Deep Learning for Limit Order
Book Forecasting

Silvia Bartolucci

Department of Computer Science, University College London

rr.“*p’

11th Annual Machine Learnlng




Complexity in Finance

Financial markets are complex adaptive systems, —— 1T W " 13
shaped by: LISTED NYSE

< NYSE

e A large number of iIinteracting agents —
traders acting on diverse information, strategies,
and timescales.

e 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.




Finance and Al

Market Microstructure Automated Learning

Modelling

O Price formation mechanisms O Linear Models & Regression:

o Asymmetric information Early work capturing trends and

o Market anomalies like price correlations with interpretable models.

jumps and flash crashes © Non-linear Deep Learning Models:
O© Transaction costs and optimal Includes CNNs, LSTMs, Transformers,
order execution and hybrid architectures.
o0 Understand trading behaviour © Reinforcement Learning for
and liquidity dynamics Trading:

Focuses on decision-making and
execution strategies.



Finance and Al

Automated Learning

Market Microstructure Modelling

Microstructurally-informed deep learning models
for short-term price forecasting
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Limit order books In a nutshell
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Prediction task

We consider 3 different prediction horizons HA7 € {10, 50, 100}

(mp,—m)<—60 — —1 : Down
—0<(mp,—m)<+60 — 0 : Stable

(mp,—m)>+60 — 1 : Up

How do the microstructural properties of an asset and
the choice of prediction horizon affect the accuracy of
mid-price predictions?



Data

o 15 stocks, all listed on the NASDAQ exchange
o Different sectors (technology, healthcare, finance..)

o 3-years period from January 2017 to December 2019

o Data provider: LOBSTER (NASDAQ Total View ITCH feed)

CHTR, GOOG, GS, IBM,
MCD, NVDA

BAC, CSCO, KO, ORCL,

AAPL, ABBV, PM PEE. VZ

Small tick Medium tick Large tick



Microstructural properties

Large tick
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Microstructural properties
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Microstructural properties

2018
Mean Median B Sk Sk Id Id /
L(7) = {p2K (). 12K (), pPId (), PG
CHTR 71.67 58.84|55.00 54.00] The spatial structure of the
GOOG [93.07 91.83{82.00 81.00| ‘compressed’ LOB
| GS |19.07 20.33[15.00 16.00 representation is not
S e IBM |12.47 12.70(11.00 11.00 ask ask
stocks —Ask _ plo (1) — p7=" (1) homogeneous.
MCD |12.32 12.73[10.00 11.00 = )
NVDA[16.50 16.12]15.50 1599 | | This representation is prone to
AAPL | 952 954 |9.00 9.00 —Bid lbld(z') — pi%ld(f) dramatic Chgnges due ’FO
Medumtick  ABBV |23.27 19.79|11.00 11.00 —r = 0 occasional price-level shifts,
PM [13.64 13.60|11.00 11.00 significantly impacting
BaC | 000 000|000 900 predictability when treated as
CSCo | 9.u1 9.01|9.00 9.00 Actual LOB depth input for deep learning models.
| KO |9.04 904|900 9.00
Socks | ORCL 005 906|900 900 Towards Fonee: Represensaton of L Orders Bobie
PFE | 9.03 9.03|9.00 9.00 ;‘r’)r(ivgf1eo"_’05§§§,r2r‘32”19 Models. arXiv preprint
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About time

Average probability of physical/event time mapping

Ticker <1s >=1s & <10s >= 10s
HI0 H50 H100 | H10 H50 H100 | H10 H50  H100
CHTR | 046 006 001 | 041 036 018 | 013 058 081
GOOG | 076 032 014 | 018 053 056 | 006 015  0.30
GS | 051 005 00l | 039 056 029 | 010 039  0.70
IBM | 057 007 00l | 035 065 040 | 008 028 0.5
MCD | 000 000 000 | 000 000 000 | 100 100  1.00
NVDA | 072 024 006 | 018 068 073 | 010 008 021
AAPL | 092 055 023 | 004 041 073 | 004 004  0.04
Med™ i ABBV | 0.00 000 000 | 031 063 040 | 069 037  0.60
PM | 063 007 001 | 032 069 042 | 005 024 057
BAC | 078 043 030 | 012 047 055 | 010 010 0.5
CSCO | 080 045 024 | 013 046 058 | 0.07 009  0.18
ek KO | 068 033 014 | 023 049 051 | 009 018  0.35
ORCL | 075 039 018 | 017 045 056 | 0.08 016 0.6
PFE | 072 038 017 | 019 048 054 | 009 014  0.29
VZ | 073 038 016 | 019 048 057 | 008 014  0.27

Prediction horizon

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

leads to varying practical relevance of forecasts across 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:

e Evaluate predictive performance at multiple
horizons.

* |nvestigate how asset characteristics (e.g., tick
size, liquidity) impact accuracy.

e Assess practical usability in automated trading
strategies.



Deepl. OB architecture
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Zhang, 7Z.., Zohren, S., Roberts, S. (2019). “DeepLOB: Deep convolutional neural networks for limit order books.” IEEE Transactions on Signal Processing, 67(11), 3001-3012.
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o Spatial features (across
price/volumes)

 Local temporal
interactions

* Dynamical behaviour
over multiple
timescales

 Temporal features
(LOB time evolution)



Types of errors
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Large tick stocks

Large-tick stocks consistently
exhibit superior predictive
performance, with fewer
misclassifications and robust
results across all horizons.



Types of errors

* 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.

Prediction horizon

Predicted



Testing performance
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Prediction horizon
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Do we have the right tools?

Standard ML metrics do not necessarily align with
trading success, and naive backtesting can mislead by
ignoring real-world frictions like execution risk and

costs.
Traditional ML metrics drawbacks Back-testing drawbacks
O Resistance to class imbalances o Assumptions on orders’ execution
o Difficulty in evaluating actual trading o Accounting of slippage

performances - |
O Estimation of transaction costs



Predictions ®p trades

T0 Time Tn
O: open /sell
position
1 -1 -1 0 0 0 O o 0 -1 -1 -l
M: maintain buy/
—— ) " y
sell position
Down Stable Stable Down
C: close /sell
l l l l l position
O, M, Cq + M3, + O,

~_ 7 ~_

Tx Tx2



Predictions ®p trades
0 Time T, MCC: 0.59

F1: 0.64
Targets -1 -1 -1 -1 0 -1 PT: 3
TT: 1
Predictions -1 -1 -1 -1 0 O -1 -1 O -1 CT: 0
pT: 0.00

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.

CT
PT +TT — CT

Pr probability to execute a correct transaction: p1 =



Predictions ®p trades

Example 1

Targets

Predictions

Example 2 T

Targets

Predictions

T0 Time Tn
-1 -1 -1

-1 -1 -1

0 Time Tn

1

1

-1

0

0

MCC: 0.59
F1: 0.64

PT: 3

TT: 1

CT: 0
pT: 0.00

MCC: 0.11
F1: 0.29

PT: 3

TT: 3

CT: 3
pT: 1.00



Predictions ®p trades

When you are right matters more than how often

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

o We are interested in (i) having at least one correct
prediction for each ‘Down’ or ‘Up’ movement; and,
consequently, (i) 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.

o |In real-world scenarios, also probabilities
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).




Predictions ®p trades

MCC

HS50

pT

0.6

0.05
0.00

0.4

0.14
Medium-tick

stocks . 003
0.2

Large tick stocks

0.0
pr 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.



Main take aways - part 1

Large tick stocks are more predictable across all
prediction horizons

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




Part 2: Enhancing DeepL OB with Complexity Science Tools

Objective:

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

Focus:

e Preprocessing LOB data with complexity science
tools.

* |ntegrating filtered information into deep learning
models.

e 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 iImposing topological
constraints (e.g., being a tree or a planar graph) and optimizing global properties (e.g., the

model’s likelihood).
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Information Filtering + LOB data

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 (Ml) is then computed between all volume levels to capture dependencies—both within and
across bid and ask sides. The resulting M|l 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.

W
138 135 89 201
61 135 89 201
61 135 89 203
61 135 289 203

LOB

Mutual
iInformation

IFN (TMFG)

volumes

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.



Information Filtering + Deep Learning
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() We start from a graph representing the dependency structures of features; (i) 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).

O,



Information Filtering + Deep Learning
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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.



Information Filtering + Deep Learning + LOB data
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HLOB: To prepare the inputs for the model: (i) for | l
each timestamp in the input’s temporal dimension, |
we flatten each of the sets; (i) we incorporate the
corresponding price levels’ data into each
representative of these three new input sets.

b)




Testing against SOTA models
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CHTR | 0.39 0.11 0.06 | 0.38 0.09 0.05| 039 0.11 0.04| 040 0.12 0.06 [ 0.35 0.05 0.04 (031 0.07 0.04 | 042 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 | 039 0.13 0.03| 041 0.15 0.04 | 0.27 0.04 0.04 | 044 018 005|045 0.18 0.08 | 0.46 0.20 0.08 | 045 0.19 0.04 | 0.46 0.21 o0.05
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

smallsticke |0 000 012|036 008 008|035 008 011|035 011 011 | 030 006 002|030 005 005|036 010 014|037 010 014 | 038 011 013|040 013 0.14
MCD | 0.37 0.08 010 | 035 008 008|038 009 010|038 010 011 | 031 004 002|028 004 001|039 011 012|040 011 0.12]|0.41 0.2 0.1 | 041 013 0.13

NVDA | 0.31 0.06 0.07 | 0.24 0.00 0.00 | 0.33 0.07 006 | 0.36 0.08 010 | 0.24 002 003 | 022 0.02 000|041 0.13 0.13| 041 013 014|034 008 009 | 0.40 012 0.14

_ AAPL | 0.42 016 013|039 014 009 | 041 014 012|041 016 013|035 009 007 | 039 017 010 | 0.41 0.15 0.15 ]| 0.42 0.16 0.16 | 0.43 0.17 0.15 | 0.42 0.18 0.15
Me(.:llum- ABBV | 038 013 012|039 012 010|039 013 011|040 015 013|031 0.06 003|033 010 004|036 013 013|037 014 013|039 013 013|042 0.18 0.14
tick PM | 0.35 008 009|039 010 009|037 008 008|036 009 009|029 002 002]| 028 004 004|036 010 012|036 011 013|036 012 013|039 013 0.13
BAC | 0.43 023 004|038 021 006|038 023 004|044 028 005|036 018 0.09| 046 029 005 | 045 027 006 | 045 028 0.07 | 0.46 0.30 0.07 | 0.47 0.32 0.06

CcSCO | 0.47 029 008|050 029 009|047 028 007|048 029 008|041 019 0.11 | 047 027 008 | 045 028 008 | 044 027 007 |0.49 0.30 0.08 | 050 0.33 0.08

_ KO | 047 026 008|047 027 010|046 028 009|047 028 009|039 017 0.10 | 048 0.30 0.10 | 0.45 028 0.10 | 0.43 027 0.0 | 048 028 0.10 | 0.49 0.31 0.10

Large tick o | 047 027 010 | 045 026 009 | 045 026 010|048 030 011 | 0.38 016 0.07 | 048 031 011 | 046 027 010 | 044 026 010 | 049 032 011 | 048 032 0.11

PFE 043 0.24 0.09 | 042 0.24 0.09 [ 043 0.25 0.09 | 044 0.25 0.09 | 0.36 0.17 0.11 [ 045 0.27 0.09 [ 0.47 0.29 0.09 | 046 0.28 0.10 | 0.46 0.27 0.09 | 0.49 0.32 0.10
VZ 047 0.23 0.08 | 042 0.17 0.07 | 0.47 0.26 0.09 | 047 0.27 0.10 | 0.39 0.16 0.10 ( 0.46 0.25 0.10 | 045 0.26 0.10 | 0.41 0.24 0.10 | 0.49 0.28 0.11 | 0.46 0.28 0.10
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Spatial information
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Main take aways - part 2

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.

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

Research Next
Steps

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.

o (Go beyond benchmark datasets.

O Prioritise microstructural awareness In
model design.

o Adopt trading-aware evaluation metrics.

o Ensure reproducibility and transparency.
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LOBFrame

Statistical
Analysis
&
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Code available on Github

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.
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