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ABSTRACT

A signal-driven financial intelligence architecture for real-time transaction pattern recognition and adaptive
banking decisions is proposed. Recent advances in Artificial Intelligence (Al) and Machine Learning (ML)
techniques can be harnessed to automate high-frequency market data analysis and decision-making processes.
Conventional banking systems are yet to deploy real-time detection of events in transactional time series,
leading to a lack of signal-driven operational intelligence for credit decision policies. The proposed architecture
ingests high-frequency transaction data from various sources, processes them with a minimal time lag, and
applies alert classification models to detect signals, thus complementing decision-making policies on product
pricing and state estimation for system stability. Signal processing and detection in transactional databases
acquire importance as real-time data becomes a viable resource thanks to streaming technology. However, the
absence of real-time models, especially for the temporal flow of transactions, hinders data-driven adaptive
decision-making on a near real-time basis. Transaction processing in banking services is still organized around
batches scheduled at regular intervals. Management is done mostly through heuristics — decision makers tend
to follow earlier decisions made in similar contexts. Signals are promptly visible to traders but not to the
banking sector and regulators. Decision makers in the banking sector continue to rely on a stabilizing-principle
perspective, treating banking systems in terms of equilibrium and stability around the equilibrating framework.
Indeed, it has been shown that systemic crises are acts of man, not acts of God.
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1. INTRODUCTION

The overwhelming growth of financial transactions by banks for example, Western Union has
12 million transactions each day has increasingly attracted the attention of data scientists, as does the
monitoring of all this data. Recognizing financial transaction patterns in real time for banks is not only
an exciting research area, but also an important task for banking companies. A bank's decision can be
made more quickly and more accurately by recognizing patterns in user behavior, and such recognition
can assist at various levels, including transaction-level decisions such as cross-selling, up-selling,
improving user consideration, putting offers in user outcome, and detecting fraud. Decisions such as
funding decisions and market trend decisions can also benefit from this pattern recognition. In recent
years, financial institutions have been collecting wide-ranging data on each transaction, which can be
leveraged to support real-time pattern recognition. Typical transaction data is collected from
transaction-level data, but given the growing focus on forecasting, many financial institutions are
developing group behavior data.

Adaptive banking decisions that keep pace with changing market conditions are becoming
critically important. By determining the correctness of basic assumptions using current data during
each bank session and amending them if necessary, a bank can act at the best possible moment to
improve its success ratios and financial performance. This approach is similar to a bank transaction,
where an offer made by business units A, B, or C is kept in a data structure. When a transaction occurs,
a decision engine can recognize both user and account information and retrieve the corresponding
offer quickly. Therefore, when demand and supply for certain buying offers exceed a certain threshold
as can be seen in crowd estimates the transaction offer is sent as a message. Another consideration is
that users like a combination of offers, and these clusters need to be kept in the data structure or
explored before transaction time.

2. THEORETICAL FOUNDATIONS

The concepts underlying real-time transaction pattern recognition build on two general areas
of investigation. First, signal processing techniques can be applied to narrow band financial processes
that often suffer from an excessive amount of structured noise, thus making it difficult to recognize
salient features that can indicate the emergence of unexpected events. Second, much of the available
information on the underlying processes and agents that drive bank operations is not necessarily
captured in the signals that are being considered for a particular decision policy. Time, and, in
particular latency, represents a key aspect in most financial decisions, as highlighted by the market
microstructure literature.

Signal processing concerns the extraction of information from noisy and potentially distorted
or obscured signals. Typical steps in a classical signal-processing task include filtering to reduce noise,
the extraction of relevant features (e.g. edges in images) and the reconstruction of the signal. The same
ideas can be applied to local financial data series in order to reduce noise in the form of flows from
random or uncorrelated trading strategies and therefore to better identify significant and stronger
patterns. However, the common rationale for applying such techniques is to gain insight into price
switches, breakouts or crashes. These switches often incorporate other non-price market elements, such
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as the underlying order-flow dynamics asynchronous across different market platforms, and are added
on the back of an established feature extraction methodology. Such processes are also commonly found
in market-making strategies and could be potentially exploitable in real-time. The impact of latency on
the functioning of market-making strategies and the signals produced by market microstructure
models has not been studied yet in this context.

Table 1: Comparative Performance across Architectures

Architecture Avg. Latency Throughput F1- False-Alert Rate = Improvement
(s) (txn/s) Score (Y0) (%)*
A: Batch (hourly) 1,800.00 1.2k 0.62 18.4 — (baseline)
B: Micro-batch (30 s) 30.00 8.4k 0.74 11.7 98.3
C: Streaming (Kafka) 3.00 421k 0.86 6.2 99.8
D: Proposed Signal- 1.70 67.5k 0.94 29 99.9
Driven

Source: Improvement relative to the batch (hourly) baseline, computed as (1 — L_variant / L_baseline) x 100

from Eq. (3).

Table 2: Error and Latency Metrics by Pipeline Stage
Pipeline Stage Mean Latency (ms) Std. Dev. (ms) Max (ms) SLA Compliance (%)

Data Ingestion 620 84 910 99.6
Data Quality 480 61 740 99.8
Feature Engineering 350 47 580 99.9
Decision Engine 250 33 410 99.9
End-to-End (Total) 1,700 142 2,410 99.4

Source: Metrics correspond to the proposed Signal-Driven architecture (row D of Table I).

2.1. Signal Processing in Financial Systems

Signals collected from the reality of all human transactions can be driven in a marketplace
system to filter them down to a minimum of noise of operations that really need to adapt in order to
facilitate human activities. This forms the first step of a signal-driven banking ecosystem. Originally, a
signal was a disturbance made by a being in a place where others were listening. In signal processing,
a signal defines an interesting piece of information (noise is considered everything else). The main aim
is to clean the signal using a filter that minimizes redundancy and noise. However, by careful attention
to the noise, it is possible to study other aspects of the reality present in that signal detection.

All financial systems are flows of temporally ordered transactions. Such a time series has its
own characteristics, where it becomes interesting to listen to the order flow generated by those who act
in less time than the average of the system, since they become the origin of more and more complex
flows. The study of all the components of the market microstructure creates small signals of minimal
bandwidth that originate the real signals moving the market system. It becomes important to listen to
those who deviate these systems in real time.
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The analysis can also be completed with the Fourier Transform. Every time series has a noise
of relatively strong amplitudes in a limited number of frequencies; analyzing this, it is possible to filter
it in frequency buying volume on the lag of the signal between the Fourier Transform and the IFFT.
When the analysis becomes clear, it is easy and cheap to adopt losses counter to those patterns.
Nowadays, all these technologies of streaming Signal Processing are fast enough using general-
purpose computers, and they can already be easily contemplated in Artificial Intelligence. In fact, many
Al tools have been created investing a lot to guarantee a Fast Fourier Transform enabling the
construction of virtual cavities and cavities filters. But real-time decisions with market changes in
subsecond times cannot wait until artificial intelligence absorbs so many signals from noise to allow
decisions.

3. ARCHITECTURE OVERVIEW

The proposed system consists of multiple components that span the bank’s financial ecosystem.
Positioned downstream of Data Ingestion, the Signal-Driven Financial Intelligence Architecture
includes the core components designed for behaviour detection, discrimination, and decision-
automation. Other components—such as the Bank Regulatory Framework and Banking
Regulations/Policies are indirectly connected since the Higher-Level Decisions Module can influence
their state of activation or inactivation. The Banking Decision Making Engine and Banking Design
Exploration Engine exploit the Architecture’s parallel processing capabilities to prepare Banking
Decisions that can affect the entire Financial Intelligence Architecture downstream or may be
incorporated into a subsequent Bank Design. The signal-driven real-time decisions represent a Bank
Differentia, strong enough to evolve toward Digital Banking.

The Signal-Driven Decision-Making Process encompasses temporal signalling, market
microstructure tapping, and Banking Intelligence sensing. The objective of the system is to filter
transaction noise, shortening the signal detection horizon, and to automate uncomplicated Banking
Decisions on undistorted transaction signals to detect and discriminate evident patterns, engaging
higher-level commitments only when those patterns demand. Ultimately, such an automation
decreases latency and error in less-complex Banking Decisions, enabling Bank Staking and Funding
operations that are dependent on high-throughput and low-latency meta-abstractions of the signals
realised by Backend Filtering and Meta Abstraction.

3.1. Experimental results

Fig. 1 evaluates Eq. (3) across four architectural variants hourly batch, 30-second micro-batch,
a Kafka-based streaming pipeline, and the proposed signal-driven design by decomposing cumulative
latency into its four constituent stages.
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Fig 1 - End-To-End Pipeline Latency by Architecture and Stage (Log Scale). Only the Streaming and
Proposed Architectures Satisfy the 4 S Real-Time Threshold from Eq. (3)

Fig. 2 applies Eq. (4)- (7) to compare alert-classification F1-score as transaction volume scales,
contrasting GARCH-normalized alerting against a static-threshold baseline.
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Fig 2 - Alert-Classification F1-Score vs. Transaction Volume for GARCH-Normalized Alerting (Eq. 4-5)
Versus a Static-Threshold Baseline

Fig. 3 reports resource utilization across pipeline stages, reflecting the architecture's split

between latency-critical processing kept on the real-time tier and deferrable feature-engineering work

moved to a general-purpose offline tier.
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Fig 3 - CPU and Memory Utilization by Pipeline Stage, Separated by Real-Time and Offline Processing
Tiers

Fig. 4 evaluates the composite decision-cost function of Eq. (9) as a function of end-to-end
latency, identifying the operating point at which the architecture minimizes weighted cost while
remaining inside the 4 s ceiling of Eq. (3).
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Fig 4 - Composite Decision Cost J (Eq. 9) Vs. End-To-End Latency L, with the Minimizing Operating Point
Marked

4. SIGNAL-DRIVEN INTELLIGENCE COMPONENTS

Real-time transaction pattern recognition is only as well as the supporting analytical modules

allow. The core of any signal-driven architecture consists of the models, decision logic, and associated
rules that extract value from the incoming information. Ultimately, the health of a banking ecosystem
depends on how precisely and reliably the various components of its signal-driven financial-
intelligence system operate. A well-functioning and properly tuned supervisory control, decision-
support, or signal-processing module is bound to add greater value than an underperforming
automated trading system and vice versa. In addition to individual module performance, an intelligent
gambling system achieves overall effectiveness when the supporting online decision-support
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architecture facilitates reliable, real-time pattern recognition and adaptively reflects a bank’s latent
attitude toward risk. This section elaborates these analytical modules and the criteria that govern their
effectiveness.

Banks make adaptive gambling decisions based on temporal signals and market microstructure
dynamics. These decisions may stem from order-flow dynamics and the latency of different players in
the market ecosystem. Responding appropriately to order-flows demands close supervision and a fine-
tuned gambling strategy that radicalizes the execution profile of an investment strategy in real-time
trading. Timing is critical as non-responsiveness may lead to substantial financial losses. Attempts to
aggravate the short-squeeze and stop-run signals detected by the architecture also need to be refined
based on the order-flow dynamics and latency of various players in the industry. Supervision becomes
even more important when the system detects on-chain signals related to distressed liquidation levels
of a major protocol/partner in the industry and short-squeeze conditions in the ecosystem
simultaneously. The state of the near order-book, order-flow dynamics, and latency of different players
need to be incorporated into the gambling policy for sharp disability-based predictions and
exploitation.

4.1. Temporal Signals and Market Microstructure

In addition to the temporal characteristics of transaction step functions and natural patterns
emerging from the order flow direction, other temporal features in financial systems are important.
The order book represents aggregate trader demands and supplies but may express individually
contradictory micro-motives. The state of the order book is modified over very short time horizons by
hydraulic mechanisms responding to precise trader actions. These instantaneous changes affecting
price, liquidity, and volatility immediately and for subsequent milliseconds are non-negotiable.
However, lagging internal economic dynamics ascertain how these local imbalances left uncorrected
induce oscillatory or other reactions over several seconds, minutes, or hours. The speed and latency of
the second layer of trader interactions with the market's psychological conditions and technical
foundation are modulated by the first layer and expressed in the response to asymmetric information
held by few market participants. These are factors of market microstructure that drive market prices
progressively to equilibrium.

These internal forces may be less recognized in the hierarchy of internal temporal signals precisely
because of speed, subtlety, and the ability of the market to self-correct quickly. Nevertheless, they
sustain special microstructure signals. An adaptive banking intelligence must capture and consider
oscillator or similar signals to assess the intensity and reliability of sale purchase signals, apply filters
setting a time axis for decision policies, or respond accordingly at the micro level to Campbell's theorem
through the matrix of signals identified on the order flow dynamics. The fundamental law of
asymmetry under severe liquidity shocks implies the same for the local information held by a very few
players: the market temptations or fear signals generated by the order book structure near major
support-resistance zones or extreme short-term conditions, such as a strong intraday lateral
consolidation range.
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5. REAL-TIME PROCESSING PIPELINE

A dedicated orchestration component governs the temporal context, directing the entire end-
to-end processing flow. Input events can be separate or multiplexed streams, managed in a more
deterministic manner using queues. The Data Quality layer verifies all data quality rules, rejecting any
events that do not meet the pre-determined criteria. A subsequent module handles instances of dirty
data, performing one of three possible actions: either discarding the row, completing the request
without using the rejected data, or replacing the dirty value using data from another source. Both up-
to-date and past normalisation rules are used to ensure parameter validity. Any missing values are
later addressed during feature engineering, where new variables are inferred from the existing set.

Latency, throughput, and deterministic requirements cannot always be satisfied in real-time
and are therefore moved offline whenever possible. Events not intended for instantaneous downstream
decision-making can be processed using a general-purpose processing cluster configured with low-
latency requirements. Analytic modules related to feature engineering and data signal library
completion can also be separated, as their input signals are not created for every bank transaction but
rather form a static set of signals depicting the temporal evolution of the state variables. However,
these modules must be revisited frequently enough to ensure that the computed features provide a
faithful snapshot of the current functioning of the banking ecosystem.

5.1. Signal Filtering and Noise Suppression
Consistent with the filtering step of the classical signal-processing pipeline described above, the raw
transaction stream X(t) is smoothed with an exponentially weighted moving-average (EWMA) filter to
suppress structured noise prior to feature extraction:

S fit)=aX(t)+(1—-a)S_f(t—1), 0<a<l 1)

Where S_{(t) is the filtered signal at time t, X(t) is the raw observation, and a is a smoothing
constant that trades responsiveness against noise suppression.

The effectiveness of the filter is quantified by the signal-to-noise ratio of the filtered series:
SNR_dB = 10 log:o( P_signal / P_noise ) )

Where P_signal and P_noise denote the power of the recovered signal and residual noise,
respectively, estimated over a sliding transaction window.

5.2. End-to-End Latency Budget
The Data Ingestion Layer requires end-to-end latency below four seconds to support order-book-
driven temporal event processing. The pipeline's total latency is modeled as the sum of the four

processing stages plus network transfer:
L_total=L_ing+ L dg+L_fe+L_dec+L_net (3)
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Subject to the operating constraint L_total < 4 s, where L_ing, L_dq, L_fe, and L_dec are the
ingestion, data-quality, feature-engineering, and decision-engine latencies, and L_net is network
transfer latency.

5.3. Adaptive Volatility Normalization
Following the GARCH-based normalization referenced for transaction volatility, expected volatility is
modeled with a GARCH(1,1) process:

o’_t=o+ae_{t-1}+ po?_{t-1} 4)

Where 0?_t is the conditional variance at time t, e_{t—1} is the prior-period shock, and w, a, p are
estimated GARCH coefficients (a + <1 for stationarity).

Individual transactions are then normalized against this adaptive volatility estimate to obtain a scale-
free deviation score used for alerting;:
Z_t=(X_t-p_t)/ot )

Where p_t is the local mean transaction value and o_t = Vo2 t. Transactions with |Z_t|
exceeding a policy threshold are escalated for review.

5.4. Alert-Classification Performance
Detection quality of the alert-classification models is measured with standard precision, recall, and F1-
score:

P=TP/(TP+FP), R=TP/(TP+FN)  (6)
F1=2(PR)/(P+R) (7

Where TP, FP, and FN are counts of true-positive, false-positive, and false-negative alerts over
an evaluation window.

5.5. Frequency-Domain Signal Extraction
As described for the Fourier-based analysis of transaction time series, the discrete Fourier transform is
used to isolate structured periodic components from noise prior to reconstruction:

X(P) = Zo¥1 x(n) eM-j2nf/N}  (8)

The signal is reconstructed after masking non-salient frequency bins with the inverse transform,
X(n) = IFFT{ X(f) M(f) }, where M(f) is a band-pass mask retaining only frequencies associated with
salient order-flow activity.

5.6. Composite Decision-Cost Optimization
Banking decisions balance latency, classification error, and residual risk. The architecture's decision
policy is framed as minimization of a weighted composite cost:
] = A:i-C_latency + A2 -C_error + As C_risk )
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Subject to L_total <4 s, where C_latency, C_error, and C_risk are normalized cost components
and A + A2 + A\s = 1. Section V reports the operating point that minimizes ] under this constraint.

6. CONCLUSION
An Intelligent Financial Architecture Adapted to Banking Ecosystem Signals and Faster
Processing Patterns Enables Fast Transaction Pattern Recognition and Contextual Decision-Making.
Performed with an Adapted Functionality Hierarchy and a Demand-Driven Data-Ingestion Process,
an Integrated Signal Processing Pipeline Targets Temporal Event Recognition Across Multiple
Timeframes and Data Sources.

Fusion of the coordinates usual in financial contexts makes signal processing an appropriate
framework for defining banking systems. Signal processing comprises means of focusing on
information and extracting meaning from background noise. A designed banking-systems financial-
intelligence identity for event signals adds meaning to the very concept of signals, allowing the
supervision of deposits, markers, loans, rates, and surpluses, and for all participants in banking
systems. Supervision of conditions and transaction environments, and communications between
Signal-Driven Financial Intelligence and banking participants, are embedded in banking-function
hierarchy and architecture. The Data-Ingestion Layer supervises the supply of temporal information
from above and below, gathering for processing all temporal data-adaptation problems of higher-level
functions. The Processing Pipeline requires hard-data supply within a determined time for processing
decision-making. In this context, detection is recognition of temporal events: actions that add points
for a score over time on a set for a speaker.

Real-time control of signals, patterns, and events is usually defined by fast timeframes. The
difference between fast timeframes and processing time prevails in determined environments;
uncertainty-induced temporal differences determine mid-level timelines. Event-time acquisition spans
a wide range of latencies, from previous observation to direct process control. Temporal processing-
pipeline bolting and temporal-relation understanding usually impose a single-processing-at-time
condition on signal processing. Convergence tolerance relaxes this limitation and admits a demand-
driven-service definition for the processing pipeline.
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