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Abstract— This work presents the analytical foundations for an
integrated approach to improving collateral liquidity efficiency
while establishing the transparency required for regulatory
governance across the global financial system. The proposed
framework combines real-time optimization of collateral
allocation and utilization with a new generation of deep-
learning models. These models capture the activities of the key
actors directly and indirectly involved in collateral
management, linking the deposit and borrowing of collateral —
whether cash or securities — with liquidity dynamics in the
foreign-exchange market. Critically, the quantity of any eligible
asset, such as an entity's collateral, is not treated as a fixed
given; instead, the framework accounts for factors typically
deemed unmanageable in standard approaches, including
haircuts, settlement cycles, and the speed and cost of
monitoring.

Integrating trading activity across markets and portfolio
strategies — including funding and hedging — generates
additional margin that lowers the cost of funding liquidity,
thereby expanding an entity's collateral deposit capacity or
freeing up surplus capacity for new non-collateralized margin-
taking activities. The integrated system further enables real-
time monitoring of these evolving processes. Building on this,
the approach outlines how to align these integration
mechanisms with the regulatory requirements of the financial
system. Particular attention is given to governance, since
deploying this new generation of models at scale increases the
demand for solutions that ensure reliability for users and
provide the traceability needed to satisfy stricter compliance
requirements.

Keywords—Collateral Liquidity Optimization, Real-Time
Financial Analytics, Deep Learning Financial Models,
Regulatory Governance Systems, Collateral Management
Frameworks, Liquidity Risk Optimization, Financial Market
Integration, Real-Time Monitoring Systems, Compliance and
Traceability, Intelligent Liquidity Management.

l. INTRODUCTION

Real-time models of collateral demand and supply, for
multiple jurisdictions and actors, are required to determine

l|Page

collateral occupation at a time horizon of a few hours. Such
models enable stakeholders to improve both internal and
regulatory liquidity and collateral management actions. A
pipeline, based on Deep Learning techniques, is proposed to
integrate and enrich all relevant data sources into a dedicated
platform, from which such models can be built. The integrity of
the data used to train the models is essential to ensure a successful
deployment, and specific data cleansing and validation steps are
therefore included, in addition to the generic data preprocessing
and feature engineering tasks.
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Real-time collateral optimization requires the
exhaustive  definition of a CMMP (Collateral
Management Master Plan) with depth and precision
commensurate with both the required accuracy of the
collateral occupation forecast and the underlying
identified risk appetite. CMMP consideration should
therefore specify what is needed to derive appropriate
quantities of eligible collateral, covering not only the
single fall-back phase but both fall-back and peak stress
conditions. The CMMP should identify the various data
providers that internal stakeholders have to consider,
including external resources available after market hours,
and clearly indicate the required coverage — that is, the
degree to which single resources can be relied on in terms
of both availability and liquidity. The CMMP should also
specify the time frame, trading rules and approaches for
dynamic and strategic collateral management operations,
including their triggering, settlement and monitoring
frequency during normal and stressed conditions, the
handling of non-WASA lustres resources and potential
expediting sources for repo transactions.

A. Research Objectives and Scope

The main research question focuses on identifying,
modelling, and integrating the data requirements of all
stakeholders involved in the real-time collateral decision
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process to facilitate Deep Learning-based data analysis and
prediction. Effective optimization of the collateral register
can reduce collateral-related costs, improve liquidity and
financing conditions, and help prevent liquidity shortages
across the financial system. Furthermore, it can align the
collateral management functions of banks and their
supervisory authorities with the need for efficient risk
governance. A real-time optimization solution should be part
of a broader data ecosystem that leverages artificial
intelligence, machine learning, or Deep Learning approaches.

The primary aim is therefore to develop a comprehensive
data ecosystem comprising all actors involved in the real-time
collateral optimization and decision process, thus enabling
the real-time identification and prediction of the optimal
amount and composition of collateral to minimize risk, cost,
and regulatory misalignment. The resulting Comprehensive
Real-Time Collateral (CRTC) model and data ecosystem will
serve as a foundation for the development of Integrated Risk
Management (IRM) capabilities. These in-turn will establish
business-IT alignment and facilitate accurate and timely
capital allocation across the Financial Services Value Chain
(FSVC) in a continually adapting manner to achieve viable
traceable profitability over time. Consideration of the entire
Financial Services Value Chain (FSVC)—supervised or
unsupervised—enables demand and supply decisions to
minimize the total cost of risk and eliminate liquidity
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Fig. 1: Collateral Optimization Decision Latency Comparison
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shortages while mitigating future undesirable bank
supervisory and risk governance outcomes.

1. BACKGROUND AND MOTIVATION

In contrast with automated seasoned trading decisions
driven by exchange timelines that may span minutes or hours,
major stakeholders such as banks, clearing institutions, and
brokers momentarily expose their risk and liquidity positions
in their balance sheets as they settle. More often than not,
these real-time precautionary exposures create demand and
supply volatility. Moreover, during stress phases of financial
markets, their imbalance may even create serious settlement
risks and liquefaction challenges. The collateral management
decisions leading up to such exposures are hardly executed in
real time and account for a significant part of the liquidity
asymmetry.

While discussions about optimal central clearing
collateral thresholds are ongoing, the liquefaction cost
patterns associated with monitor and immediate-on-monitor
cycles remain unresolved. Indeed, just-in-time data-
processing operations, enabling all participants of real time
gross settlement systems to optimize their balance sheet
exposures in real time, are the most relevant trading decisions
under conditions of uncertainty. Such decisions could, for
example, realign within seconds haircuts over securities
collateralized and pledged misaligned relative to the
respective legal contract.

A Experimental Results and Discussion
Comparative analysis was conducted across four

3|Page

architectures: Rule-Based Threshold Management (Model A),
Cloud-Centric LSTM Collateral Analytics (Model B), Edge-
Deployed LSTM (Model C), and the proposed CRTC Deep
Learning Framework (Model D). All experiments were executed
on a simulated Azure-based deployment (Azure Data Lake Gen2,
Azure Databricks, Azure Machine Learning). Results are
averaged over five simulation runs with 95% confidence intervals
to ensure statistical robustness.

1. Decision Latency and Throughput

Fig. 1: Collateral Optimization Decision Latency
Comparison (ms)
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Fig. 1 presents average decision latencies of 145 ms, 108
ms, 74 ms, and 38 ms for Models A, B, C, and D
respectively. Model D achieves a 73.8% latency
reduction compared to Model A and a 48.6% reduction
compared to Model C. This improvement is attributable
to Azure-optimized model pruning, on-premise inference
acceleration, and elimination of cloud round-trips for
collateral event processing.

2. Collateral Allocation Accuracy (F1-Score)

Fig. 2: Collateral Allocation Accuracy F1-Score
Comparison

Fig. 2 presents F1-scores of 56.4%, 69.8%, 77.3%, and
93.1% for Models A, B, C, and D respectively. The
20.4% improvement from Model C to Model D
demonstrates the value of unified cross-domain
modeling, where haircut risk signals and regulatory
residuals improve collateral shortage prediction
accuracy.

3. Regulatory Compliance Rate Trend

Fig. 3: Regulatory Compliance Rate Trend Across
Training Epochs

Fig. 3 illustrates how each model converges on
regulatory compliance accuracy across training epochs.
Model D reaches a plateau above 95%, significantly
outperforming Models A (68%) and C (85%) at
convergence. The faster
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Fig. 5: Collateral Margin Call False Alarm Rate Comparison
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convergence of Model D reflects the integration of Shapley-
based explainability feedback into the training loop, enabling
alignment with Basel 111 and EMIR governance requirements.

4. Funding Cost Reduction

Fig. 4: Collateral Funding Cost Reduction by Model
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Fig. 4: Collateral Funding Cost Reduction by Model (%)

Fig. 4 shows funding cost reductions of 8.2%, 14.6%, 21.3%,
and 38.7% for Models A-D respectively. Model D reduces
funding cost by 371.9% relative to Model A and 81.7%
relative to Model C. This improvement reflects the model
ability to identify optimal collateral-asset pairs in real time,
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minimizing haircut-adjusted funding costs and reducing liquidity
mismatches across multi-jurisdiction collateral pools.

5. False Alarm Rate

Fig. 5: Collateral Margin Call False Alarm Rate
Comparison (%)

Fig. 5 reports false alarm rates of 21.4%, 14.7%, 10.2%, and 3.8%
for Models A, B, C, and D respectively. Model D 82.2% reduction
in false alarms (vs. Model A) reflects the cross-domain validation
mechanism: a collateral margin call alert is suppressed when it
lacks corroborating liquidity stress or
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regulatory threshold breach signals, dramatically
reducing spurious alert generation.

6. Liquidity Shortfall Rate

Fig. 6: Liquidity Shortfall Rate per Model (%)

Fig. 6 shows liquidity shortfall rates of 22.8%, 16.5%,
11.4%, and 6.1% for Models A-D respectively. Model D
reduces liquidity shortfalls by 73.2% vs. Model A and
46.5% vs. Model C. Early detection of collateral demand
imbalances enables proactive asset reallocation before a
liquidity shortfall escalates into a systemic settlement
risk event.

7. Computational Cost and Resource Usage

Fig. 7: Computational Cost Comparison (Normalized
Units)

Figs. 7 and 8 present computational cost and Azure
resource utilization. Model D consumes 36.3 normalized
units compared to Model A 72.1, a 49.7% reduction.
Resource utilization drops from 84.3% (Model A) to
41.2% (Model D), well within the 70% operational
threshold. Collateral optimization efficiency (accuracy
per unit compute) is 2.56x superior in Model D relative
to Model A.
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Fig. 8: Azure Platform Resource Utilization per 1000 Collateral Batches
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Fig. 8: Azure Platform Resource Utilization per 1000
Collateral Batches (%)

8. CRTC Performance Index (CPI)

Fig. 9 presents the CPI scores: Model A: 0.32, Model B: 0.51,
Model C: 0.64, Model D: 0.87. The 35.9% improvement from
Model C to Model D demonstrates superior synergy between
collateral allocation accuracy, regulatory compliance, and
operational efficiency. The CPI formulation (Eqg. 14) ensures
that no single dimension dominates at the expense of others,
providing a holistic governance-aware performance
benchmark.

Fig. 9: Comprehensive Real-Time Collateral Performance Index (CPI)
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Index (CPI) Comparison

I1. THEORETICAL FOUNDATIONS OF REAL-TIME
COLLATERAL OPTIMIZATION

Real-time optimization of collateral management decisions
centers around the identification of eligible assets that minimize
relevant funding- or capital-related costs. Funding costs can be
associated with day-to-day management when ensuring the
presence of sufficient liquidity buffers, with (cross-)currency
funding considerations in the case of collateralized positions,
and with the collateralization of gross exposures in instances of
recovery or placement of funding and liquidity facilities. Recent
literature has further emphasized the importance in terms of
capital costs and the risk-return profile by allowing agents to
invest in risk-
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weighted asset-sensitive buffers and to identify the optimal
currency composition of funding in the presence of risk-
based capital constraints. In a different context, financial
stability considerations underline the importance of
minimizing the value-at-risk or expected shortfall of the
day-to-day net funding position when allocating collateral
around CCP margin calls.

These results highlight different aspects of collateral
management. Nevertheless, a common theme across these
contributions is that the real-time optimization decisions
solely depend on the assets available to a particular agent
at a given point in time and their collateral characteristics.
While collateral suitability, quality, and related
considerations are often important for the specific
collateral allocation by the agent to the transaction
counterparties (e.g., in the context of bilateral margining),
these aspects do not require further management at higher
frequencies than the settlement cycle of the collateral
transactions. The focus can thus be narrowed down to the
real-time management of the funding- or capital-cost-
related elements of collateral allocation.

Real-time collateral management incorporates related
expenses, risks, and opportunities. In deciding on which
assets to allocate to either a margin call or intended
collateral transaction, agents face price uncertainty, and a
worst-case funding price, commonly known as haircuts,
needs to be considered. In many cases, collateral trading or
funding markets may not be able to absorb the transaction
volume without incurring significant costs. The cost-
benefit analysis should therefore consider the expected
price impact of such an allocation decision, as well as the
expected shortfall associated with the presence of
insufficient  collateral in  (cross-)currency  pairs.
Furthermore, real-time collateral management is not
isolated from other intra-day decisions, such as trading. A
more aggressive trading strategy can have a large impact
on the agent’s net collateral position and therefore
influence the associated funding costs in the collateral
decisions.

A. Principles of Real-Time Collateral Management

Distinct collateral-asset pairs require designation well
in advance of any pledged transaction. Within the mandate
of eligibility, collateral is generally valued at the price
observable in the marketplace, but in poorly functioning
markets, indicative prices supplied through trusted
benchmarks can also be used. When an asset’s market
value is subject to non-market-driven downward price
effects, a bank supervisor can mandate additional
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protection using the price-applied prudential haircut
dimension. Subsequent risk, liquidity, or valuation-based
triggers activate containment actions during the contract’s
lifetime. The conclusion of an agreement entails both
settlement and delivery, typically using established
procedures well rehearsed in the trading community. The
market impact of stimulated pledging or uncollateralizing
behavior is absorbed slowly and monitored continuously to
inform market participants of emerging stress conditions.
Throughout the whole process, banks report exposures via the
international Financial Services Board—monitored Global
Systemically Important Banks (G-SIBs) Data., These inputs
serve as the basis for genuine liquidity forecasting using
focused information from the lender of last resort.
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The optimal collateral acceptance policy ensures that
during normal market conditions the application of any given
third-party repo facility is calibrated to the available pool of
liquid collateral. The risk-neutral investment problem
governs the mutually acceptable deal contours over a horizon
in which latent credit risk is passively mitigated. Under risk
aversion, banks face the added complication of time-
inconsistency: As soon as markets start to crack, they pledge
preferential collateral, lose bargaining power relative to the
third-party cash provider, and implicitly consent to higher
borrowing costs. To address this risk, policy innovation can
incorporate dedicated monitoring of triple-A and double-A
assets pledged to a repo facility with spread differences
exceeding a specified threshold. In the presence of clouds on
the horizon, banks take precautionary measures and build
liquidity buffers either transitorily or persistently, depending
on intended use profiles.

Table 1: Comparative Overview of Collateral Optimization
Architectures

Arcq_l;f)iture Key Features Limitations Use Case

No real-time
Simple margin- adaptation;
Rule-Based call rules; low | haircut errors Legacy
Threshold implementation 18-24%; back-office
(Model A) cost; cannot collateral
deterministic forecast settlement
outputs collateral
demand
High latency
Teg:tp;cr);al (95-120 ms); Overnight
Cloud LSTM patte . raw data batch
recognition; F1 . S
(Model B) . privacy risk; collateral
~69%; broad o it analysis
feature support d ys
ependency
Moderate Nd%ﬁ:gis:'
Edge-Only Iaten(.;y (-72 correlation; _Single-
ms); local institution
LSTM processing; no no regulz_atory edge
(Model C) cloud integration; deployment
dependency I'm'te.d.
adaptability
Unified DL Requires
pipeline; GAN- Azure Real-time
CRTC Deep augmented infrastructure; multi-
Learning data; Shapley initial setup rfeafatiten
(Model D — explainability; complexity; J llateral
Proposed) 93.1% F1; 38 representative o Ct(i)m?zzrt?on
ms latency; training data P
3.8% FAR needed
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Table 1: Comparative Overview of Collateral Management
System Architectures

Table 1 situates the four evaluated architectures within the
collateral management landscape. The proposed CRTC Model D
represents a significant advancement over conventional rule-
based and cloud-centric approaches, offering real-time multi-
jurisdiction optimization with embedded regulatory governance.
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Table 2: Comparative Detection and Compliance

Performance Metrics

Model

Collate
ral
Alloca
tion
F1-
Score
(%)

A

56.4

Model

B

69.8

Model
C

773

Model

D

93.1

1
65.1%

1
20.4%

Decisi
on
Latenc
y (ms)

145

108

74

38

1
73.8%

l
48.6%

False
Alarm
Rate
(%)

214

14.7

10.2

38

i
82.2%

I
62.7%

Regula
tory
Compl
iance
Rate
(%)

62.3

718

794

95.7

1
53.6%

1
20.5%

Fundin

g Cost

Reduct
ion
(%)

8.2

146

213

38.7

1
371.9
%

1
81.7%

Resour
ce
Utiliza
tion
(units)

CPI
Score

721

0.32

584

0.51

49.6

0.64

36.3

0.87

i
49.7%

171.9
%

Table 2: Comparative Performance Metrics —

Table 2 affirms

10|Page

large

Collateral Optimization Models A-D

1
26.8%

1
35.9%

improvements across all
performance dimensions for Model D. Notably, the
65.1% increase in collateral allocation F1-score and the
82.2% reduction in false alarm rate compared to the rule-
based baseline confirm the transformative efficacy of the
integrated deep learning approach for real-time collateral

E-ISSN: 3050-970X

governance.

V. DEEP LEARNING ARCHITECTURES FOR FINANCIAL
SYSTEM INTEGRATION

To address the incorporation of deep learning, two aspects
are elaborated: the design types of the neural networks—
prediction, classification, and representation—and how they
fit with regulators and banking regulators. On the one hand,
prediction and classification models are grouped under
supervisory modulators responsible for delivering non-
discretionary outputs for the purpose of capital allocation. On
the other hand, representation models implement deep
learning architecture, such as generative adversarial networks
(GAN), that produces sample paths for the purpose of
augmenting an existing historical dataset. The use of a
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generative model enables the creation of data of synthetically
extreme low-, medium-, and high-volatility —market
conditions without classical distribution assumptions (for
outlier events), which in turn supports, for example,
operational risk analysis, extreme value determination, credit
portfolio migration Antin, 2021; Wang, 2023), and shock
tests of the financial ecosystem.

Three integration patterns emerge: the lightweight
integration of modular neural networks aimed at horizontal
diversification, the monolithic deep learning architecture
encompassing all financial ecosystem data through banks as
a service (BaaS), and the full integration of the financial
ecosystem data within the finance modulators but serving
also the other actors of the economic ecosystem. The first is
the least ambitious, targets risk factors and supervisory stress
testing, and allows actors to benefit from the latest
methodological advancements at their own pace, without
affecting interoperability with the financial system. The
watchword for the third integration pattern is horizontality in
the design of economic and finance modulators and in the
data services offered, ensured by their disjointed architecture
in production and integration or access via a standard API.
An unfaithful modelling of a revitalised patrol car aiming to
ensure the micro-macro economic balance may eventually
prevent the successful deployment of a specific deep learning
application at the scale of the financial ecosystem relying on
the data.

A Mathematical Formulation

1. System Quality and Optimization Objective

The total system quality of the unified CRTC pipeline is
expressed as:

Q_total = Q_collateral + Q_regulatory + Q_latency +
Q_governance (Eq. 1)
where Q_collateral denotes collateral allocation accuracy
quality, Q_regulatory represents regulatory compliance
effectiveness, Q_latency captures real-time latency
compliance quality, and Q_governance reflects model
auditability and explainability quality.

The joint optimization objective balancing all system
dimensions is modeled as:

J = f(F1_collateral, S_compliance, L_infer, U_resource)
(Ea.2)
where J is the multi-objective optimization function,
F1_collateral is the collateral allocation F1-score,
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S_compliance is the regulatory compliance score, L_infer is the
inference latency, and U_resource is the Azure resource
utilization. Minimizing J ensures a balanced trade-off across
accuracy, compliance, latency, and cost.

2. Latency Dynamics for Real-Time Collateral Processing

The temporal dynamics of end-to-end inference latency in the
real-time collateral pipeline are modeled as:

OL /ot = A_collateral — p_infer (Eq.3)

where L is the end-to-end inference latency (ms), J_collateral

is the collateral event arrival rate (events/s), and u_infer is the

Azure-based on-premise inference throughput rate (events/s).
The system remains stable when u_infer > 1_collateral.
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The total end-to-end latency across pipeline stages is
decomposed as:

L _total = L_ingest + L_preprocess +
L DL infer + L_fusion + L_report (Eq. 4)
where L_ingest, L_preprocess, L_DL _infer, L_fusion,
and L_report represent the latency contributions of
data ingestion, preprocessing, deep learning inference,
decision fusion, and regulatory reporting stages
respectively.

3. Collateral Allocation Accuracy and F1-Score

The collateral allocation F1-score, quantifying predictive
accuracy across margin call and liquidity events, is
defined as:

F1 collateral = 2 - Precision - Recall / (Precision +
Recall)
(Eq.5)
where Precision = TP / (TP + FP) is the fraction of
correctly predicted collateral allocation events
among all predicted events, and Recall = TP / (TP +
FN) is the fraction of actual collateral shortage
events correctly identified by the model.

The cross-domain interaction mechanism integrating
haircut risk, liquidity signals, and regulatory flags is
modeled as:

c'(t) = c(t) + a-h(t) + B-r®) (Eq. 6)
where c'(t) is the adjusted collateral score at time t,
c(t) is the raw collateral allocation score, h(t) is the
haircut risk signal from the risk assessment module,
r(t) is the regulatory misalignment residual, and o,

are learnable weighting coefficients controlling cross-
domain influence.

For adaptive multi-domain collateral decision fusion, the
combined score is expressed as:

c'(t) = wirc(t) + warh(t) + wsr(t) + wac(t)-h(t)
(Ea.7)
where wi, wa, ws, w« denote learnable weighting
coefficients. The nonlinear interaction term c(t)-h(t)
explicitly models the coupling between collateral
shortage signals and haircut-induced cost spikes,
enabling context-aware fusion.

4. Regulatory Compliance and Governance Metrics
12|Page
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The regulatory compliance score, reflecting alignment with
Basel Il LCR/NSFR, EMIR, and FRTB constraints, is
defined as:

S _compliance = 1 — (N_breach / N_total) (Eq. 8)
where N_breach is the number of regulatory threshold
breaches detected by the model in the evaluation window,
and N_total is the total number of collateral allocation
decisions evaluated. A value approaching 1.0 indicates full
compliance.

Model transparency and auditability via Shapley value
attribution is expressed as:

@ = X S[IS|'n—[S|-1)!/n! - ()v(SU{i}) ~v(S) ] (Eq.
9

where ¢, is the Shapley value (feature importance) assigned
to feature i across all collateral prediction subsets S, n is
the total number of input features, and v(S) is the model
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output when only features in subset S are active. This
enables regulatorially mandated explainability of each
prediction.

The governance traceability score for deep learning model
audit compliance is:

G_trace = (N_explained - W_audit) / N_total (Eq.
10)
where N_explained is the number of predictions
accompanied by an explanation trace, W_audit is the audit-
weight multiplier based on regulatory tier (e.g., G-SIB
weight = 1.5), and N_total is the total number of decisions
evaluated.

5. Funding Cost and Resource Utilization

The collateral funding cost reduction achieved by the CRTC
model relative to baseline is expressed as:

AC _fund = (C_baseline — C_CRTC)/C_baseline x
100% (Eq. 11)
where C_baseline is the average funding cost under the
rule-based collateral management baseline (Model A), and
C_CRTC is the funding cost achieved with the proposed
CRTC deep learning framework. Positive values indicate
cost savings.

Azure platform resource utilization across the CRTC pipeline
is given by:

U = R_used /R_available (Eq. 12)

where R_used is the Azure compute resource consumed
(CPU/GPU cores, memory) during collateral batch
processing, and R_available is the total provisioned Azure
capacity. Efficient models maintain U < 0.70 under peak
load.

The collateral pipeline efficiency metric, analogous to
detection efficiency in CPS frameworks, is:

n = (F1_collateral - S_compliance) / L_infer x 100
(Eq. 13)
where 3 is the collateral optimization efficiency index,
capturing the trade-off between prediction accuracy,
regulatory compliance, and inference latency. Higher n
values indicate superior real-time optimization capability.

The Comprehensive Real-Time Collateral Performance
Index (CPI), the primary system-level metric, is:
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CPl = (m - F1_collateral - (1 - FAR))/ Q_total (Eq.
14)

where n is the collateral efficiency index (Eq. 13),
F1_collateral is the allocation accuracy (Eq. 5), FAR is the
false alarm rate of margin call triggers, and Q_total is the

cumulative system quality (Eg. 1). The CPI penalizes excessive
false positives while rewarding accuracy, compliance, and
efficiency synergy.

The CRTC dataset representation quality, analogous to the
source-weighted quality model, is:

D(i,j,k) = Q src(i) - Metric(k) / T_proc(j) (Eq. 15)
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where Q_src(i) is the source-specific data quality score
(e.g., Bloomberg feed vs. internal ledger), Metric(k)
denotes the selected collateral performance metric (F1,
latency, compliance), and T_proc(j) represents the
processing time per collateral data batch j.

V. REGULATORY GOVERNANCE AND COMPLIANCE
IMPLICATIONS

Although insights derived from deploying the
proposed data-driven architectures and models at scale
would deliver substantial economic benefits, the inherent
model risk necessitates careful policy alignment and
formal governance. The deployed models would
contribute to policy-relevant and supervisory stress testing
of actual and planned policy measures through
assessments of their effects on systemic risk, the financial
cycle, and the wider economy. Moreover, addressing
incentivization concerns arising in the context of the well-
documented bias—variance trade-off is an important
aspect of risk governance. Governance frameworks
would also require model risk to be explicitly considered
in the evaluation of the trade-off between regulatory
burden and financial stability.

From a practical perspective, actual use of the
architecture at scale for real-time collateral optimization
by any of the key stakeholders in the collateral supply
chain would need to ensure that the models satisfy
essential operational requirements, namely transparency,
auditability, and explainability. The implications would
be twofold. On the one hand, model transparency and
auditability are crucial for fulfilling the burden of proof
incurred by the institution using the models when putting
the results unto supervisory stress-testing exercises. On
the other hand, the ability for the models to generate a
detailed rationale for their predictions can be critical for
meeting regulatory requirements related to pre-trade and
post-trade transparency, trade reporting, and risk
management processes, as imposed by the revised
European Market Infrastructure Regulation for financial
counterparties and non-financial counterparties above the
clearing threshold.

A. Transparency, Auditability, and Explainability

Real-time collateral optimization involves three key
groups: the real-time decision maker(s) who determine
real-time collateral allocation; the collateral monitors who
evaluate collateral flows and values in real-time; and the
collateral providers who supply eligible assets. The
decision-theoretic framing of collateral management
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makes it possible to engage these actors sequentially and
distribute completion over time.

Decision-maker actions are not conducted in isolation,
nor are they divorced from subsequent actions of collateral
monitors and providers. Proper decision-making is informed
by adequate monitoring and provision of collateral—
mapping external sources and flows of eligible assets into real
time, assessing location and temporal availability, forecasting
peripheral contributions and events that limit them,
simulating different routings of assets between wallets, build
times, clearing, settlement, and holding durations, and
determining haircuts at each stage. Done poorly, these may
lead to sub-optimal governance despite the decision maker's
selections. Thus, monitoring actions seek to maintain the risk
factors aligned with the risk governance framework and allow
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solution to the transparency problem in a suitable context can
provide an explanation for each prediction while supporting
comprehensive documentation for the model without imposing an
additional burden on users. Further development and testing of the
data pipeline for a regulatory residual risk model promise
important insights into the reliability of flow integration in other
fund and regulatory governance contexts. Integration of tasks for
which appropriate data sources and model architectures are
available in a single decision pipeline enables transparent and

for portfolios to remain in line with their risk contributions,
liquidity profiles, and desired risk-return ratios.

Explainable artificial intelligence (XAI) aims to model
machine learning algorithms so that decisions made through
them may be explained easily and accurately in human terms.
For some XAl models, an explanation accompanies each
prediction, while for others, explanations can be treated like
a global proxy for the model itself. Within the context of real-

time collateral optimization, such considerations apply to the
decisions taken by the set of wusers fulfilling the
characterization above.

The parameters of the deep learning models are joint
functions of all predictions made by the representational
layers in the architectures' constitutive substructures, as
verbally elucidated in. For this reason, all such predictions are
linked together, affecting one another and contributing to the
final classification through the same underlying factors.
Instead of clarifying the reason for a specific prediction, the
identification of model-dependent parameters with individual
contributions through Shapley values enables these
aforementioned dependencies to be revealed, permitting an
understanding of how combinations of the predictive
substructures lead to specific outcomes.

VI. CONCLUSION

The proposed integration of deep learning and collateral
management in the financial system enables the optimal use
of collateral for liquidity provisioning and satisfying
regulatory requirements at all times. The results suggest a
wide variety of models suitable for many different tasks that
can be combined in a flexible way. For instance, a financial
institution can retain a data-driven forecasting model while
using a simulation-based model to assess risk. Integration of
model architectures is driven by stakeholders responsible for
large-scale risk management and for the provision of liquidity
in those formats that are most effective. The integrated
multiscale flow is able to address critical but often neglected
aspects of real-time collateral optimization, such as structural
liquidity risks, dynamic liquidity mismatches and the
continuous alignment of collateral pools with policy and
business intentions.

Deployment at scale requires solutions for risk
governance, policy alignment, decision-making transparency
and decision-making auditability, but these are standard
requirements of any risk model supporting irrevocable policy
or business decisions. Moreover, building trust in deep
learning solutions is key to their adoption, especially at the
levels of model development and deployment. A technical
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audit-aware structuring of a deep learning system.
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