, Kirilenko et al. 2017, Paddrik et al. 2017, Turiel and Aste 2021, 2022) have been
extensively studied. Modeling and analyzing transaction costs (e.g. price impact (Avellaneda and
Stoikov 2008, Eisler et al. 2012, Cont et al. 2014, Mastromatteo et al. 2014)), and optimal order
execution is also among core areas of investigation, especially in the context of HFT (Hollifield et al.
2004, Cartea and Jaimungal 2015, Lehalle and Mounjid 2017, Cartea et al. 2018). In this paper,
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mτ = pask
1 (τ) + pbid

1 (τ)
2

στ = pask
1 (τ) − pbid

1 (τ)

𝕃(τ) = {pask
ℓ (τ), vask

ℓ (τ), pbid
ℓ (τ), vbid

ℓ (τ)}L
ℓ=1

A LOB is the set of all limit orders for a given 
asset on a given platform at a given time

Mid Price 

Spread 

Tick size θ = 0.01$ (NASDAQ)



Prediction task

(mτ+Δτ − mτ) ≤ − θ → − 1 : Down

− θ < (mτ+Δτ − mτ) < + θ → 0 : Stable

(mτ+Δτ − mτ) ≥ + θ → 1 : Up

We consider 3 different prediction horizons  HΔτ ∈ {10, 50, 100}

How do the microstructural properties of an asset and 
the choice of prediction horizon affect the accuracy of 

mid-price predictions?



Data
15 stocks, all listed on the NASDAQ exchange


Different sectors (technology, healthcare, finance..) 


3-years period from January 2017 to December 2019


Data provider: LOBSTER (NASDAQ Total View ITCH feed)

CHTR, GOOG, GS, IBM, 
MCD, NVDA AAPL, ABBV, PM BAC, CSCO, KO, ORCL, 

PFE, VZ

Small tick Medium tick Large tick

1.5θ ≲ ⟨σ⟩ ≲ 3θ⟨σ⟩ ≥ 3θ ⟨σ⟩ ≲ 1.5θ



5.2 Average and typical shapes of LOBs

Snapshots of typical states of the LOB can di↵er greatly from the average LOB shapes. Here
we plot two typical snapshots of a small and large tick stock:
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Figure 7: Snapshot of the LOB, zoomed into a region around the mid price, for TSLA (small
tick: ABOVE) and BAC (large tick: BELOW) around 10:30 am on the 01 September 2015.
The typical LOB of small tick stocks is very sparse and the bid-ask spread is a multiple of
one tick. The typical LOB of large tick stocks is very dense around the mid-price and the
typical bid-ask spread is equal to one tick.

To gain further insight let us now turn to the average shape of the LOB.

Definition 5.3 (Empirical time average). Let {yt}
tf
t=ti a set of observations of some quantity

Y , labelled by their observation times t comprised between ti and tf . We denote the empirical

average by hytit =
Ptf

t=ti
yt

Ptf
t=ti

1

. When no confusion arises we also write hyti or ȳt.

Since the mid-price fluctuates throughout time we need to calculate the average LOB
relative to the moving price.

Definition 5.4. We define the available depth Ṽ (y) relative to a time-varying reference price
p(t). Thus, the depth Ṽ (�10) on the buy side, relative to a reference price p(t) = 100 at
time t, is defined to be V (100 � 10) at time t. On the sell side, the depth Ṽ (10) relative
to a reference price p(t) = 100 at time t, is defined to be V (100 + 10). In general, Ṽ (y) =
V (p(t) + y). The LOB L̃(t) relative to p(t) is the collection of the relative depths.
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Microstructural properties

Small-tick 
stocks

Large tick 
stocks

⟨σ⟩ ≥ 3θ

⟨σ⟩ ≲ 1.5θ

• High liquidity (at best)


• All price levels populated


• Tight spread

• Low liquidity


• Empty price levels


• Large spread

Bouchaud, J. P., Bonart, J., Donier, J., & Gould, M. 
(2018). Trades, quotes and prices: financial markets under the 
microscope. Cambridge University Press.
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of 1 tick), with rare openings to larger realizations. This finding is consistent across the 3 years. It
is worth noting that, from a practical perspective, tighter spreads are beneficial for traders looking
for stocks allowing to enter and exit positions quickly and with minimal impact on the transaction
costs. For medium-tick stocks, distributions are peaked slightly over the minimum spread: during
2017, the average peak value is equal to 1.50 ticks; during 2018, the average peak value is equal
to 2.50 ticks; while, during 2019, the average peak value is equal to 1.83 ticks. Notably, these dis-
tributions express more significant variations than those describing large-tick stocks. Among these
assets, AAPL is characterized by a distribution with a shape more similar to that of large-tick
stocks, while ABBV and PM show a behaviour more similar to that of small-tick stocks. This
result is expected since, by definition, medium-tick stocks are ‘borderline’ assets characterized by
behavioral patterns that do not clearly belong to the class of small- nor large-tick stocks. Lastly,
small-tick stocks show consistently broader distributions. In this family, we distinguish two di↵erent
subsets of assets: the first one is made of CHTR, GOOG, and GS, while the second one is made of
IBM, MCD, and NVDA. Distributions characterizing the first subset have an average peak of 18.16
ticks in 2017, 27.50 ticks in 2018 and 22.60 ticks in 2019. Distributions characterizing the second
subset, instead, have an average peak equal to 2.50 ticks in 2017, 3.83 ticks in 2018 and 3.50 ticks
in 2019. In both cases, small-tick stocks express more significant variances than large-tick stocks,
suggesting less frequent trading activity or larger orders that could move the market (Bouchaud
et al. 2018) and, consequently, an higher exposition to market impact for actors placing trades.
It is worth noting that, for each class of stocks, the shape of the spread’s distribution remains
consistent over the three years, suggesting an overall macro-stability.
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Figure 5. CCDF of the volumes available at the best quotes for the 15 stocks of interest, in the 3-year analysis
period.

A second microstructural aspect to investigate concerns the liquidity at the best levels. Indeed,
once the impact of stocks’ tick size on the potential costs related to fast trading is clarified, it is
relevant to study the CCDF of volumes available at the best quotes to understand if there is the
necessary liquidity to perform such an activity. Figure 5 reports the results of this analysis. The
x-axis utilizes a symmetric log-scale to study both the ask side (negative part, red area) and the
bid side (positive part, green area) of the LOB, while underlying the broadness of distributions. As
one can notice, distributions are roughly symmetric for the two sides; also, in this case, a behavioral
clustering directly dependent on the tick size of the stocks is evident. Distributions characterizing
large-tick stocks are significantly wider, highlighting a condition of higher liquidity at best quotes.
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Table 6. The 15 small-, medium- and large-tick stocks that we include in our analysis, along with their mean price
and mean bid-ask spread during 2017, 2018 and 2019.

Ticker 2017 2018 2019 Size

mean

price

[$]

mean

spread

[$]

mean

price

[$]

mean

spread

[$]

mean

price

[$]

mean

spread

[$]

CHTR 343.65 0.2869 312.61 0.3475 394.76 0.2206 small

GOOG 934.44 0.4362 1099.33 0.7898 1186.57 0.5511 small

GS 232.82 0.0965 223.35 0.1111 204.19 0.0759 small

IBM 157.90 0.0362 140.23 0.0444 137.94 0.0316 small

MCD 146.71 0.0321 166.39 0.0542 198.29 0.0531 small

NVDA 144.12 0.0437 233.82 0.0844 172.13 0.0500 small

AAPL 151.97 0.0145 190.11 0.0223 208.62 0.0190 medium

ABBV 71.59 0.0211 94.98 0.0422 76.86 0.0212 medium

PM 110.78 0.0231 86.96 0.0293 81.89 0.0240 medium

BAC 24.69 0.0109 29.31 0.0109 29.40 0.0105 large

CSCO 33.20 0.0106 44.25 0.0110 51.31 0.0107 large

KO 44.11 0.0112 45.84 0.0116 51.00 0.0111 large

ORCL 46.51 0.0115 47.89 0.0117 54.05 0.0111 large

PFE 33.93 0.0111 39.85 0.0114 39.99 0.0109 large

VZ 48.30 0.0119 52.80 0.0121 57.92 0.0112 large

mentioned conditions should remain valid for at least 2 of the 3 considered years. Looking at Table
6, we have 6 representatives of small-tick stocks (i.e., CHTR, GOOG, GS, IBM, MCD, NVDA), 3
representatives of medium-tick stocks (i.e., AAPL, ABBV, PM) and 6 representatives of large-tick
stocks (i.e., BAC, CSCO, KO, ORCL, PFE, VZ). It is evident that, for small-tick stocks, the yearly
average spread is subject to non-negligible fluctuations, while medium- and large-tick stocks are
more stable across years. As we will point out several times in this paper, specific properties of
small-, medium- and large-tick stocks highly impact their predictability.
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Figure 4. PDF of the spread (expressed in number of ticks) for the 15 stocks of interest, in the 3-year analysis period.

Extending the previous analysis, in Figure 4, we report the PDF of the spread (expressed in
number of ticks) for each considered stock. As one can notice, distributions are di↵erent for small-,
medium- and large-tick stocks, defining evident behavioral clusters. For large-tick stocks, distribu-
tions are peaked at an average value of 1.5 ticks (extremely close to the minimum spread allowed
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stocks (i.e., BAC, CSCO, KO, ORCL, PFE, VZ). It is evident that, for small-tick stocks, the yearly
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Extending the previous analysis, in Figure 4, we report the PDF of the spread (expressed in
number of ticks) for each considered stock. As one can notice, distributions are di↵erent for small-,
medium- and large-tick stocks, defining evident behavioral clusters. For large-tick stocks, distribu-
tions are peaked at an average value of 1.5 ticks (extremely close to the minimum spread allowed
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Microstructural properties

Large tick 
stocks

Medium-tick 
stocks

Small-tick 
stocks

ΞAsk
τ = pask

10 (τ) − pask
1 (τ)

θ

ΞBid
τ = pbid

1 (τ) − pbid
10 (τ)

θ

Microstructural Priors II

Table: Actual LOB depth, bid/ask side.

2017 2018 2019

Mean Median Mean Median Mean Median

Ask Bid Ask Bid Ask Bid Ask Bid Ask Bid Ask Bid

CHTR 53.83 50.14 34.00 35.00 71.67 68.84 55.00 54.00 44.56 45.64 35.00 36.00

GOOG 55.45 53.57 49.00 47.00 93.67 91.83 82.00 81.00 61.92 62.14 58.00 58.00

GS 14.97 15.30 13.00 13.00 19.07 20.33 15.00 16.00 13.98 14.12 13.00 13.00

IBM 10.29 10.47 9.00 10.00 12.47 12.70 11.00 11.00 9.93 9.93 9.00 9.00

MCD 126.97 9.95 9.00 9.00 12.32 12.73 10.00 11.00 13.35 13.59 12.00 12.00

NVDA 10.79 10.73 9.00 9.00 16.30 16.12 15.00 15.00 10.87 10.88 10.00 10.00

AAPL 9.02 9.02 9.00 9.00 9.52 9.54 9.00 9.00 9.13 9.14 9.00 9.00

ABBV 10.95 11.13 9.00 9.00 23.27 19.79 11.00 11.00 9.74 9.69 9.00 9.00

PM 10.09 10.07 9.00 9.00 13.64 13.60 11.00 11.00 10.22 10.20 9.00 9.00

BAC 9.00 9.00 9.00 9.00 9.00 9.00 9.00 9.00 9.00 9.00 9.00 9.00

CSCO 9.00 9.00 9.00 9.00 9.01 9.01 9.00 9.00 9.00 9.00 9.00 9.00

KO 9.14 9.19 9.00 9.00 9.04 9.04 9.00 9.00 9.01 9.01 9.00 9.00

ORCL 9.11 9.11 9.00 9.00 9.05 9.06 9.00 9.00 9.01 9.01 9.00 9.00

PFE 9.20 9.21 9.00 9.00 9.03 9.03 9.00 9.00 9.01 9.01 9.00 9.00

VZ 9.09 9.09 9.00 9.00 9.07 9.09 9.00 9.00 9.01 9.01 9.00 9.00

⌅Ask
⌧ =

pask10 (⌧)� pask1 (⌧)

0.01

⌅Bid
⌧ =

pbid1 (⌧)� pbid10 (⌧)

0.01
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Microstructural Priors II

Table: Actual LOB depth, bid/ask side.

2017 2018 2019

Mean Median Mean Median Mean Median
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CSCO 9.00 9.00 9.00 9.00 9.01 9.01 9.00 9.00 9.00 9.00 9.00 9.00

KO 9.14 9.19 9.00 9.00 9.04 9.04 9.00 9.00 9.01 9.01 9.00 9.00

ORCL 9.11 9.11 9.00 9.00 9.05 9.06 9.00 9.00 9.01 9.01 9.00 9.00

PFE 9.20 9.21 9.00 9.00 9.03 9.03 9.00 9.00 9.01 9.01 9.00 9.00

VZ 9.09 9.09 9.00 9.00 9.07 9.09 9.00 9.00 9.01 9.01 9.00 9.00
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The spatial structure of the 
‘compressed’ LOB 

representation is not 
homogeneous.


This representation is prone to 
dramatic changes due to 

occasional price-level shifts, 
significantly impacting 

predictability when treated as 
input for deep learning models.


Wu, Y., Mahfouz, M., Magazzeni, D. and Veloso, M., 
Towards Robust Representation of Limit Orders Books 
f o r D e e p L e a r n i n g M o d e l s . a r X i v p r e p r i n t 
arXiv:2110.05479, 2021

!
𝕃(τ) = {pask

ℓ (τ), vask
ℓ (τ), pbid

ℓ (τ), vbid
ℓ (τ)}L

ℓ=1

Actual LOB depth 



About time
Results V - Signal’s Practicability

Table: Average probability (computed across the 3-year analysis period) that the number
of updates characterising the three horizons H�⌧ 2 {10, 50, 100}, happens in a physical
time (i) < 1 second; (ii) � 1 second and < 10 seconds; or (iii) � 10 seconds.

Ticker <1s >=1s & <10s >= 10s

H10 H50 H100 H10 H50 H100 H10 H50 H100

CHTR 0.46 0.06 0.01 0.41 0.36 0.18 0.13 0.58 0.81

GOOG 0.76 0.32 0.14 0.18 0.53 0.56 0.06 0.15 0.30

GS 0.51 0.05 0.01 0.39 0.56 0.29 0.10 0.39 0.70

IBM 0.57 0.07 0.01 0.35 0.65 0.40 0.08 0.28 0.59

MCD 0.00 0.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00

NVDA 0.72 0.24 0.06 0.18 0.68 0.73 0.10 0.08 0.21

AAPL 0.92 0.55 0.23 0.04 0.41 0.73 0.04 0.04 0.04

ABBV 0.00 0.00 0.00 0.31 0.63 0.40 0.69 0.37 0.60

PM 0.63 0.07 0.01 0.32 0.69 0.42 0.05 0.24 0.57

BAC 0.78 0.43 0.30 0.12 0.47 0.55 0.10 0.10 0.15

CSCO 0.80 0.45 0.24 0.13 0.46 0.58 0.07 0.09 0.18

KO 0.68 0.33 0.14 0.23 0.49 0.51 0.09 0.18 0.35

ORCL 0.75 0.39 0.18 0.17 0.45 0.56 0.08 0.16 0.26

PFE 0.72 0.38 0.17 0.19 0.48 0.54 0.09 0.14 0.29

VZ 0.73 0.38 0.16 0.19 0.48 0.57 0.08 0.14 0.27
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Prediction horizon

Seconds

Events

Average probability of physical/event time mapping

The heterogeneous mapping between physical time (seconds) and event time (market updates)

 leads to varying practical relevance of forecasts across stocks.


Large tick 
stocks

Medium-tick 
stocks

Small-tick 
stocks

!



Part 1: Evaluating Prediction Accuracy & Usability

Objective: 
Assess the effectiveness of a state-of-the-art deep 
learning architecture (DeepLOB) across assets with 
different microstructural properties.

Focus:
• Evaluate predictive performance at multiple 

horizons.
• Investigate how asset characteristics (e.g., tick 

size, liquidity) impact accuracy.
• Assess practical usability in automated trading 

strategies.
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Figure 3. Pictorial representation of an input batch for the DeepLOB model (left-hand side of the Figure), and of
the architecture itself (right-hand side of the Figure).

5.2. Deep learning model beanchmark: DeepLOB

Results discussed in the current paper come from the usage of a state-of-the-art model in literature:
DeepLOB (Zhang et al. 2019) 1. This architecture mainly relies on two well-known deep learning
modules: it exploits (i) the power of convolutional neural networks (CNNs) to model inter-levels,
spatial LOB’s dynamics (LeCun et al. 1998, O’Shea and Nash 2015, Albawi et al. 2017); and (ii)
the memory of the LSTM module to handle the temporal dimension of the input (Hochreiter and
Schmidhuber 1997, Van Houdt et al. 2020). For a detailed overview of the architecture, the reader
is referred to the original work by Zhang et al. (2019), while, in this Section, our e↵orts are towards
providing the intuition behind the model. The main idea of using CNNs is to automate the feature
extraction process in a notoriously noisy and with low signal-to-noise ratio context (Briola et al.
2021) such as the one provided in LOB, without any strong initial assumption. Indeed, weights
are learned during inference, and derived features (i.e., learned from the training set) are data-
adaptive. The LSTM layer, on the other side, is used to capture residual time dependencies among
the resulting features. It is worth underlining that short time dependencies are already captured
by the convolutional layers, which take LOB snapshots as inputs (see Figure 3). To train, validate
and test the DeepLOB model, we design a high-performance data loader, which samples mini-
batches of size 32 (as per in the original model’s implementation), each made of inputs with size
100⇥40. Dimension 100 (i.e., the temporal dimension) represents the history length and corresponds
to the number of historically consecutive LOB updates constituting each sample. Dimension 40,
instead, is the number of spatial constituents for each LOB’s snapshot (see Equation (1)). The

1
We stress that theoretical findings discussed in Section 7 are independent of the choice of the model. Indeed, in this work, we

decide to use DeepLOB only because it fully respects the following three criteria: (i) availability of the original code used in

the experiments; (ii) data-driven design of the model’s architecture; (iii) community’s recognition as a state-of-the-art model

in the field.

12

Zhang, Z., Zohren, S., Roberts, S. (2019). “DeepLOB: Deep convolutional neural networks for limit order books.” IEEE Transactions on Signal Processing, 67(11), 3001–3012.

• Spatial features (across 
price/volumes)


• Local temporal 
interactions

• Dynamical behaviour 
over multiple 
timescales


• Temporal features 
(LOB time evolution)

100

40

𝕃(τ) = {pask
ℓ (τ), vask

ℓ (τ), pbid
ℓ (τ), vbid

ℓ (τ)}L
ℓ=1
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• Large-tick stocks consistently 
exhibit superior predictive 
performance, with fewer 
misclassifications and robust 
results across all horizons.
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• Models trained on small- and 
medium-tick stocks show 
significant reciprocal 
misclassification between extreme 
classes (i.e., −1 and 1), with higher 
misclassification rates at longer 
prediction horizons. 
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main pieces of information: (i) the model performance’s changes by applying di↵erent probability
thresholds (shown on the bottom of the x-axis); (ii) the average percentage amount of remaining
data after using probability thresholds (shown on the top of the x-axis); (iii) the performance
average trend (computed across stocks belonging to the same class) and the corresponding standard
deviation (shown through the gray line and shadow, respectively). Looking at these results, it is
worth highlighting the di↵erent scales on the y-axes for each horizon and each class of stocks.
Overall, we observe that the DeepLOB model exhibits greater misclassification rates for small-

tick stocks at H50 and H100. This aligns with the findings in Section 6, where small-tick stocks have
a significantly wider distribution of spread realizations (Fig. 4) and lower liquidity at best quotes
(Fig. 5). These factors contribute to noisier market environments, reducing the model’s ability to
distinguish between price movement classes.
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Figure 10. Average Matthews Correlation Coe�cient (MCC). Results are organized according to the prediction
horizons taken into account (see columns) and stocks’ tick-size (see rows). Each plot contains three main pieces
of information: (i) the model’s performance changes applying di↵erent thresholds on the probabilities associated
with each forecast (shown on the bottom of the x-axis); (ii) the average percentage amount of remaining data after
using the threshold (shown on the top of the x-axis); (iii) the performance average pattern and the corresponding
standard deviation (shown through the gray line and shadows). All the average values and the standard deviations
are computed by considering stocks with the same tick-size, spanning the 3-year analysis period.

At H10, without the application of any threshold, the average MCC for small-tick stocks is
0.11, while the standard deviation is 0.04, with only one stock (GOOG) acting as an outlier
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main pieces of information: (i) the model performance’s changes by applying di↵erent probability
thresholds (shown on the bottom of the x-axis); (ii) the average percentage amount of remaining
data after using probability thresholds (shown on the top of the x-axis); (iii) the performance
average trend (computed across stocks belonging to the same class) and the corresponding standard
deviation (shown through the gray line and shadow, respectively). Looking at these results, it is
worth highlighting the di↵erent scales on the y-axes for each horizon and each class of stocks.
Overall, we observe that the DeepLOB model exhibits greater misclassification rates for small-

tick stocks at H50 and H100. This aligns with the findings in Section 6, where small-tick stocks have
a significantly wider distribution of spread realizations (Fig. 4) and lower liquidity at best quotes
(Fig. 5). These factors contribute to noisier market environments, reducing the model’s ability to
distinguish between price movement classes.
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Figure 10. Average Matthews Correlation Coe�cient (MCC). Results are organized according to the prediction
horizons taken into account (see columns) and stocks’ tick-size (see rows). Each plot contains three main pieces
of information: (i) the model’s performance changes applying di↵erent thresholds on the probabilities associated
with each forecast (shown on the bottom of the x-axis); (ii) the average percentage amount of remaining data after
using the threshold (shown on the top of the x-axis); (iii) the performance average pattern and the corresponding
standard deviation (shown through the gray line and shadows). All the average values and the standard deviations
are computed by considering stocks with the same tick-size, spanning the 3-year analysis period.

At H10, without the application of any threshold, the average MCC for small-tick stocks is
0.11, while the standard deviation is 0.04, with only one stock (GOOG) acting as an outlier
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Do we have the right tools?
Standard ML metrics do not necessarily align with 

trading success, and naïve backtesting can mislead by 
ignoring real-world frictions like execution risk and 

costs.

!

Traditional ML metrics drawbacks 

Resistance to class imbalances


Difficulty in evaluating actual trading 
performances


Back-testing drawbacks 

Assumptions on orders’ execution 


Accounting of slippage


Estimation of transaction costs
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more than what happened at H50, remaining, however, higher than the minima reached for small-
and medium-tick stocks. Overall, large-tick stocks demonstrate greater forecast stability across
horizons, as evidenced by the lower variance in MCC. This robustness is strongly linked to their
higher liquidity and less broad spread distributions, which provide a more stable market dynamics
for the DeepLOB model to learn from.
The analysis reported in this Section is further deepened in Appendix B and C, where we report

(i) the year-wise MCC of the DeepLOBmodel at H�⌧ 2 {10, 50, 100}, for di↵erent confidence levels;
(ii) the corresponding statistical significance; and (iii) a replica of the analysis in Figure 10 for the
F1 and accuracy score. The coherence of the results bolsters the robustness of the findings discussed
earlier in this Section, highlighting that large-tick stocks exhibit a significant predictability rate
across all the considered horizons. This is evidenced in Figures C1 and C2, where we observe that
these stocks achieve F1 score realizations greater than 0.45 without applying any thresholds and
surpass 0.7 when probability thresholds are implemented. Similarly, accuracy scores exceed 0.7
without thresholds and reach over 0.9 with the application of probability thresholds. However, as
detailed in Section 7.2, achieving high scores on these traditional machine learning metrics does
not necessarily translate into the generation of actionable trading signals. This distinction remarks
the complexity of converting predictive accuracy into practical trading strategies.

7.2. On the practicability of model’s forecasts

The analysis presented above o↵ers significant insights into the DeepLOB model’s performance at
di↵erent horizons for di↵erent classes of stocks. However, further discussion is needed to understand
the results from the perspective of the microstructural properties of the LOB. To do so, in this
Section, we introduce a novel methodology to evaluate the practicability of forecasts. The main
findings are summarized as follows:

• We demonstrate that for a signal to be considered tradable, the chronological positioning of
correct forecasts is more critical than their sheer abundance.

• We show that, consistently with previously discussed results, using the newly introduced
metric, large-tick stocks exhibit higher practicability compared to small- and medium-tick
stocks.

• We find that the e↵ectiveness of the newly introduced metric can be further enhanced by
relaxing certain construction constraints.
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Figure 11. Pictorial representation of a chronologically sorted vector of forecasts. Following the mapping in Equation
(2), we derive a simplified strategy where Op2 {s/b} means ‘opening a new selling/buying position’, Mp2 {s/b} means
‘maintaining an existing selling/buying position’, Cp2 {s/b} means ‘closing an existing selling/buying position’.

Despite the recent attempts made in state-of-the-art research papers (Zhang et al. 2019, Wood
et al. 2021, Yin and Wong 2023), backtesting a trading strategy based on the outputs of a deep
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Figure 12. Transaction-related (PT,TT, CT, pT ) and machine learning metrics (MCC, F1) computed on two
chronologically sorted vectors of forecasts and corresponding targets.

least one correct prediction in correspondence of each ‘Down’ or ‘Up’ movement; and, consequently,
(ii) in not having any premature closing signal for an existing open position. The nature and the
number of other errors are tolerable when these two conditions are satisfied. In real-world scenarios,
also probabilities associated with forecasts should be taken into account. Indeed, we can decide to
enter or exit a position based on the probability associated with the forecast (i.e., the strength of
the signal).
These metrics are studied at di↵erent granularity levels in Figure 13 (i.e., coarse-grained repre-

sentation) and in Tables 8, 9, 10 (i.e., fine-grained representation). Specifically, in Figure 13, for
each class of stocks, we compute the average value for pT and MCC applying di↵erent probability
thresholds (0.3, 0.5, 0.7, 0.9) and we notice two di↵erent behaviors that remain consistent across
di↵erent scenarios: (i) pT decreases for increasing probability thresholds and increases moving from
small-tick stocks to large-tick stocks; (ii) the MCC increases for increasing probability thresholds
(this is more evident moving to longer prediction horizons) and increases also moving from small-
tick stocks to large-tick stocks. On one side these findings highlight the relevance of the positioning
of the signal. By applying di↵erent probability thresholds we may break the signal’s sequence, and
even if the performance of classical machine learning metrics increases because of the increase of
the strength of the signal, we are not able to correctly manage positions. On the other hand they
highlight, one more time, the impact of the microstructural properties of the stocks on the sig-
nal’s usability: overall large-tick stocks demonstrate to o↵er higher probabilities to actually operate
trading in a fully automated way compared to small-tick stocks).
Deepening the analysis at the the level of specific stocks, looking at Tables 8,9,10, we notice that,

for the class of small-tick stocks, at H10, the average PT is 1.63 ⇥ 105. Without the application of
any threshold, looking at pT, we observe a separation between stocks: the first set is made of CHTR,
GOOG and GS and is characterized by an average pT equal to 0.06, while the second one is made of
IBM, MCD and NVDA and is characterized by an average pT equal to 0.12. Such a separation, which
was not evident in Figure 10, is directly linked to the microstructural properties of the considered
stocks. Indeed, as observed in Figures 4 and 6, assets belonging to the second family present less
extreme realizations of the spread and of the actual LOB’s depth, making them structurally more
similar to large-tick stocks and more suitable to be treated as input for a deep learning model 1. We
remark that the above-mentioned statistical properties of the LOB can be e↵ectively exploited by
the deep learning model thanks to the rough balancing in class distribution observed at H10 (see
Table 5). As we point out later in this Section, moving to H�⌧ 2 {50, 100}, this e↵ect will vanish
due to a stronger class imbalance. For all the small-tick stocks, the decrease of pT is fast when
applying probability thresholds. Specifically, net of minor oscillations, the probability of correctly

1
These findings are also coherent with the ones observed in Table A1, where for stocks belonging to the second family, we

observe an average (computed across years) IR value equal to 1.85, which is higher than the one observed for the stocks

belonging to the first family of stocks (i.e., 1.71).
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Figure 12. Transaction-related (PT,TT, CT, pT ) and machine learning metrics (MCC, F1) computed on two
chronologically sorted vectors of forecasts and corresponding targets.

least one correct prediction in correspondence of each ‘Down’ or ‘Up’ movement; and, consequently,
(ii) in not having any premature closing signal for an existing open position. The nature and the
number of other errors are tolerable when these two conditions are satisfied. In real-world scenarios,
also probabilities associated with forecasts should be taken into account. Indeed, we can decide to
enter or exit a position based on the probability associated with the forecast (i.e., the strength of
the signal).
These metrics are studied at di↵erent granularity levels in Figure 13 (i.e., coarse-grained repre-

sentation) and in Tables 8, 9, 10 (i.e., fine-grained representation). Specifically, in Figure 13, for
each class of stocks, we compute the average value for pT and MCC applying di↵erent probability
thresholds (0.3, 0.5, 0.7, 0.9) and we notice two di↵erent behaviors that remain consistent across
di↵erent scenarios: (i) pT decreases for increasing probability thresholds and increases moving from
small-tick stocks to large-tick stocks; (ii) the MCC increases for increasing probability thresholds
(this is more evident moving to longer prediction horizons) and increases also moving from small-
tick stocks to large-tick stocks. On one side these findings highlight the relevance of the positioning
of the signal. By applying di↵erent probability thresholds we may break the signal’s sequence, and
even if the performance of classical machine learning metrics increases because of the increase of
the strength of the signal, we are not able to correctly manage positions. On the other hand they
highlight, one more time, the impact of the microstructural properties of the stocks on the sig-
nal’s usability: overall large-tick stocks demonstrate to o↵er higher probabilities to actually operate
trading in a fully automated way compared to small-tick stocks).
Deepening the analysis at the the level of specific stocks, looking at Tables 8,9,10, we notice that,

for the class of small-tick stocks, at H10, the average PT is 1.63 ⇥ 105. Without the application of
any threshold, looking at pT, we observe a separation between stocks: the first set is made of CHTR,
GOOG and GS and is characterized by an average pT equal to 0.06, while the second one is made of
IBM, MCD and NVDA and is characterized by an average pT equal to 0.12. Such a separation, which
was not evident in Figure 10, is directly linked to the microstructural properties of the considered
stocks. Indeed, as observed in Figures 4 and 6, assets belonging to the second family present less
extreme realizations of the spread and of the actual LOB’s depth, making them structurally more
similar to large-tick stocks and more suitable to be treated as input for a deep learning model 1. We
remark that the above-mentioned statistical properties of the LOB can be e↵ectively exploited by
the deep learning model thanks to the rough balancing in class distribution observed at H10 (see
Table 5). As we point out later in this Section, moving to H�⌧ 2 {50, 100}, this e↵ect will vanish
due to a stronger class imbalance. For all the small-tick stocks, the decrease of pT is fast when
applying probability thresholds. Specifically, net of minor oscillations, the probability of correctly

1
These findings are also coherent with the ones observed in Table A1, where for stocks belonging to the second family, we

observe an average (computed across years) IR value equal to 1.85, which is higher than the one observed for the stocks

belonging to the first family of stocks (i.e., 1.71).
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Case 1

PT is the number of potential transactions counted on the targets’ set. 


TT is the number of executed transactions computed on the predictions’ set.


CT is the number of correctly executed transactions; it counts how many times a 
transaction executed on the predictions has a correspondence in the targets.


  probability to execute a correct transaction: pT pT = CT
PT + TT − CT
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Figure 12. Transaction-related (PT,TT, CT, pT ) and machine learning metrics (MCC, F1) computed on two
chronologically sorted vectors of forecasts and corresponding targets.

least one correct prediction in correspondence of each ‘Down’ or ‘Up’ movement; and, consequently,
(ii) in not having any premature closing signal for an existing open position. The nature and the
number of other errors are tolerable when these two conditions are satisfied. In real-world scenarios,
also probabilities associated with forecasts should be taken into account. Indeed, we can decide to
enter or exit a position based on the probability associated with the forecast (i.e., the strength of
the signal).
These metrics are studied at di↵erent granularity levels in Figure 13 (i.e., coarse-grained repre-

sentation) and in Tables 8, 9, 10 (i.e., fine-grained representation). Specifically, in Figure 13, for
each class of stocks, we compute the average value for pT and MCC applying di↵erent probability
thresholds (0.3, 0.5, 0.7, 0.9) and we notice two di↵erent behaviors that remain consistent across
di↵erent scenarios: (i) pT decreases for increasing probability thresholds and increases moving from
small-tick stocks to large-tick stocks; (ii) the MCC increases for increasing probability thresholds
(this is more evident moving to longer prediction horizons) and increases also moving from small-
tick stocks to large-tick stocks. On one side these findings highlight the relevance of the positioning
of the signal. By applying di↵erent probability thresholds we may break the signal’s sequence, and
even if the performance of classical machine learning metrics increases because of the increase of
the strength of the signal, we are not able to correctly manage positions. On the other hand they
highlight, one more time, the impact of the microstructural properties of the stocks on the sig-
nal’s usability: overall large-tick stocks demonstrate to o↵er higher probabilities to actually operate
trading in a fully automated way compared to small-tick stocks).
Deepening the analysis at the the level of specific stocks, looking at Tables 8,9,10, we notice that,

for the class of small-tick stocks, at H10, the average PT is 1.63 ⇥ 105. Without the application of
any threshold, looking at pT, we observe a separation between stocks: the first set is made of CHTR,
GOOG and GS and is characterized by an average pT equal to 0.06, while the second one is made of
IBM, MCD and NVDA and is characterized by an average pT equal to 0.12. Such a separation, which
was not evident in Figure 10, is directly linked to the microstructural properties of the considered
stocks. Indeed, as observed in Figures 4 and 6, assets belonging to the second family present less
extreme realizations of the spread and of the actual LOB’s depth, making them structurally more
similar to large-tick stocks and more suitable to be treated as input for a deep learning model 1. We
remark that the above-mentioned statistical properties of the LOB can be e↵ectively exploited by
the deep learning model thanks to the rough balancing in class distribution observed at H10 (see
Table 5). As we point out later in this Section, moving to H�⌧ 2 {50, 100}, this e↵ect will vanish
due to a stronger class imbalance. For all the small-tick stocks, the decrease of pT is fast when
applying probability thresholds. Specifically, net of minor oscillations, the probability of correctly

1
These findings are also coherent with the ones observed in Table A1, where for stocks belonging to the second family, we

observe an average (computed across years) IR value equal to 1.85, which is higher than the one observed for the stocks

belonging to the first family of stocks (i.e., 1.71).
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least one correct prediction in correspondence of each ‘Down’ or ‘Up’ movement; and, consequently,
(ii) in not having any premature closing signal for an existing open position. The nature and the
number of other errors are tolerable when these two conditions are satisfied. In real-world scenarios,
also probabilities associated with forecasts should be taken into account. Indeed, we can decide to
enter or exit a position based on the probability associated with the forecast (i.e., the strength of
the signal).
These metrics are studied at di↵erent granularity levels in Figure 13 (i.e., coarse-grained repre-

sentation) and in Tables 8, 9, 10 (i.e., fine-grained representation). Specifically, in Figure 13, for
each class of stocks, we compute the average value for pT and MCC applying di↵erent probability
thresholds (0.3, 0.5, 0.7, 0.9) and we notice two di↵erent behaviors that remain consistent across
di↵erent scenarios: (i) pT decreases for increasing probability thresholds and increases moving from
small-tick stocks to large-tick stocks; (ii) the MCC increases for increasing probability thresholds
(this is more evident moving to longer prediction horizons) and increases also moving from small-
tick stocks to large-tick stocks. On one side these findings highlight the relevance of the positioning
of the signal. By applying di↵erent probability thresholds we may break the signal’s sequence, and
even if the performance of classical machine learning metrics increases because of the increase of
the strength of the signal, we are not able to correctly manage positions. On the other hand they
highlight, one more time, the impact of the microstructural properties of the stocks on the sig-
nal’s usability: overall large-tick stocks demonstrate to o↵er higher probabilities to actually operate
trading in a fully automated way compared to small-tick stocks).
Deepening the analysis at the the level of specific stocks, looking at Tables 8,9,10, we notice that,

for the class of small-tick stocks, at H10, the average PT is 1.63 ⇥ 105. Without the application of
any threshold, looking at pT, we observe a separation between stocks: the first set is made of CHTR,
GOOG and GS and is characterized by an average pT equal to 0.06, while the second one is made of
IBM, MCD and NVDA and is characterized by an average pT equal to 0.12. Such a separation, which
was not evident in Figure 10, is directly linked to the microstructural properties of the considered
stocks. Indeed, as observed in Figures 4 and 6, assets belonging to the second family present less
extreme realizations of the spread and of the actual LOB’s depth, making them structurally more
similar to large-tick stocks and more suitable to be treated as input for a deep learning model 1. We
remark that the above-mentioned statistical properties of the LOB can be e↵ectively exploited by
the deep learning model thanks to the rough balancing in class distribution observed at H10 (see
Table 5). As we point out later in this Section, moving to H�⌧ 2 {50, 100}, this e↵ect will vanish
due to a stronger class imbalance. For all the small-tick stocks, the decrease of pT is fast when
applying probability thresholds. Specifically, net of minor oscillations, the probability of correctly
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These findings are also coherent with the ones observed in Table A1, where for stocks belonging to the second family, we

observe an average (computed across years) IR value equal to 1.85, which is higher than the one observed for the stocks

belonging to the first family of stocks (i.e., 1.71).
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least one correct prediction in correspondence of each ‘Down’ or ‘Up’ movement; and, consequently,
(ii) in not having any premature closing signal for an existing open position. The nature and the
number of other errors are tolerable when these two conditions are satisfied. In real-world scenarios,
also probabilities associated with forecasts should be taken into account. Indeed, we can decide to
enter or exit a position based on the probability associated with the forecast (i.e., the strength of
the signal).
These metrics are studied at di↵erent granularity levels in Figure 13 (i.e., coarse-grained repre-

sentation) and in Tables 8, 9, 10 (i.e., fine-grained representation). Specifically, in Figure 13, for
each class of stocks, we compute the average value for pT and MCC applying di↵erent probability
thresholds (0.3, 0.5, 0.7, 0.9) and we notice two di↵erent behaviors that remain consistent across
di↵erent scenarios: (i) pT decreases for increasing probability thresholds and increases moving from
small-tick stocks to large-tick stocks; (ii) the MCC increases for increasing probability thresholds
(this is more evident moving to longer prediction horizons) and increases also moving from small-
tick stocks to large-tick stocks. On one side these findings highlight the relevance of the positioning
of the signal. By applying di↵erent probability thresholds we may break the signal’s sequence, and
even if the performance of classical machine learning metrics increases because of the increase of
the strength of the signal, we are not able to correctly manage positions. On the other hand they
highlight, one more time, the impact of the microstructural properties of the stocks on the sig-
nal’s usability: overall large-tick stocks demonstrate to o↵er higher probabilities to actually operate
trading in a fully automated way compared to small-tick stocks).
Deepening the analysis at the the level of specific stocks, looking at Tables 8,9,10, we notice that,

for the class of small-tick stocks, at H10, the average PT is 1.63 ⇥ 105. Without the application of
any threshold, looking at pT, we observe a separation between stocks: the first set is made of CHTR,
GOOG and GS and is characterized by an average pT equal to 0.06, while the second one is made of
IBM, MCD and NVDA and is characterized by an average pT equal to 0.12. Such a separation, which
was not evident in Figure 10, is directly linked to the microstructural properties of the considered
stocks. Indeed, as observed in Figures 4 and 6, assets belonging to the second family present less
extreme realizations of the spread and of the actual LOB’s depth, making them structurally more
similar to large-tick stocks and more suitable to be treated as input for a deep learning model 1. We
remark that the above-mentioned statistical properties of the LOB can be e↵ectively exploited by
the deep learning model thanks to the rough balancing in class distribution observed at H10 (see
Table 5). As we point out later in this Section, moving to H�⌧ 2 {50, 100}, this e↵ect will vanish
due to a stronger class imbalance. For all the small-tick stocks, the decrease of pT is fast when
applying probability thresholds. Specifically, net of minor oscillations, the probability of correctly
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These findings are also coherent with the ones observed in Table A1, where for stocks belonging to the second family, we

observe an average (computed across years) IR value equal to 1.85, which is higher than the one observed for the stocks

belonging to the first family of stocks (i.e., 1.71).
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least one correct prediction in correspondence of each ‘Down’ or ‘Up’ movement; and, consequently,
(ii) in not having any premature closing signal for an existing open position. The nature and the
number of other errors are tolerable when these two conditions are satisfied. In real-world scenarios,
also probabilities associated with forecasts should be taken into account. Indeed, we can decide to
enter or exit a position based on the probability associated with the forecast (i.e., the strength of
the signal).
These metrics are studied at di↵erent granularity levels in Figure 13 (i.e., coarse-grained repre-

sentation) and in Tables 8, 9, 10 (i.e., fine-grained representation). Specifically, in Figure 13, for
each class of stocks, we compute the average value for pT and MCC applying di↵erent probability
thresholds (0.3, 0.5, 0.7, 0.9) and we notice two di↵erent behaviors that remain consistent across
di↵erent scenarios: (i) pT decreases for increasing probability thresholds and increases moving from
small-tick stocks to large-tick stocks; (ii) the MCC increases for increasing probability thresholds
(this is more evident moving to longer prediction horizons) and increases also moving from small-
tick stocks to large-tick stocks. On one side these findings highlight the relevance of the positioning
of the signal. By applying di↵erent probability thresholds we may break the signal’s sequence, and
even if the performance of classical machine learning metrics increases because of the increase of
the strength of the signal, we are not able to correctly manage positions. On the other hand they
highlight, one more time, the impact of the microstructural properties of the stocks on the sig-
nal’s usability: overall large-tick stocks demonstrate to o↵er higher probabilities to actually operate
trading in a fully automated way compared to small-tick stocks).
Deepening the analysis at the the level of specific stocks, looking at Tables 8,9,10, we notice that,

for the class of small-tick stocks, at H10, the average PT is 1.63 ⇥ 105. Without the application of
any threshold, looking at pT, we observe a separation between stocks: the first set is made of CHTR,
GOOG and GS and is characterized by an average pT equal to 0.06, while the second one is made of
IBM, MCD and NVDA and is characterized by an average pT equal to 0.12. Such a separation, which
was not evident in Figure 10, is directly linked to the microstructural properties of the considered
stocks. Indeed, as observed in Figures 4 and 6, assets belonging to the second family present less
extreme realizations of the spread and of the actual LOB’s depth, making them structurally more
similar to large-tick stocks and more suitable to be treated as input for a deep learning model 1. We
remark that the above-mentioned statistical properties of the LOB can be e↵ectively exploited by
the deep learning model thanks to the rough balancing in class distribution observed at H10 (see
Table 5). As we point out later in this Section, moving to H�⌧ 2 {50, 100}, this e↵ect will vanish
due to a stronger class imbalance. For all the small-tick stocks, the decrease of pT is fast when
applying probability thresholds. Specifically, net of minor oscillations, the probability of correctly
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These findings are also coherent with the ones observed in Table A1, where for stocks belonging to the second family, we

observe an average (computed across years) IR value equal to 1.85, which is higher than the one observed for the stocks

belonging to the first family of stocks (i.e., 1.71).
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When you are right matters more than how often

In this application domain, we are more interested 
in the chronological location of prediction errors 
rather than in the number of their occurrences. 


We are interested in (i) having at least one correct 
prediction for each ‘Down’ or ‘Up’ movement; and, 
consequently, (ii) in not having any premature 
closing signal for an existing open position. The 
nature and the number of other errors are tolerable 
when these two conditions are satisfied. 


In real-world scenarios, also probabil it ies 
associated with forecasts should be taken into 
account: we can decide to enter or exit a position 
based on the probability associated with the 
forecast (i.e., the strength of the signal).
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different probability thresholds one may break the signal’s sequence, and even if

the performance of classical machine learning metrics increases because of the in-

crease of the strength of the signal, they are not able to correctly manage positions.

On the other hand they highlight, one more time, the impact of the microstructural

properties of the stocks on the signal’s usability: overall large-tick stocks demon-

strate to offer higher probabilities to actually operate trading in a fully automated

way compared to small-tick stocks.
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Figure 5.12: Coarse-grained representation of the behaviour of the average pT and MCC
at HDt 2 [10, 50, 100]. For each class of stocks, I compute the average value
for both metrics applying different probability thresholds (i.e., 0.3, 0.5, 0.7,
0.9). I notice two different behaviours that remain consistent across different
scenarios: (i) pT decreases for increasing probability thresholds and increases
moving from small-tick stocks to large-tick stocks; (ii) the MCC increases for
increasing probability thresholds (this is more evident moving to longer pre-
diction horizons) and increases also moving from small-tick stocks to large-
tick stocks. I highlight in red the scenarios where no probability threshold is
applied (i.e., the signal’s sequence is untouched).

Deepening the analysis at the the level of specific stocks, looking at Table 5.8,

Predictions      trades

Small-tick stocks
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Large tick stocks
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Figure 13. Coarse-grained representation of the behaviour of the average pT and MCC at H�⌧ 2 {10, 50, 100}.
For each class of stocks, we compute the average value for both metrics applying di↵erent probability thresholds
(i.e., 0.3, 0.5, 0.7, 0.9). We notice two di↵erent behaviours that remain consistent across di↵erent scenarios: (i) pT
decreases for increasing probability thresholds and increases moving from small-tick stocks to large-tick stocks;
(ii) the MCC increases for increasing probability thresholds (this is more evident moving to longer prediction
horizons) and increases also moving from small-tick stocks to large-tick stocks. We highlight in red the scenarios
where no probability threshold is applied (i.e., the signal’s sequence is untouched).

executing a trade at a threshold larger than 0.5 is zero. For medium-tick stocks, the average PT (i.e.,
2.1⇥105) is strongly biased by the behaviour of AAPL. In contrast, pT (which has an average value
equal to 0.14) has similar realizations for all the stocks. Also in this case, the decrease in pT is fast
when thresholds are applied, and the probability of correctly executing a transaction at a threshold
larger than 0.5 is 0. The behaviour is di↵erent when we analyze large-tick stocks. In this case, the
average PT equals 5.3 ⇥ 104, which is almost 1/3 of the one detected for small-tick stocks. Even
if the number of LOB updates is much higher for large-tick stocks than for small-tick stocks, the
number of mid-price changes, and, consequently, the number of potentially exploitable transactions,
follows an inverse pattern, being, on average, one order of magnitude higher for small-tick stocks
than for large-tick stocks. Also the application of probability thresholds in large-tick stocks leads to
di↵erent results. Indeed, without applying any threshold, the average pT value for this class of stocks
equals 0.10, with a smoother decrease for higher threshold values. In this case, the probability of
correctly executing a transaction is ⇡ 0 only for a threshold equal to 0.9. To deepen the pT-related
results discussed for H10, it is useful to exploit the average confusion matrices in Figure 7 as an
instrument to understand the distribution of forecasting errors. In this context, indeed, we observe
that the non-negligible frequency of reciprocal misclassifications between the extreme classes (�1
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•  decreases for increasing probability thresholds and increases moving from small-tick stocks to 
large-tick stocks; 

•MCC increases for increasing probability thresholds (this is more evident moving to longer prediction 
horizons) and increases also moving from small-tick stocks to large-tick stocks.

pT



Main take aways - part 1

Microstructural 
properties 

matter
Large tick stocks are more predictable across all 

prediction horizons

Rethinking 
performance 

metrics
ML metrics may not be suitable in assessing the 
goodness of predictions in a financial context.



Part 2: Enhancing DeepLOB with Complexity Science Tools

Objective:
Augment DeepLOB using Information Filtering 
Network (IFN) techniques to capture structured 
dependencies in limit order books.

Focus:
• Preprocessing LOB data with complexity science 

tools.
• Integrating filtered information into deep learning 

models.
• Demonstrate improved learning and interpretability 

of volume-flow interactions.



Information Filtering
Information Filtering Networks are an effective tool to model dependency structures among 
variables characterizing complex systems via network science, while imposing topological  
constraints (e.g., being  a  tree  or  a  planar graph)  and  optimizing  global properties (e.g., the 
model’s likelihood).

Time series Metric Constraint & 
Network

Aste, T. (2025). Information Filtering Networks: Theoretical Foundations, Generative Methodologies, and Real-World Applications. ArXiv:2505.03812.
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Fig. 1. Normalized average class distribution across the training, validation, and test set over a 3-year analysis period at H�
⌧
À {10, 50, 100}. Class imbalances vary significantly

across horizons and stock groups. For small-tick stocks, near-balance is observed at H�
⌧
À {10}, with increasingly pronounced imbalance at longer prediction horizons. Large-tick

stocks show strong class imbalance towards the central class at H�
⌧
À {10}, transitioning to near-balance at H�

⌧
À {100}. Medium-tick stocks exhibit less pronounced trends, with

mixed behaviors.

Fig. 2. Schematic representation of the TMFG’s building process: (a) we start from a simplified version of the LOB containing only volumes data; (b) we mitigate the noise affecting
the LOB by categorizing volumes into bins of uniform size; (c) we compute the pairwise MI between volume levels; and (d) we build the TMFG using the MI matrix as input.
We remark that in the proposed graph representation, both nodes’ and edges’ color/dimension depend on their betweenness centrality. The color bar remains consistent for both
the MI matrix and the corresponding TMFG representation. It is worth noticing that the TMFG captures not only local interactions (i.e., interactions between consecutive volume
levels on the same side of the LOB, or across volumes on the same level but opposite sides of the LOB), but also deeper and non-trivial dependency structures among volume
levels on the same and opposite sides of the LOB.

(i.e., MI matrices). It is worth noticing that the reliability of the MI
computation is strengthened through a bootstrapping process applied
on a daily basis on LOB data. For each stock, the final MI matrix is
derived by averaging daily MI matrices in the training set.

As a third step, stock-related TMFGs are computed by using average
MI matrices as similarity matrices. We remark that, given the multivari-
ate system L, our primary goal is to estimate the multivariate probabil-
ity density function õf (LG<) with representation structure G< that best
describes the true and unknown f (L). From an information theoretic
perspective, the learning of an optimal network representation G< con-
sists of minimizing the Kullback–Leibler divergence (D

K L) (Kullback

& Leibler, 1951) between f (L) and õf (LG), and, consequently, the
cross-entropy (H) of the underlying system:
G< Ÿ ar g min

G
D

K L(f (L) fl õf (LG))
Ÿ ar g min

G ⇠⇠⇠⇠⇠E
f
(log f (L)) * E

f
(log õf (LG))

Ÿ ar g min
G
(H(LG))

(3)

The term E
f
(log f (L)) in Eq. (3) is independent from Gand therefore

its value is irrelevant to the purpose of discovering the optimal repre-
sentation network. The second term, *E(log õf (LG)) (notice the minus),
instead, depends on G and must be minimized. It is the estimate of
the entropy of the multivariate system under analysis and corresponds
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Mutual 
information IFN (TMFG)

Massara, G. P., Di Matteo, T., & Aste, T. (2016). Network filtering for big data: Triangulated maximally filtered graph. Journal of complex Networks, 5(2), 161-178.

We show the process to construct the Triangulated Maximally Filtered Graph (TMFG) from Limit Order Book (LOB) data.
(a) In the first preprocessing step, only volume information is retained, and volume values are grouped into uniformly spaced 
bins to reduce noise and discretize the data.
(b) Pairwise mutual information (MI) is then computed between all volume levels to capture dependencies—both within and 
across bid and ask sides. The resulting MI matrix reflects the strength of informational connections between volume levels.
(c) Finally, the TMFG is constructed using the MI matrix as input, yielding a sparse and interpretable network. In the TMFG, 
nodes represent volume levels, and edges capture significant dependencies.
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Appendix C.

(a)

(b)

Figure 3: Pictorial representations of an HNN and HCNN architectures. In Figure (a), from
left to right, (i) we start from a chordal graph representing the dependency struc-
tures of features in the underlying system; (ii) we re-arrange the network’s rep-
resentation to highlight the underlying simplicial complex structures (i.e. edges,
triangles, tetrahedra); and (iii) we finally report a layered representation, which
explicitly takes into account higher order sub-structures and their interconnec-
tions, and can be easily converted into a computational unit (i.e. a sparse MLP).
In Figure (b), from left to right, (i) we start from a chordal graph representing
the dependency structures of features in the underlying system; (ii) we isolate the
maximal cliques corresponding to 1-, 2- and 3-dimensional simplices (i.e. edges,
triangles, tetrahedra) and we group them into 1D vectors containing features’
realizations; (iii) we compute a 1st-level convolution to extract simplicial-wise
non-linear relationships; (iv) we compute a 2nd-level convolution, which operates
on the output of the previous level of convolution across all the representatives
of each simplicial family extracting a class of non-trivial homological insights;
(v) we finally apply a linear map from the 2nd-level convolution to the output,
extracting model’s predictions.

224

Wang,Y.,Briola,A.,&Aste,T, 
HomologicalNeuralNet- works: A Sparse 
Architecture for Multivariate Complexity. In 
Topological, Algebraic and Geometric Learning 
Workshops 2023 (pp. 228-241). PMLR. 

HNN
 (i) We start from a graph representing the dependency structures of features; (ii) we re-arrange the 
network’s representation to highlight the underlying simplicial structures (i.e. edges, triangles, 
tetrahedra); and (iii) we end up with a layered representation, which takes into account higher order 
sub-structures and their interconnections, and can be converted into a computational unit (i.e. a 
sparse MLP).
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Figure 1: Pictorial representation of an HCNN and its building pipeline. From left to right,
(i) we start from a chordal graph representing the dependency structures of fea-
tures in the underlying system; (ii) we isolate the maximal cliques corresponding
to 1-, 2- and 3-dimensional simplices (i.e. edges, triangles, tetrahedra) and we
group them into 1D vectors containing features’ realizations; (iii) we compute a
1st-level convolution to extract simplicial-wise non-linear relationships; (iv) we
compute a 2nd-level convolution, which operates on the output of the previous
level of convolution across all the representatives of each simplicial family extract-
ing a class of non-trivial homological insights; (v) we finally apply a linear map
from the 2nd-level convolution to the output, extracting model’s predictions.

After the 1st-level convolution, which extract element-wise information from geometrical
structures belonging to the same simplicial family, we apply a 2nd-level convolution to
extract further homological insights. Indeed, the convolution is applied to the output of
the first layer, extracting information related to entities belonging to the same simplicial
family, which are not necessarily related in the original network representation. In this
case, we use a kernel with a size equal to the cardinality of the simplicial family (i.e.
|E|, |R|, |H| respectively) and a number of filters ⇠ 2 [32 � 64] (notice that, also in this
case, the punctual value is chosen through an extended hyper-parameters search). The
final layer of the HCNN architecture is linear, and maps the outputs from the 2nd-level
convolution to the output. It is worth noticing that each level of convolution is followed by a
regularization layer with a dropout rate equal to 0.25 and the non-linear activation function
is the standard Rectified Linear Unit (ReLU). As one can see, the HCNN’s building pipeline is
fully explainable: (i) we start from a network representation (i.e. the IFN) that captures the
system’s multivariate probability distribution by maximising its likelihood (see Section 2.4)
and gaining relational information from sparse tabular inputs; and (ii) we transform such a
representation into a standalone neural network architecture by mapping each topological
prior into a computational block. The only hyper-parameter subject to tuning is the number
of filters in both layers of the HCNN (i.e. ⇣ and ⇠); all the other architectural choices are
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Information Filtering + Deep Learning 

HCNN 

The model uses a chordal graph to capture feature dependencies, identifies simplicial structures 
(edges, triangles, tetrahedra), and processes them through two levels of convolutions — first to 
extract local non-linear relationships, then to uncover higher-order patterns — before applying a final 
linear layer to generate predictions.


Briola A., Wang Y. , Bartolucci S.,  Aste T. 
Homological Convolutional Neural 
Networks, Proceedings of the 2nd NeurIPS 
Workshop on Symmetry and Geometry in 
Neural Representations, PMLR 
228:206-231, 2024.
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Fig. 3. This diagram illustrates the sequence of steps transitioning (a) from the output of the TMFG building process (b) to the input of the HLOB model. To construct the
TMFG, we exclusively utilize volume levels from the LOB, forming a network characterized by three topological structures: tetrahedra, triangles, and edges. To prepare the inputs
for the HLOB model, we perform two main tasks: (i) for each timestamp in the input’s temporal dimension, we flatten each of the aforementioned sets; (ii) we incorporate the
corresponding price levels’ data into each representative of these three new input sets. Note that there is a direct mapping between the colors used in this Figure and the ones
used later to highlight the inputs of the HLOB model in Fig. 4.

to the so-called cross-entropy (H). This minimization problem can
be incrementally solved by joining the system’s disconnected parts
sharing the largest MI, which is exactly what the TMFG algorithm does
(see Massara et al. (2017)).

It is worth noticing that the double auction mechanism underlying
the LOB allows orders’ placement dynamics that may manifest their
effects over heterogeneous time scales (Bouchaud et al., 2018, 2009;
Jain, Firoozye, Kochems, & Treleaven, 2024a, 2024b; Jain, Muzy,
Kochems, & Bacry, 2024; Lehalle & Laruelle, 2018). Our approach
captures local interactions and deeper, non-trivial dependencies that
unfold across LOB’s levels and sides at different temporal horizons (see
Fig. 2). The TMFG building process guarantees this advantage and,
as we explain in Section 4.2, allows the HCNN to overcome a major
limitation characterizing existing models, which instead exploit non-
linear transformations to describe local interactions across consecutive
price and volume levels incrementally.

4.2. From HCNN to HLOB

From each TMFG computed as described in Section 4.1, we isolate
the realizations of 3 simplicial families: (i) maximal cliques with size 4
(i.e., 3-dimensional simplices or tetrahedra); (ii) maximal cliques with
size 3 (i.e., 2-dimensional simplices or triangles); (iii) maximal cliques
with size 2 (i.e., 1-dimensional simplices or edges).

These three higher-order structures are sufficient to capture all the
dependencies described by the chosen IFN. Given that the number of
observed volume levels is constant across different stocks and trading
days, we can deterministically compute (i) the shape of the vector of
tetrahedra (17 ù 4); (ii) the shape of the vector of triangles (52 ù 3);
and (iii) the shape of the vector of edges, (54 ù 2). All of them serve as
input for the HLOB model10, which, however, is designed to handle not
only the spatial dynamics captured by the TMFG, but also the temporal
dynamics of the LOB. In this sense, as model’s input, consistently with
the work by Zhang, Zohren, and Roberts (2019), we also use a history
window of 100 LOB’s updates11.

10 At this stage, we use scaled data-only (see Section 3).
11 We remark the existence of strong designing analogies between the HLOB

model and the DeepLOB one (Zhang, Zohren, & Roberts, 2019), which, indeed,
represents an archetype for the architecture introduced in this research paper.
For this reason, in Section 5, we will systematically discuss the comparison
between the forecasting performances of these two models.

Fig. 4. Visual overview of the HLOB model’s operational framework. Note that there
is a direct mapping between the colors used to denote the inputs of the HLOB model
here and the colors used to represent the three categories of topological priors derived
from a TMFG in Fig. 3.

As described in Section 4.1, we use only the volume levels in the
building process of the TMFG. However, price levels carry significant
information that cannot be ignored. For this reason, we include them
in the HLOB’s building stage: for each timestamp constituting the
input’s historical dimension, we flat the vector of tetrahedra, triangles,
and edges, and, for each volume level, we insert the corresponding
price level. This transformation is schematically depicted in Fig. 3,
where we show the flattening step for the 3 sets of simplicial families
constituting the average TMFG, and the insertion of the price levels
for each timestamp in the historical dimension of the HLOB’s input.
This operation produces 3 conceptually new 2D input vectors: (i) one
of size (100 ù 136) (i.e., the re-shaped vector of tetrahedra); (ii) one of
size (100 ù 312) (i.e., the re-shaped vector of triangles); and (iii) one
of size (100 ù 216) (i.e., the re-shaped vector of edges). Each vector is
separately passed as input to one head of the HLOB model.

For each head, the size of the first convolutional filter is (1 ù 2) with
a stride of (1 ù 2). As described in the work by Zhang, Zohren, and
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dynamics of the LOB. In this sense, as model’s input, consistently with
the work by Zhang, Zohren, and Roberts (2019), we also use a history
window of 100 LOB’s updates11.

10 At this stage, we use scaled data-only (see Section 3).
11 We remark the existence of strong designing analogies between the HLOB
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As described in Section 4.1, we use only the volume levels in the
building process of the TMFG. However, price levels carry significant
information that cannot be ignored. For this reason, we include them
in the HLOB’s building stage: for each timestamp constituting the
input’s historical dimension, we flat the vector of tetrahedra, triangles,
and edges, and, for each volume level, we insert the corresponding
price level. This transformation is schematically depicted in Fig. 3,
where we show the flattening step for the 3 sets of simplicial families
constituting the average TMFG, and the insertion of the price levels
for each timestamp in the historical dimension of the HLOB’s input.
This operation produces 3 conceptually new 2D input vectors: (i) one
of size (100 ù 136) (i.e., the re-shaped vector of tetrahedra); (ii) one of
size (100 ù 312) (i.e., the re-shaped vector of triangles); and (iii) one
of size (100 ù 216) (i.e., the re-shaped vector of edges). Each vector is
separately passed as input to one head of the HLOB model.

For each head, the size of the first convolutional filter is (1 ù 2) with
a stride of (1 ù 2). As described in the work by Zhang, Zohren, and
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Table 3
We report a summary of three main characteristics of benchmark models: (i) original code availability; (ii) model’s number of trainable parameters; and (iii) model’s inference time
in milliseconds. The original code is not provided for 5 out of 6 of the models having a direct reference in the literature. BinBTabl is the most parsimonious among benchmark
models with a number of trainable parameters equal to 6.6 ù 103, while LobTransformer is the less parsimonious one with a number of trainable parameters equal to 2.0 ù 106. The
model with the lowest inference time is CNN1 (i.e., 0.07 ms, while the model with the highest inference time is LobTransformer (i.e., 0.29 ms).
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original code
availability

7 7 7 – – – 7 7 3 –

n. trainable
parameters

3.5 ù 104 2.8 ù 105 2.2 ù 105 1.1 ù 105 1.1 ù 105 2.0 ù 106 6.6 ù 103 2.2 ù 104 1.4 ù 105 1.8 ù 105

inference time
(ms)

0.07 0.14 0.15 0.16 0.15 0.29 0.19 0.13 0.16 0.16

Table 4
Models’ performances at H�

⌧
= 10. For each deep learning architecture we report three key metrics: (i) the F1 score; (ii) the MCC; and (iii) the pT. For each stock, we highlight

the best performing model (green), the second-best performing model (blue) and the worst performing alternative (red); a model is considered superior to the others if the sum
of the 3 performance metrics is maximal.

H10
cnn1 cnn2 dla transformer itransformer lobtransformer binbtabl binctabl deeplob hlob

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

CHTR 0.39 0.11 0.06 0.38 0.09 0.05 0.39 0.11 0.04 0.40 0.12 0.06 0.35 0.05 0.04 0.31 0.07 0.04 0.42 0.15 0.06 0.43 0.16 0.06 0.39 0.10 0.05 0.43 0.17 0.06
GOOG 0.42 0.16 0.04 0.42 0.16 0.04 0.39 0.13 0.03 0.41 0.15 0.04 0.27 0.04 0.04 0.44 0.18 0.05 0.45 0.18 0.08 0.46 0.20 0.08 0.45 0.19 0.04 0.46 0.21 0.05

GS 0.36 0.10 0.09 0.29 0.06 0.06 0.38 0.09 0.08 0.38 0.12 0.10 0.31 0.05 0.02 0.16 0.00 0.00 0.40 0.15 0.09 0.41 0.15 0.10 0.34 0.10 0.08 0.41 0.17 0.12
IBM 0.36 0.09 0.12 0.36 0.08 0.08 0.35 0.08 0.11 0.35 0.11 0.11 0.30 0.06 0.02 0.30 0.05 0.05 0.36 0.10 0.14 0.37 0.10 0.14 0.38 0.11 0.13 0.40 0.13 0.14
MCD 0.37 0.08 0.10 0.35 0.08 0.08 0.38 0.09 0.10 0.38 0.10 0.11 0.31 0.04 0.02 0.28 0.04 0.01 0.39 0.11 0.12 0.40 0.11 0.12 0.41 0.12 0.11 0.41 0.13 0.13
NVDA 0.31 0.06 0.07 0.24 0.00 0.00 0.33 0.07 0.06 0.36 0.08 0.10 0.24 0.02 0.03 0.22 0.02 0.00 0.41 0.13 0.13 0.41 0.13 0.14 0.34 0.08 0.09 0.40 0.12 0.14

AAPL 0.42 0.16 0.13 0.39 0.14 0.09 0.41 0.14 0.12 0.41 0.16 0.13 0.35 0.09 0.07 0.39 0.17 0.10 0.41 0.15 0.15 0.42 0.16 0.16 0.43 0.17 0.15 0.42 0.18 0.15
ABBV 0.38 0.13 0.12 0.39 0.12 0.10 0.39 0.13 0.11 0.40 0.15 0.13 0.31 0.06 0.03 0.33 0.10 0.04 0.36 0.13 0.13 0.37 0.14 0.13 0.39 0.13 0.13 0.42 0.18 0.14
PM 0.35 0.08 0.09 0.39 0.10 0.09 0.37 0.08 0.08 0.36 0.09 0.09 0.29 0.02 0.02 0.28 0.04 0.04 0.36 0.10 0.12 0.36 0.11 0.13 0.36 0.12 0.13 0.39 0.13 0.13
BAC 0.43 0.23 0.04 0.38 0.21 0.06 0.38 0.23 0.04 0.44 0.28 0.05 0.36 0.18 0.09 0.46 0.29 0.05 0.45 0.27 0.06 0.45 0.28 0.07 0.46 0.30 0.07 0.47 0.32 0.06

CSCO 0.47 0.29 0.08 0.50 0.29 0.09 0.47 0.28 0.07 0.48 0.29 0.08 0.41 0.19 0.11 0.47 0.27 0.08 0.45 0.28 0.08 0.44 0.27 0.07 0.49 0.30 0.08 0.50 0.33 0.08
KO 0.47 0.26 0.08 0.47 0.27 0.10 0.46 0.28 0.09 0.47 0.28 0.09 0.39 0.17 0.10 0.48 0.30 0.10 0.45 0.28 0.10 0.43 0.27 0.10 0.48 0.28 0.10 0.49 0.31 0.10

ORCL 0.47 0.27 0.10 0.45 0.26 0.09 0.45 0.26 0.10 0.48 0.30 0.11 0.38 0.16 0.07 0.48 0.31 0.11 0.46 0.27 0.10 0.44 0.26 0.10 0.49 0.32 0.11 0.48 0.32 0.11
PFE 0.43 0.24 0.09 0.42 0.24 0.09 0.43 0.25 0.09 0.44 0.25 0.09 0.36 0.17 0.11 0.45 0.27 0.09 0.47 0.29 0.09 0.46 0.28 0.10 0.46 0.27 0.09 0.49 0.32 0.10
VZ 0.47 0.23 0.08 0.42 0.17 0.07 0.47 0.26 0.09 0.47 0.27 0.10 0.39 0.16 0.10 0.46 0.25 0.10 0.45 0.26 0.10 0.41 0.24 0.10 0.49 0.28 0.11 0.46 0.28 0.10

the results of this analysis in Tables 4, 5, and 6, highlighting the best
performing model (green), the second-best performing model (blue)
and the worst performing alternative (red). For each stock, a model
is considered superior to the others if the sum of the 3 performance
metrics is maximal. Year-wise metrics are computed, and, for each
horizon H�

⌧
À {10, 50, 100}, only the average value is provided.

Looking at Table 4, we notice that, at H�
⌧
= 10, HLOB outperforms

SOTA alternatives in the 73.3% of cases. For small-tick stocks, it is the
best-performing model in 4_6 scenarios (i.e., CHTR, GS, IBM, MCD);
in the case of GOOG, it is the second-best alternative, while in the
case of NVDA, it is the third-best alternative. For medium-tick stocks,
HLOB is the best-performing model in 3_3 scenarios (i.e., AAPL, ABBV,
PM), while, for large-tick stocks, it is the best-performing option in 4_6
cases (i.e., BAC, CSCO, KO, PFE) and the second-best alternative in the
remaining 2 scenarios (i.e., ORCL and VZ). The HLOB average F1 score
is equal to 0.42 for small-tick stocks, 0.41 for medium-tick stocks, and
0.48 for large-tick stocks. The average MCC is equal to 0.16 for small-
and medium-tick stocks, and to 0.33 for large-tick stocks. The average
pT is equal to 0.11 for small-tick stocks, 0.14 for medium-tick stocks,

12 The pT metric was firstly introduced by Briola et al. (2024) to describe
the probability od correctly executing round-trip transactions. It is defined
as pT = CT

PT+TT*CT
. PT is the number of potential transactions (a transaction

happens when one is able to open a position and then close it); we use the
term ‘potential’ because transactions are counted on the targets’ set. TT is the
number of executed transactions; it is computed in the same manner as PT, but
on the predictions’ set. CT is the number of correctly executed transactions; it
counts how many times a transaction executed on the predictions’ set has a
correspondence in the targets’ set. Being a probability measure, pT takes values
between 0 and 1.

and 0.09 for large-tick stocks. Focusing on inter-models’ dynamics,
we observe that, for small- to medium-tick stocks, performances are
very similar for all the 3 evaluation metrics except for iTransformer
and LobTransformer (which are the worst-performing alternatives). For
large-tick stocks, instead, we observe that also the worst-performing
models, even showing a considerable distance from the best-performing
alternative in traditional machine-learning metrics’ realizations (i.e., F1
score and MCC), present competitive realizations in the case of pT.
Comparing HLOB performances with DeepLOB ones, we observe that (i)
the average gain in F1 score is equal to 0.03 for small-tick stocks, 0.02
for medium-tick stocks, and 0.003 for large-tick stocks; (ii) the average
gain in MCC is equal to 0.04 for small-tick stocks, 0.02 for medium-tick
stocks, and 0.02 for large-tick stocks; (iii) the average gain in pT is equal
to 0.02 for large-tick stocks, 0.01 for medium-tick stocks, and 0.00 for
large-tick stocks.

Looking at Table 5, we notice that, at H�
⌧

= 50, HLOB model
outperforms SOTA alternatives in the 60% of cases (10% less than what
happens at H�

⌧
= 10). For small-tick stocks, it is the best-performing

model in 1_6 scenarios (i.e., IBM); in the case of GS and MCD, it is
the second-best alternative, while in all the other cases (i.e., CHTR,
GOOG, and NVDA), it is the third-best alternative. For medium-tick
stocks, HLOB is the best-performing model in 3_3 scenarios (i.e., AAPL,
ABBV, PM), while, for large-tick stocks, it is the best-performing model
in 5_6 cases (i.e., BAC, CSCO, KO, ORCL, VZ), being the second-best
alternative in the case of PFE. The HLOB average F1 score is equal
to 0.36 for small-tick stocks (with a percentage decrease of 16.66%
compared to the realization at H�

⌧
= 10), 0.40 for medium-tick stocks

(with a percentage decrease of 2.50% compared to the realization at
H�

⌧
= 10), and 0.58 for large-tick stocks (with a percentage increase

of 17.24% compared to the realization at H�
⌧
= 10). The average MCC
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Table 3
We report a summary of three main characteristics of benchmark models: (i) original code availability; (ii) model’s number of trainable parameters; and (iii) model’s inference time
in milliseconds. The original code is not provided for 5 out of 6 of the models having a direct reference in the literature. BinBTabl is the most parsimonious among benchmark
models with a number of trainable parameters equal to 6.6 ù 103, while LobTransformer is the less parsimonious one with a number of trainable parameters equal to 2.0 ù 106. The
model with the lowest inference time is CNN1 (i.e., 0.07 ms, while the model with the highest inference time is LobTransformer (i.e., 0.29 ms).
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original code
availability

7 7 7 – – – 7 7 3 –

n. trainable
parameters

3.5 ù 104 2.8 ù 105 2.2 ù 105 1.1 ù 105 1.1 ù 105 2.0 ù 106 6.6 ù 103 2.2 ù 104 1.4 ù 105 1.8 ù 105

inference time
(ms)

0.07 0.14 0.15 0.16 0.15 0.29 0.19 0.13 0.16 0.16

Table 4
Models’ performances at H�

⌧
= 10. For each deep learning architecture we report three key metrics: (i) the F1 score; (ii) the MCC; and (iii) the pT. For each stock, we highlight

the best performing model (green), the second-best performing model (blue) and the worst performing alternative (red); a model is considered superior to the others if the sum
of the 3 performance metrics is maximal.

H10
cnn1 cnn2 dla transformer itransformer lobtransformer binbtabl binctabl deeplob hlob

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

F1 MCC p
T

CHTR 0.39 0.11 0.06 0.38 0.09 0.05 0.39 0.11 0.04 0.40 0.12 0.06 0.35 0.05 0.04 0.31 0.07 0.04 0.42 0.15 0.06 0.43 0.16 0.06 0.39 0.10 0.05 0.43 0.17 0.06
GOOG 0.42 0.16 0.04 0.42 0.16 0.04 0.39 0.13 0.03 0.41 0.15 0.04 0.27 0.04 0.04 0.44 0.18 0.05 0.45 0.18 0.08 0.46 0.20 0.08 0.45 0.19 0.04 0.46 0.21 0.05

GS 0.36 0.10 0.09 0.29 0.06 0.06 0.38 0.09 0.08 0.38 0.12 0.10 0.31 0.05 0.02 0.16 0.00 0.00 0.40 0.15 0.09 0.41 0.15 0.10 0.34 0.10 0.08 0.41 0.17 0.12
IBM 0.36 0.09 0.12 0.36 0.08 0.08 0.35 0.08 0.11 0.35 0.11 0.11 0.30 0.06 0.02 0.30 0.05 0.05 0.36 0.10 0.14 0.37 0.10 0.14 0.38 0.11 0.13 0.40 0.13 0.14
MCD 0.37 0.08 0.10 0.35 0.08 0.08 0.38 0.09 0.10 0.38 0.10 0.11 0.31 0.04 0.02 0.28 0.04 0.01 0.39 0.11 0.12 0.40 0.11 0.12 0.41 0.12 0.11 0.41 0.13 0.13
NVDA 0.31 0.06 0.07 0.24 0.00 0.00 0.33 0.07 0.06 0.36 0.08 0.10 0.24 0.02 0.03 0.22 0.02 0.00 0.41 0.13 0.13 0.41 0.13 0.14 0.34 0.08 0.09 0.40 0.12 0.14

AAPL 0.42 0.16 0.13 0.39 0.14 0.09 0.41 0.14 0.12 0.41 0.16 0.13 0.35 0.09 0.07 0.39 0.17 0.10 0.41 0.15 0.15 0.42 0.16 0.16 0.43 0.17 0.15 0.42 0.18 0.15
ABBV 0.38 0.13 0.12 0.39 0.12 0.10 0.39 0.13 0.11 0.40 0.15 0.13 0.31 0.06 0.03 0.33 0.10 0.04 0.36 0.13 0.13 0.37 0.14 0.13 0.39 0.13 0.13 0.42 0.18 0.14
PM 0.35 0.08 0.09 0.39 0.10 0.09 0.37 0.08 0.08 0.36 0.09 0.09 0.29 0.02 0.02 0.28 0.04 0.04 0.36 0.10 0.12 0.36 0.11 0.13 0.36 0.12 0.13 0.39 0.13 0.13
BAC 0.43 0.23 0.04 0.38 0.21 0.06 0.38 0.23 0.04 0.44 0.28 0.05 0.36 0.18 0.09 0.46 0.29 0.05 0.45 0.27 0.06 0.45 0.28 0.07 0.46 0.30 0.07 0.47 0.32 0.06

CSCO 0.47 0.29 0.08 0.50 0.29 0.09 0.47 0.28 0.07 0.48 0.29 0.08 0.41 0.19 0.11 0.47 0.27 0.08 0.45 0.28 0.08 0.44 0.27 0.07 0.49 0.30 0.08 0.50 0.33 0.08
KO 0.47 0.26 0.08 0.47 0.27 0.10 0.46 0.28 0.09 0.47 0.28 0.09 0.39 0.17 0.10 0.48 0.30 0.10 0.45 0.28 0.10 0.43 0.27 0.10 0.48 0.28 0.10 0.49 0.31 0.10

ORCL 0.47 0.27 0.10 0.45 0.26 0.09 0.45 0.26 0.10 0.48 0.30 0.11 0.38 0.16 0.07 0.48 0.31 0.11 0.46 0.27 0.10 0.44 0.26 0.10 0.49 0.32 0.11 0.48 0.32 0.11
PFE 0.43 0.24 0.09 0.42 0.24 0.09 0.43 0.25 0.09 0.44 0.25 0.09 0.36 0.17 0.11 0.45 0.27 0.09 0.47 0.29 0.09 0.46 0.28 0.10 0.46 0.27 0.09 0.49 0.32 0.10
VZ 0.47 0.23 0.08 0.42 0.17 0.07 0.47 0.26 0.09 0.47 0.27 0.10 0.39 0.16 0.10 0.46 0.25 0.10 0.45 0.26 0.10 0.41 0.24 0.10 0.49 0.28 0.11 0.46 0.28 0.10

the results of this analysis in Tables 4, 5, and 6, highlighting the best
performing model (green), the second-best performing model (blue)
and the worst performing alternative (red). For each stock, a model
is considered superior to the others if the sum of the 3 performance
metrics is maximal. Year-wise metrics are computed, and, for each
horizon H�

⌧
À {10, 50, 100}, only the average value is provided.

Looking at Table 4, we notice that, at H�
⌧
= 10, HLOB outperforms

SOTA alternatives in the 73.3% of cases. For small-tick stocks, it is the
best-performing model in 4_6 scenarios (i.e., CHTR, GS, IBM, MCD);
in the case of GOOG, it is the second-best alternative, while in the
case of NVDA, it is the third-best alternative. For medium-tick stocks,
HLOB is the best-performing model in 3_3 scenarios (i.e., AAPL, ABBV,
PM), while, for large-tick stocks, it is the best-performing option in 4_6
cases (i.e., BAC, CSCO, KO, PFE) and the second-best alternative in the
remaining 2 scenarios (i.e., ORCL and VZ). The HLOB average F1 score
is equal to 0.42 for small-tick stocks, 0.41 for medium-tick stocks, and
0.48 for large-tick stocks. The average MCC is equal to 0.16 for small-
and medium-tick stocks, and to 0.33 for large-tick stocks. The average
pT is equal to 0.11 for small-tick stocks, 0.14 for medium-tick stocks,

12 The pT metric was firstly introduced by Briola et al. (2024) to describe
the probability od correctly executing round-trip transactions. It is defined
as pT = CT

PT+TT*CT
. PT is the number of potential transactions (a transaction

happens when one is able to open a position and then close it); we use the
term ‘potential’ because transactions are counted on the targets’ set. TT is the
number of executed transactions; it is computed in the same manner as PT, but
on the predictions’ set. CT is the number of correctly executed transactions; it
counts how many times a transaction executed on the predictions’ set has a
correspondence in the targets’ set. Being a probability measure, pT takes values
between 0 and 1.

and 0.09 for large-tick stocks. Focusing on inter-models’ dynamics,
we observe that, for small- to medium-tick stocks, performances are
very similar for all the 3 evaluation metrics except for iTransformer
and LobTransformer (which are the worst-performing alternatives). For
large-tick stocks, instead, we observe that also the worst-performing
models, even showing a considerable distance from the best-performing
alternative in traditional machine-learning metrics’ realizations (i.e., F1
score and MCC), present competitive realizations in the case of pT.
Comparing HLOB performances with DeepLOB ones, we observe that (i)
the average gain in F1 score is equal to 0.03 for small-tick stocks, 0.02
for medium-tick stocks, and 0.003 for large-tick stocks; (ii) the average
gain in MCC is equal to 0.04 for small-tick stocks, 0.02 for medium-tick
stocks, and 0.02 for large-tick stocks; (iii) the average gain in pT is equal
to 0.02 for large-tick stocks, 0.01 for medium-tick stocks, and 0.00 for
large-tick stocks.

Looking at Table 5, we notice that, at H�
⌧

= 50, HLOB model
outperforms SOTA alternatives in the 60% of cases (10% less than what
happens at H�

⌧
= 10). For small-tick stocks, it is the best-performing

model in 1_6 scenarios (i.e., IBM); in the case of GS and MCD, it is
the second-best alternative, while in all the other cases (i.e., CHTR,
GOOG, and NVDA), it is the third-best alternative. For medium-tick
stocks, HLOB is the best-performing model in 3_3 scenarios (i.e., AAPL,
ABBV, PM), while, for large-tick stocks, it is the best-performing model
in 5_6 cases (i.e., BAC, CSCO, KO, ORCL, VZ), being the second-best
alternative in the case of PFE. The HLOB average F1 score is equal
to 0.36 for small-tick stocks (with a percentage decrease of 16.66%
compared to the realization at H�

⌧
= 10), 0.40 for medium-tick stocks

(with a percentage decrease of 2.50% compared to the realization at
H�

⌧
= 10), and 0.58 for large-tick stocks (with a percentage increase

of 17.24% compared to the realization at H�
⌧
= 10). The average MCC
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Fig. 5. Distribution of pT (see the work by Briola et al. (2024)) as a function of the total number of executed round-trip transactions (TT) computed for each model in Table 3
at H�

⌧
À {10, 50, 100}.

but slightly inferior to BinBTabl and BinCTabl. We postulate that these
last two models perform better on longer horizons because they apply
a dual-attention mechanism on the input’s spatial and temporal dimen-
sion (the IFN behind the HLOB model only handles spatial dynamics).
This means that they orchestrate a selective focus on specific elements
of the input by assigning varying weights indicative of their relative
significance for the given task across spatial and time LOB features,
allowing the refinement of the captured non-linear relationships across
time. This advantage comes with a drawback. Indeed, the high level of
interpretability offered by the standard attention decreases in systems
employing the dual-attention mechanism due to the inherent complex-
ity of capturing evolving spatial dependencies over time, leading to
a more dynamic and nuanced understanding of the data that might
not be as easily interpreted statically. The supremacy of BinBTabl and
BinCTabl models is finally annihilated in the case of large-tick stocks,
which show a higher level of structure across volume levels, avoiding
informational drifts that are damaging in the case of deep learning
models.

5.2. Spatial distribution of information in limit order books

As a further instrument to understand the theoretical implications
of empirical results obtained in Section 5.1, in Figs. 6, 7, 8, we report
the average (computed across the 3-year analysis period) MI matri-
ces computed on the training set for each of the 15 stocks under
investigation (see Section 4.1). This analysis sheds light on (i) the
volume levels where most of the LOB information is concentrated, and
(ii) how different spatial distributions impact the model’s forecasting
capabilities13. As average matrices, the ones presented in the following

Figures are not used to build the HLOB. However, they are useful in
capturing the intuition behind the scenario-dependent effectiveness of
the HLOB model.

Fig. 6 reports the normalized average MI matrices for small-tick
stocks. CHTR and GOOG present similar dynamics. Their
not-normalized average mutual information is 0.35 and 0.26, respec-
tively. In the case of CHTR, we observe a weak hierarchical or-
ganization across LOB levels. The best ask and bid volume levels
(i.e., vsÀ{ask, bid}

1 ) present the highest cumulative mutual informational,
which smoothly decreases moving to deeper levels. The highest punc-
tual realizations of the chosen similarity measure are generally ex-
pressed among contiguous levels on the same side of the LOB. In the
case of GOOG, we notice that the decrease in the cumulative mutual
information across volume levels is steeper, with a clear break after
v
sÀ{ask, bid}
4 . Also in this case, the highest punctual realizations of the

chosen similarity measure are generally expressed among contiguous
levels on the same side of the LOB. GS presents a not-normalized
average mutual information equal to 0.45. Compared to the previous
two alternatives, this value turns out to be not only higher, but also
differently spatially distributed. Indeed, looking at the volume levels’
cumulative mutual information, we isolate three different groups: (i)
v
sÀ{ask, bid}
lÀ{1,3} , (ii) v

sÀ{ask, bid}
lÀ{4,7} , and (iii) v

sÀ{ask, bid}
lÀ{8,10} . The first and the last

group are characterized by a similar cumulative mutual information
value, which, however is lower than the one of the second group.

13 Similar attempts were performed by Libman, Ariel, Schaps, and Haber
(2022) and Cont, Cucuringu, and Zhang (2023). However, their works differ
from ours both in terms of the adopted methodology, granularity of analysis
and results’ interpretation.
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Fig. 7. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on medium-tick stocks (i.e., AAPL,
ABBV, PM). For the seek of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

Fig. 8. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on large-tick stocks (i.e., BAC, CSCO,
KO, ORCL, PFE, VZ). For the seek of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

(instead of three) groups of volume levels. In all the cases, vsÀ{ask, bid}
1

express the lowest pairwise mutual information, while v
sÀ{ask, bid}
lÀ{3,5} con-

tain the highest realizations. The not-normalized average mutual in-
formation of CSCO, KO, ORCL, PFE, and VZ is equal to 1.00, 0.83,
0.62, 0.90, and 0.74, respectively. ORCL and VZ present the lowest
realizations; however, compared to small- to medium-tick stocks, they
maintain a considerably higher level of structure. Looking at Table 7,
we observe that all the stocks consistently exhibit the lowest real-
izations of ⌅

Bid and ⌅
Ask. This indicates a high level of stability in

LOB structures, consequently justifying the advantage of deep learning-
based models in the related forecasting tasks. Additionally, the distinct
emerging structure observed across LOB levels supports their sustained
effectiveness over extended prediction horizons.

To summarize, we state that (i) small- and medium-tick stocks gener-
ally suffer from a lack of structure in the LOB informational content,
which causes a faster degradation of deep learning models’ forecasting

capabilities moving from closer to farther prediction horizons; (ii) while
large-tick stocks present a more compact and meaningful structure of the
LOB, guaranteeing a direct mapping between the theoretical concept
of ‘level’ and its practical realization as an informational channel for
deep learning models, which consequently has a positive effect on deep
learning models’ forecasting performances at both closer and farther
prediction horizons.

6. Conclusion and future work

This paper introduces HLOB, a novel large-scale deep learning archi-
tecture for high-frequency Limit Order Book (LOB) mid-price changes’
direction forecasting. The novelty of the model lies in the possibility
to deterministically model higher-order interactions among LOB vol-
ume (and price) levels leveraging the power of a class of Information
Filtering Networks (IFNs): the Triangulated Maximally Filtered Graph
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Fig. 6. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on small-tick stocks (i.e., CHTR,
GOOG, GS, IBM, MCD, NVDA). For the sake of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

These three clusters are clearly separated, with an absence of smoothed
transition. In this sense, GS presents the first signs of a hierarchical
structure where the central levels of the LOB play an increasingly
central role. This behavior is markedly evident in the case of IBM. This
stock presents a not-normalized average mutual information equal to
0.74 (i.e., the highest among small-tick stocks), with a clear concen-
tration towards the central levels of the LOB (i.e. vsÀ{ask, bid}

lÀ{4,6} ). In this
case, the transition from volume levels characterized by a lower cumu-
lative mutual information to volume levels characterized by a higher
cumulative mutual information is smooth and incremental moving from
top to middle volume levels and is even less evident moving from
middle to deep ones (i.e. vsÀ{ask, bid}

lÀ{7,10} ), which are organized in a clear
cluster with a medium-to-high level of cumulative mutual information.
Even if visually similar to IBM, the MI matrix characterizing MCD
conveys a different message. Here, the not-normalized average mutual
information is equal to 0.58 and is mostly distributed across the top
8 levels of the LOB (i.e., v

sÀ{ask, bid}
lÀ{1,8} ). In this sense, the emerging

hierarchical structure is less clear compared to the one of IBM, and
more similar to the one of GS. The case of NVDA, finally, is unique
in the class of small-tick stocks. Here, the average mutual information
is equal to 0.31 and is mainly concentrated on the deepest 6 levels
of the LOB. Complementary to what observed for CHTR and GOOG,
the top volume levels (i.e., vsÀ{ask, bid}

1 ) are characterized by the lowest
cumulative mutual information, which incrementally increases moving
to deeper levels of the LOB. However, also in this case, the highest
punctual realizations of the chosen similarity measure are generally
expressed among contiguous levels on the same side of the LOB. All
the results discussed above directly derive from one of the findings
in the work by Briola et al. (2024). There, the authors, following
the intuition proposed by Wu et al. (2021), introduce ⌅

Bid and ⌅
Ask

to measure the ‘actual LOB depth’ (see Table 7) on the bid and ask
side of the LOB, respectively. Indeed, as described in Section 2.1, the
LOB representation characterizing the data used in the current paper,
suffers a lack of homogeneity in the spatial structure (since there
is no assumption for adjacent price levels to be separated by fixed
intervals). As a consequence, when the average ⌅

{Bid, Ask}
∏ 9.0, as it

happens for CHTR and GOOG, the computation of the average mutual
information across levels is negatively affected due to the drifts that
make the concept of ‘level’ a pure theoretical artifact with a short-
term practical feedback. On the contrary, the meaningfulness of MI
matrices and, consequently, the persistence of related higher-order
structures across longer time horizons, increases when ⌅

{Bid, Ask} Ù 9.0,
with IBM providing an example of ideal environment to challenge
spatially-informed deep learning models.

Fig. 7 reports the normalized average MI matrices for medium-tick
stocks. AAPL is characterized by a not-normalized average mutual infor-
mation equal to 0.41 which is mainly concentrated across v

sÀ{ask, bid}
lÀ{2,10} .

The top volume levels of the LOB are markedly detached from the oth-
ers, which, in contrast, show a strong interdependence. This behavior
is far from that of ABBV and PM, which have a not-normalized average
mutual information equal to 0.59 and 0.63, respectively. In both cases,
the distribution of the chosen similarity metric is very similar to the
one of MCD, with most of the mutual information concentrated on the
top 7 volume levels of the LOB and a clear drop for the remaining 3
ones. Looking at Table 7, we notice that, in the case of AAPL, a lower
average mutual information is compensated by a higher stability of the
LOB, which increases the persistence of the structure extracted from the
MI matrix through the IFN (described in Section 4.1). ABBV and PM, in
contrast, present average ⌅

Bid and ⌅
Ask values that are more similar to

the ones observed for small-tick stocks and are consequently exposed
to the adverse consequences described previously in this Section.

Fig. 8 reports the normalized average MI matrices for large-tick
stocks. The not-normalized average mutual information of BAC is equal
to 1.18. It is unevenly spatially distributed across LOB levels with
an evident hierarchical organization: (i) v

sÀ{ask, bid}
1 express the lowest

pairwise mutual information realizations; (ii) vsÀ{ask, bid}
lÀ{2,3} express an in-

termediate amount of pairwise mutual information; and (iii) vsÀ{ask, bid}
lÀ{4,10}

contain the highest concentration of mutual information. For each of
these 3 groups, it is possible to notice a smooth decrease of mutual
information moving from top to deeper LOB levels. A similar dynamics
can be observed for all the other stocks characterized by the same
tick size, with the only difference of being able to clearly identify two
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Fig. 7. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on medium-tick stocks (i.e., AAPL,
ABBV, PM). For the seek of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

Fig. 8. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on large-tick stocks (i.e., BAC, CSCO,
KO, ORCL, PFE, VZ). For the seek of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

(instead of three) groups of volume levels. In all the cases, vsÀ{ask, bid}
1

express the lowest pairwise mutual information, while v
sÀ{ask, bid}
lÀ{3,5} con-

tain the highest realizations. The not-normalized average mutual in-
formation of CSCO, KO, ORCL, PFE, and VZ is equal to 1.00, 0.83,
0.62, 0.90, and 0.74, respectively. ORCL and VZ present the lowest
realizations; however, compared to small- to medium-tick stocks, they
maintain a considerably higher level of structure. Looking at Table 7,
we observe that all the stocks consistently exhibit the lowest real-
izations of ⌅

Bid and ⌅
Ask. This indicates a high level of stability in

LOB structures, consequently justifying the advantage of deep learning-
based models in the related forecasting tasks. Additionally, the distinct
emerging structure observed across LOB levels supports their sustained
effectiveness over extended prediction horizons.

To summarize, we state that (i) small- and medium-tick stocks gener-
ally suffer from a lack of structure in the LOB informational content,
which causes a faster degradation of deep learning models’ forecasting

capabilities moving from closer to farther prediction horizons; (ii) while
large-tick stocks present a more compact and meaningful structure of the
LOB, guaranteeing a direct mapping between the theoretical concept
of ‘level’ and its practical realization as an informational channel for
deep learning models, which consequently has a positive effect on deep
learning models’ forecasting performances at both closer and farther
prediction horizons.

6. Conclusion and future work

This paper introduces HLOB, a novel large-scale deep learning archi-
tecture for high-frequency Limit Order Book (LOB) mid-price changes’
direction forecasting. The novelty of the model lies in the possibility
to deterministically model higher-order interactions among LOB vol-
ume (and price) levels leveraging the power of a class of Information
Filtering Networks (IFNs): the Triangulated Maximally Filtered Graph

Expert�Systems�With�Applications�266��������126078�

13�

A. Briola et al.

Fig. 7. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on medium-tick stocks (i.e., AAPL,
ABBV, PM). For the seek of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

Fig. 8. Normalized (over the 15 stocks in Table 1) version of the average (computed across the 3-year analysis period) MI matrices computed on large-tick stocks (i.e., BAC, CSCO,
KO, ORCL, PFE, VZ). For the seek of readability, we renamed LOB volume levels following a mapping schema that can be summarized as follows v

ask
l ô Al, vbid

l ô Bl.

(instead of three) groups of volume levels. In all the cases, vsÀ{ask, bid}
1

express the lowest pairwise mutual information, while v
sÀ{ask, bid}
lÀ{3,5} con-

tain the highest realizations. The not-normalized average mutual in-
formation of CSCO, KO, ORCL, PFE, and VZ is equal to 1.00, 0.83,
0.62, 0.90, and 0.74, respectively. ORCL and VZ present the lowest
realizations; however, compared to small- to medium-tick stocks, they
maintain a considerably higher level of structure. Looking at Table 7,
we observe that all the stocks consistently exhibit the lowest real-
izations of ⌅

Bid and ⌅
Ask. This indicates a high level of stability in

LOB structures, consequently justifying the advantage of deep learning-
based models in the related forecasting tasks. Additionally, the distinct
emerging structure observed across LOB levels supports their sustained
effectiveness over extended prediction horizons.

To summarize, we state that (i) small- and medium-tick stocks gener-
ally suffer from a lack of structure in the LOB informational content,
which causes a faster degradation of deep learning models’ forecasting

capabilities moving from closer to farther prediction horizons; (ii) while
large-tick stocks present a more compact and meaningful structure of the
LOB, guaranteeing a direct mapping between the theoretical concept
of ‘level’ and its practical realization as an informational channel for
deep learning models, which consequently has a positive effect on deep
learning models’ forecasting performances at both closer and farther
prediction horizons.

6. Conclusion and future work

This paper introduces HLOB, a novel large-scale deep learning archi-
tecture for high-frequency Limit Order Book (LOB) mid-price changes’
direction forecasting. The novelty of the model lies in the possibility
to deterministically model higher-order interactions among LOB vol-
ume (and price) levels leveraging the power of a class of Information
Filtering Networks (IFNs): the Triangulated Maximally Filtered Graph
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Main take aways - part 2

Design of 
microstructurally- 
informed models

HLOB leverages topological structure and 
temporal dynamics to significantly improve LOB 

forecasting accuracy, especially for large-tick 
stocks where microstructure is more stable and 

informative.

Informational 
Content

The structural information content of the Limit 
Order Book varies across stock types and time 

horizons, making deep learning models like HLOB 
more or less effective depending on the 

underlying microstructure.




Outlooks

Development of ad-hoc microstructurally-informed 
architectures to handle sparse LOB structures 
characterising small- to medium-tick stocks.


Structured testing of different deep learning 
models designed to efficiently handle 
heterogeneous classes of stock.


Cross-exchanges validation of results.


Refining metrics to assess predictions’ usability in 
real trading environments.


Go beyond benchmark datasets. 

Prioritise microstructural awareness in 
model design. 

Adopt trading-aware evaluation metrics. 

Ensure reproducibility and transparency.  

Research Next 
Steps

AI/Finance 
Community



LOBframe pipeline

April 4, 2025 Quantitative Finance output

Moreover, it o↵ers flexibility by accommodating the integration of new models, ensuring adapt-
ability to future advancements in the field. This contributes to the establishment of best practices
in the field and fosters a more rigorous approach to forecasting model validation.

Raw
LOBSTER

Data

Standardized
Data
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Model
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Existing
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Training

Out-of-Sample
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Statistical
Analysis

&
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Ultra-Fast Data Feeding
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Figure 2. Pictorial representation of LOBFrame. This framework facilitates the Limit Order Book (LOB) forecasting
practice through a seamless pipeline that includes data cleaning, standardized preprocessing, model selection, and
integration of both existing and novel forecasting models, and ultra-fast data feeding. It enables comprehensive model
training, out-of-sample inference, statistical analysis, and robust backtesting, o↵ering the academic and practitioner
communities a benchmark tool for advancing research and standardizing practices in the field. The use of distinct
colors in the diagram highlights logically separated stages of the pipeline.

This paper integrates two crucial interconnected aspects: (i) the engineering e↵ort behind the
development of ‘LOBFrame’, and (ii) the valuable insights it enables within the field of market mi-
crostructure research. One challenge in fully conveying the strengths of LOBFrame lies in the neces-
sity of selecting a specific forecasting model to demonstrate its capabilities. While this is essential
for empirical analysis, it may inadvertently suggest that the framework is tied to a particular model,
potentially overshadowing its broader applicability. To clarify, LOBFrame is model-agnostic—its
strength lies not only in facilitating robust forecasting, but also in its ability to accommodate
diverse predictive models and seamlessly adapt to future advancements. This adaptability ensures
that it remains relevant as deep learning methodologies evolve. The framework is designed to be
both flexible and accessible, making it a valuable tool for both academic research and industry
applications. Researchers benefit from an open-source, modular infrastructure that facilitates ex-
perimentation and collaboration, while practitioners gain a practical solution for evaluating and
deploying forecasting models in real-world trading environments.
The robustness of LOBFrame has been further validated in in the work by Briola et al. (2025),

where the framework was applied across multiple forecasting models, consistently revealing fun-
damental microstructural patterns independent of model-specific characteristics. This underscores
its reliability as a standardized tool for market microstructure research, providing consistent and
actionable results across a variety of methodologies. By o↵ering an open-source, flexible, and exten-
sible pipeline, LOBFrame establishes itself as a benchmark resource for researchers and practitioners
seeking to explore and advance LOB forecasting.
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LOBFrame is a modular, end-to-end 
framework designed to streamline the 
Limit Order Book (LOB) forecasting 
workflow.

 

! Data Cleaning & Preprocessing 
Standardizes raw LOB data for 
consistency and usability.

" Model Selection & Integration 
Supports plug-and-play with both state-
of-the-art and custom forecasting models.

⚡ Ultra-fast Data Feeding 
Ensures efficient model training and real-
time or batch inference.

$ Comprehensive Evaluation 
Enables robust statistical analysis, out-of-
sample testing, and backtesting.


Research Objectives

Our research objectives are twofold:

bridging the gap between market microstructural modeling and LOB’s deep
learning-based forecasting,

re-thinking about the usability of forecasts in real-world scenarios, providing
a clear-cut and general way to quantify the simulation-to-reality gap.

In so doing, we provide the academic and practitioners community with LOBFrame,
an open-source code base with high usability and versatility, which eases the
integration with new forecasting models while guaranteeing high-standards of
experiments’ reproducibility.

Link to the paper Link to the code

Briola, Bartolucci, Aste (UCL) Deep Learning for Limit Order Book Forecasting AI and Finance - Collaborative Frontiers 6 / 23

Code available on Github
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