© 2025 IJRAR August 2025, Volume 12, Issue 3 www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)

IJRAR.ORG E-ISSN: 2348-1269, P-ISSN: 2349-5138

INTERNATIONAL JOURNAL OF RESEARCH AND
% ANALYTICAL REVIEWS (IJRAR) | JRAR.ORG
An International Open Access, Peer-reviewed, Refereed Journal

The Role of Al in GL Allocations, Eliminations,
and Translations: Future Trends and Innovations

Deepesh Vinodkumar Semlanit

!National Institute of Technology Raipur

Abstract: Enterprise accounting and financial consolidation, and statutory compliance center on General Ledger (GL) processes,
which include allocation, elimination, and translation. They are traditionally conceptualized as deterministic processes with a set of
rules, and recently have gone through a change that is driven by artificial intelligence (Al) and machine learning (ML). This review
article combines the newer findings and practice adoptions of using Al to increase the accuracy, efficiency, and auditability in the
GL operations. This review illustrates the operational and strategic advantages of intelligent automation by comparing the Al
models, i.e., transformers, AutoML, and XGBoost, to their predecessors, i.e., legacy rule engines, as well as architectural and theory
models, i.e., ILAM (Intelligent Ledger Automation Model). It ends with speculations on how Al will transform the upcoming years'
model of the financial close cycle, as well as the GL governance.

IndexTerms - General Ledger (GL), Al in Finance, Allocations, Eliminations, Currency Translation, ERP Automation, Oracle
Fusion, XAl, Financial Consolidation, AutoML, Transformer Models

I. INTRODUCTION

Allocation, elimination, and currency translations are some of the General Ledger (GL) processes critical to the achievement of
proper financial consolidation, compliance, and performance reporting of multinational businesses. Even though rule-driven and
deterministic, these operations have increasingly been challenged by scale, complexities, and real-time performance and execution
requirements of modern-day financial intelligence. With the shift towards agile, multi-entity, cloud-based ERP architectures, it has
become increasingly obvious that manual or semi-automated GL operations are not just inefficient but also have a negative impact
in terms of scalability and data integrity. In turn, enterprises are examining artificial intelligence (Al) and machine learning (ML)
tools to introduce automation, prediction, and adaptive intelligence to these processes, traditionally inflexible in nature [1].

GL allocations refer to the practice of shared costs (e.g., IT, HR, facilities) allocation between departments or legal entities on
pre-determined drivers (e.g, headcount, revenue, or usage). During a financial consolidation, eliminations of GLs are vital to
eliminate intra-company dealings and prevent double-counting, particularly in the intercompany revenue, loan, and equity balances.
Global organizations use currency translations when they have to change local subsidiary financials into a reporting currency to
meet requirements such as the IFRS, GAAP, and FASB ASC 830 [2].

The old process of these functions has been deployed on hard-coded rules, a fixed set of allocation and pre-timed jobs on ERP
systems, including Oracle E-Business Suite, SAP, and Oracle Fusion Cloud ERP. Nevertheless, this type of logic is based on rules
and it is not flexible, scalable, nor real-time adaptable many times. The Al can be used to learn based on the past posting patterns,
forecast future allocations, anomaly detection of removing or not removing translations, and optimize translation timing; all of
which are continually optimized in a feedback loop [3].

The importance of the applications of Al in GL operations is connected with the domain of digital finance transformation, regulatory
change, and enterprise efficiency optimization. The emergence of continuous close models, reliance on real-time analytics, and
integrated planning-reporting cycles within the organization, necessitates the increased enthusiasm in cognitive finance tool use that
focuses on improving the quality of the data, minimizing the manual involvement, and the quality of the decision making throughout
the GL lifecycle [4]. Both Gartner and Deloitte have predicted a major increase in the usage of Al-based financial close automation
solutions, especially within the three major components of the next-gen ERP systems, namely the accounting hubs, consolidation
engines, and currency modules [5].

Despite the technological readiness, there are key gaps in current research and practice that must be addressed:

e Lack of Al model transparency and auditability in GL processes, which are highly regulated
e Inconsistent metadata and chart-of-account structures that complicate pattern detection and prediction
e Limited datasets for supervised learning, especially in private finance environments

e Resistance to change among controllers and auditors accustomed to deterministic logic
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Lack of harmonization between Al tools and existing ERP configurations, leading to integration challenges

This review seeks to explore the transformative potential of Al in GL allocations, eliminations, and translations, offering a
taxonomy of current Al applications, evaluating case studies and vendor solutions, and proposing a framework for future adoption
and innovation.

Specifically, the following sections will:

Examine machine learning models and use cases applied to allocation prediction, elimination matching, and dynamic

currency translation

Review the architecture of Al integration with Oracle and SAP GL modules

Present experimental insights and proof-of-concept performance metrics from Al-enabled finance teams

Analyze governance, compliance, and explainability frameworks for deploying Al in the General Ledger

Discuss future directions such as self-learning finance bots, explainable Al (XAl), and cloud-native GL orchestration

engines

By synthesizing research across finance, Al, and ERP domains, this article aims to offer CFOs, controllers, ERP architects, and Al
developers a comprehensive, forward-looking perspective on modernizing GL processes using intelligent automation.

I1. LITERATURE REVIEW
Table 1: Summary of Key Research on Al in GL Allocations, Eliminations, and Translations

Yea | Title Focus Findings (Key Results and Conclusions)

r

2018 | Al for  Financial  Statement | Al in GL eliminations and | Al-enabled consolidation systems reduced manual
Consolidation: An Early Evaluation consolidation eliminations by 50% [6].

2019 | Predictive  Allocation  Modeling | ML for cost allocation | XGBoost and regression models accurately predicted
Using Machine Learning models in finance allocation drivers with 89% precision [7].

2020 | Intelligent Currency Translation in | Neural — networks  for | Deep learning improved translation accuracy by
Global ERP Systems currency conversion | adjusting to market volatility [8].

patterns

2020 | Automating Intercompany | Al in multi-entity | Introduced  pattern-matching  algorithms  for
Eliminations with Al: Challenges and | eliminations intercompany reconciliations with 92% success [9].
Solutions

2021 | Machine Learning for Dynamic GL | Oracle GL + Al integration | Implementing ML in Fusion Cloud GL reduced cycle
Allocation: Oracle Fusion Case Study time by 34% in allocation runs [10].

2021 | Governance and Explainability in Al- | XAl in GL operations Emphasized SHAP and LIME models to explain GL
Based Financial Close Processes predictions and improve audit readiness [11].

2022 | Real-Time Al in Multi-Currency GL | Real-time conversion and | Al translated foreign GL entries into base currency
Engines hedging automation with time-window sensitivity [12].

2022 | Al in  Consolidation Engines: | Industry-wide adoption of | Found growing adoption in Oracle EPM and SAP
Accuracy and Adoption Trends Al for GL close BPC modules, improving reconciliation speed [13].

2023 | AutoML and ERP Integration for | Low-code ML frameworks | AutoML tools enabled business users to define
Financial Allocations in finance models without programming, enhancing adoption

[14].
2023 | Transformer-Based Anomaly | NLP in journal entry | Transformer models identified rare

Detection in GL Transactions

anomaly detection

allocation/elimination errors with a 94% F1-score
[15].
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11l. BLOCK DIAGRAMS AND PROPOSED THEORETICAL MODEL

3.1. System Architecture: Al Integration in GL Allocations, Eliminations, and Translations

The deployment of Al in General Ledger (GL) processes involves tight integration with ERP financial modules, real-time data
feeds, and continuous feedback loops. The architecture must support rule augmentation, prediction, and automation while
maintaining compliance, traceability, and auditability.

ERP Modules: GL, AP, AR,
Projects

l

GL Engine: Oracle/SAP

l

Data Lake: Journals, FX
Rates, Drivers

l

AlfNML Models: Allocation,
Elimination, Translation

l

Prediction Layer:
Suggestions & FX
Conversion

GL Validator: Rule Check &
Explainability

»

ERP GL Interface:
AP/ Journal Import

Audit Reports &
Reconciliation

»

Feedback Loop: Review &
Retraining

Figure 1: Al-Augmented General Ledger Processing Architecture

Architecture Insights

e Data Lake (C): Combines historical GL journal data, FX rates, and business drivers (e.g., revenue, headcount, usage
metrics) [16].

e AI/ML Models (D): Includes supervised models (XGBoost, LSTM), anomaly detection, and transformers for journal text
patterns [17].

e Prediction Layer (E): Suggests allocation percentages, detects elimination mismatches, and dynamically applies multi-
currency rules.

e Validator (F): Enforces business logic and enables XAl (e.g., SHAP/LIME) to explain outcomes to finance users and
auditors [18].

e Feedback Loop (1): Enables retraining from analyst overrides and reconciliation corrections for continuous improvement.
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3.2. Theoretical Framework: Intelligent Ledger Automation Model (ILAM)

We propose the Intelligent Ledger Automation Model (ILAM), a conceptual framework guiding the deployment of Al in GL
allocations, eliminations, and translations. ILAM focuses on five interrelated layers:

Layer 5 - Continuous

Layer 1 - Data Foundation Layer 3 - Application Logic Layer 4 - Compliance &
5 Layer 2 - Al Model Layer . Learning
GL History, Drivers, FX | — ML, NLP. AutoML. DL | — Allocation Rules, IC Maps, | — Governance Feedback L Analyst
utoML, N ) ‘eedback Loops, Analyst
Rates T FX Standards XAl, SOX, IFRS, Audit Trails EDEE)

Review

Figure 2: ILAM - Intelligent Ledger Automation Model
Framework Explanation

e Layer 1 (Data Foundation): Ensures high-quality, labeled, and normalized inputs for training and prediction [16].

e Layer 2 (Al Models): Enables forecasted allocations, elimination suggestions, and adaptive currency translations using
advanced ML methods [17].

e Layer 3 (Application Logic): Bridges legacy finance logic (e.g., allocation rules, elimination logic) with Al
recommendations for hybrid decisioning [18].

e Layer 4 (Governance): Embeds compliance controls, transparent decision paths, and versioning for auditability and SOX
alignment.

e Layer 5 (Learning): Captures post-close insights, reconciliation errors, and controller feedback to retrain models and
improve outcomes [19].

Practical Advantages of ILAM

Benefit How ILAM Delivers

Faster Allocation Runs ML-based driver prediction replaces static allocation rules [16]
Higher Elimination Accuracy Pattern-matching and anomaly detection improve match rates [17]
Dynamic Currency Adjustments Al adapts translations to real-time FX shifts and volatility [18]

Enhanced Compliance & Auditability | Explainable Al ensures clarity for external auditors and regulators [19]

Continuous Improvement Embedded feedback retrains models for each financial close

IV. EXPERIMENTAL RESULTS: PERFORMANCE EVALUATION OF Al MODELS IN GL OPERATIONS
4.1. Overview of Evaluation Methodology

To assess the effectiveness of Al-based techniques in General Ledger (GL) allocations, eliminations, and translations, we
examined findings from:

e  Multiple proof-of-concept (PoC) deployments in Fortune 500 finance departments
e Published case studies by ERP vendors (Oracle, SAP) and consulting firms (PwC, Deloitte)

e Performance trials using open-source and proprietary datasets simulating GL transactions, cost drivers, FX rates, and
journal logs

e Comparison against traditional rule-based logic used in Oracle Fusion and SAP S/4AHANA GL systems

Key metrics assessed:
e Prediction Accuracy (%) for allocations and eliminations

e Error Detection Rate (%) for currency mismatches and intercompany errors

e Cycle Time Reduction (%)
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e False Positive Rate (FPR) (%) in anomaly detection

e  Model Explainability Score (qualitative)

Table 2: Model Performance for GL Allocations

Model Prediction  Accuracy | Cycle Time Reduction | FPR Explainability

(%) (%) (%) (Qualitative)
XGBoost (allocation drivers) | 91.4 42% 3.8 Moderate (SHAP)
[20]
AutoML (Google/AWS) [21] 88.6 35% 4.2 High (Auto-docs)
Transformer + Rules Hybrid | 94.2 51% 2.1 High (Attention maps)
[22]
Traditional Rule Engine 76.5 N/A 5.7 None

Al outperformed traditional logic in both accuracy and speed for GL allocations. Transformer hybrids delivered the best results
[20][21][22].

GL Allocation: Accuracy vs. Time Savings

Prediction Accuracy (%)
Cycle Time Reduction (%)

XGBoost AutoML Transformer+Rules Rules Only
Model Type

Figure 3: Allocation Prediction Accuracy vs. Time Saved

Table 3: Anomaly Detection in Eliminations and Translations

Technique Error Detection | False Positives | Time to Flag | Use Case
Rate (%0) (%) Anomaly (sec)
Transformer (journal | 92.1 34 1.8 Duplicate eliminations

embeddings) [22]

LSTM + Autoencoder 89.5 4.2 25 Intercompany loan
mismatches

Rules + Regression (legacy) | 74.6 7.8 54 FX discrepancies

Attention-augmented NLP 93.8 29 1.6 Multi-currency

misclassification [23]

Key Observations

e Al models consistently improved detection of GL anomalies and reduced reporting lag, particularly in multi-entity
eliminations.

e Transformer models trained on journal text and metadata were highly effective in spotting duplicate elimination and
currency errors, with F1-scores exceeding 92% [22].
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e Explainable Al using SHAP and attention maps significantly improved stakeholder confidence and audit review turnaround
times [24].

e AutoML approaches provided strong baseline performance, especially for finance teams without dedicated data scientists
[21].

Summary: Model Effectiveness by GL Function

GL Function Top Performing Model Performance Highlight

Allocations Transformer + Business Rules [22] | 94.2% accuracy; 51% time reduction
Eliminations Attention-based NLP [23] 93.8% anomaly detection; 2.9% FPR
Currency Translations | LSTM Autoencoder [20-24] Adaptive forecasting with time-aware hedging
Auditability SHAP-based Regression [24-26] 98% match with audit sample outcomes

V. CONCLUSION

This review sheds new light on how Al can revolutionize the traditionally unresponsive GL operations by adding intelligence,
forecasting, and flexibility to the allocation logic, elimination processes, and currency translation modules. When applied to various
use cases, Al models increased the accuracy (up to 94 percent), decreased the cycle time by more than 50 percent, and identified
anomalies better in intercompany and FX records. Transformer-based models and hybrid logic-based architectures, in particular,
proved to be resistant to the environment of high volume of journal processing, and AutoML frameworks made ML accessible to
those in the finance team without much coding expertise. The use of explainable Al (XAl) methods, including SHAP and attention
visuals, was also crucial in terms of auditability and stakeholder trust, particularly in regulated sectors.

However, the adoption of Al in GL faces challenges, including:

e Data quality inconsistency across ERPs and legacy systems
e Interpretability issues for complex neural models in audit reviews
e Integration complexity with existing ERP processes and compliance frameworks

e Cultural resistance among finance professionals to transition from deterministic to probabilistic methods

Despite these hurdles, the potential of Al to automate, learn, and optimize across GL processes is too significant to ignore. The next
wave of transformation in financial operations will be shaped by Al-first design paradigms that blend automation, governance, and
insight.

VI. FUTURE DIRECTIONS

6.1. Al-Augmented Close Orchestration Engines

Future GL systems will integrate Al-powered orchestration layers that automatically prioritize, sequence, and validate tasks during
financial close, including allocations, eliminations, and FX translation.

6.2. Federated Learning Across Legal Entities

To enable cross-entity intelligence without violating data sovereignty, organizations will adopt federated learning techniques,
allowing models to train across geographies without moving sensitive ledger data.

6.3. Digital Ledger Twins

Inspired by digital twins in manufacturing, finance teams will adopt "digital ledger twins," virtual models of ledger behavior that
simulate the impact of allocation rules, currency volatility, and eliminations before execution.

6.4. Auto-Auditing and Continuous Assurance

Future GL processes will feature auto-auditing bots that leverage XAl to generate real-time audit trails and anomaly rationales,
dramatically reducing post-close audit workloads.

6.5. Composable ERP + Al Architecture

ERP platforms will evolve toward composable architectures, where Al models, validation engines, and reconciliation tools are plug-
and-play modules across Oracle Fusion, SAP S/4AHANA, and emerging platforms. These innovations will not only accelerate the
financial close but also embed continuous control and compliance within every ledger action, paving the way for fully autonomous
GL environments.
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