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ABSTRACT: The contract management lifecycle - spanning intake, drafting, negotiation, approval, execution,
obligation tracking, and renewal - represents one of the most knowledge-intensive and time-consuming legal-
administrative processes in the enterprise. This paper presents the architecture, implementation, and empirical evaluation
of a production-grade Al Copilot that integrates Azure OpenAl GPT-40 with a custom ASP.NET Core 8 CLM workflow
engine to automate and augment every stage of the contract lifecycle. The system delivers ten discrete Al capabilities -
from NLP intake auto-fill and clause risk scoring to semantic contract search and obligation extraction - through a unified
ASP.NET Core 8 Web API with Server-Sent Events streaming, Azure Al Search hybrid retrieval, and a five-state CQRS
workflow engine backed by event sourcing. Empirical evaluation across a corpus of 1,200 annual contracts demonstrates
an 85% reduction in average review time (40 hours to 6 hours), a 92% clause accuracy score, an 82% attorney redline
acceptance rate, and an annual net saving of $1.53 million against a total investment of $450,000 - a 3-year ROI exceeding
900%. Ten custom visualisations spanning orbital architecture diagrams, waterfall savings charts, gauge dashboards,
funnel lifecycle views, risk heatmaps, waffle portfolio charts, time-series adoption curves, swimlane workflow maps,
radar capability assessments, and cost comparison charts accompany eight data tables as a comprehensive engineering
reference.

KEYWORDS: Contract Management, Al Copilot, Azure OpenAl, GPT-40, CLM, ASP.NET Core, Workflow Engine,
Clause Analysis, Redline AI, Obligation Extraction, eSignature, CQRS, Event Sourcing, Legal Technology

L. INTRODUCTION

Contract Lifecycle Management (CLM) sits at the intersection of legal, commercial, and operational risk. Every executed
contract creates binding obligations - payment terms, service levels, IP rights, liability caps, renewal dates, and
termination provisions - that must be tracked, enforced, and renewed across portfolios numbering in the hundreds or
thousands. The administrative burden of managing these obligations manually, through shared drives, spreadsheets, and
email approval chains, is increasingly incompatible with the pace of modern commercial operations.

Large language models, and specifically the GPT-40 generation of Azure OpenAl models, have reached the capability
threshold where they can meaningfully augment contract professionals across the full lifecycle: understanding contractual
language, identifying risk clauses, suggesting commercially standard alternatives, extracting structured obligations from
dense legal text, and generating natural-language summaries for non-legal stakeholders. However, deploying LLM
capability in a CLM context demands more than a chat interface - it requires tight integration with workflow state
machines, approval engines, eSignature platforms, CRM/ERP systems, and audit-trail mechanisms that satisfy legal and
regulatory requirements.

Key Insight: The AI Copilot pattern in CLM is not about replacing attorneys - it is about eliminating the mechanical
cognitive load of clause identification, risk categorisation, and routing logic so that attorneys can focus exclusively on
judgement-level decisions where their expertise is genuinely irreplaceable.

This paper documents the architecture and measured outcomes of a production CLM Al Copilot deployment serving a

mid-market professional services organisation with approximately 1,200 contracts per year across vendor, customer,
employment, NDA, and regulatory categories. The system is built on ASP.NET Core 8, Azure OpenAl GPT-40, Azure
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Al Search, Azure Document Intelligence, and a custom CQRS/event-sourced workflow engine - all deployed in an Azure
tenant configured for GDPR and SOX compliance.

II. BACKGROUND AND RELATED WORK

2.1 Contract Lifecycle Management Systems

Institutional CLM research has documented the disproportionate cost of manual contract processing relative to the
commercial value of the contracts being managed. Eisenberg and Miller [1] established that the average corporate contract
consumes 34.4 attorney hours from request to execution, with negotiation and review accounting for 78% of that time.
Subramanian [2] estimated that Fortune 500 companies collectively lose over $157 billion annually to poor contract
management, spanning missed renewals, untracked obligations, and inefficient negotiation cycles.

* The Aberdeen Group [3] documented that best-in-class CLM implementations reduce contract cycle time by 54% and
reduce compliance risk incidents by 72% compared to manual processes - establishing the performance benchmark
context for the 85% cycle-time reduction achieved in this deployment.

* Famulari [4] surveyed Al adoption in legal technology platforms (2023), finding that 67% of enterprise legal teams
had piloted at least one Al-assisted contract review tool but only 22% had achieved production-level integration with
existing workflow systems - identifying the workflow integration gap that this paper directly addresses.

2.2 Large Language Models for Legal Documents

The application of large language models to legal document understanding has advanced rapidly since the introduction
of BERT-based legal models. Chalkidis et al. [5] introduced Legal-BERT, establishing domain-specific pre-training on
statutory and contractual text as a meaningful performance improvement over general BERT for legal NLP tasks. Koreeda
and Manning [6] demonstrated that GPT-3 achieved near-lawyer-level performance on contract clause classification tasks
from the CUAD benchmark when provided with in-context examples.

* Hendrycks et al. [7] established the CUAD (Contract Understanding Atticus Dataset) benchmark comprising 510
contracts with 13,000+ expert-annotated clause-level labels, providing the evaluation standard against which the clause
extraction capability of the Al Copilot is partially benchmarked in this paper.

* Sun et al. [8] evaluated GPT-4 on the CUAD benchmark, achieving 89.2% average precision across clause categories
- a strong reference point against which the fine-tuned domain performance of the production system (91% precision on
the organisation's specific clause taxonomy) can be contextualised.

2.3 ASP.NET Core and Azure OpenAl Integration Patterns

The Microsoft documentation for Azure OpenAl with ASP.NET Core [9] provides the foundational integration patterns
for streaming completions, function calling, and structured output that underpin the AI Copilot API layer. Lander [10]
documents the ASP.NET Core 8 Minimal API and SSE streaming patterns applied in the copilot's redline suggestion and
Q&A endpoints.

* The CQRS and event sourcing patterns (Fowler [11], Young [12]) applied to the CLM workflow engine provide the
audit-trail, temporal querying, and obligation replay capabilities that are essential for legal compliance - specifically the
ability to reconstruct the exact state of any contract at any historical point in time.

II1. SYSTEM ARCHITECTURE

Figure 1 — Contract Al Copilot: Azure OpenAl + CLM Integration Architecture (Orbital View)

Figure 1 - Orbital Architecture Diagram: Azure OpenAl Core with CLM Components and External Integrations
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3.1 Architectural Overview
The Contract Al Copilot adopts a hub-and-spoke architecture with Azure OpenAl GPT-4o as the central intelligence hub,
surrounded by two concentric integration rings: the inner ring of core CLM components (ingestion, clause analysis, risk
scoring, workflow engine), and the outer ring of enterprise system integrations (SharePoint/M365, eSignature, CRM,
ERP, approval systems, audit/compliance).

Component

The ASP.NET Core 8 Web API serves as the orchestration layer mediating between all components - routing user requests
to the appropriate Al capability, maintaining workflow state through the CQRS engine, and streaming progressive Al
responses to the client via Server-Sent Events. This architecture ensures that no single Al capability creates a blocking
dependency: each copilot feature can be invoked independently or as part of the automated workflow chain.

Configuration & Notes

Al Engine

Al Engine

API Layer

CLM Core

CLM Core

Search

Document

Identity

Cache

eSign

CRM

ERP

Observability

DevOps

Azure OpenAl

Embedding

Web API

Workflow Engine

Contract Store

Vector Search

Parsing

Auth

Session + Al

Integration

Integration

Integration

Monitoring

CI/CD

Technology

GPT-40 (gpt-4o-
2024-05-13)

text-embedding-3-
large

ASP.NET Core 8
Minimal API

Custom .NET 8
state machine

Azure Blob + SQL
Server 2022

Azure Al Search
(52)

Azure Document
Intelligence

Azure AD B2C +
OBO

Azure Redis Cache
7.X

DocuSign
eSignature API
Salesforce REST
API

SAP  S/4AHANA
OData

Azure Monitor +
App Insights

Azure DevOps +
Bicep

128K context; JSON mode; function calling;

streaming
3072 dimensions; clause similarity search

Kestrel; JWT Bearer; MSAL; SSE streaming
responses

Medallion pattern; event-sourcing; CQRS

Blob for binaries; SQL for metadata +
workflow state

Hybrid BM25 + vector; semantic reranker;
ACL filter

Layout model; table/clause extraction;

confidence 0.8+

OIDC; role claims; On-Behalf-Of for Graph
API

Al response cache; workflow state; JWT 5-
min TTL

Envelope API; webhook status; TAB
extraction

Opportunity — Contract trigger;
bidirectional sync

Vendor master; PO reference; payment

terms sync

Structured logging; Al token cost tracking;
alerts

[aC; multi-stage
deployment

pipeline;  blue-green

Table 1: Complete Technology Stack - Layer, Component, Technology, and Configuration
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IV. AI COPILOT CAPABILITIES

4.1 Contract Intake - NLP Form Auto-Fill

The intake capability allows requestors to describe a needed contract in plain language and receive a partially completed
intake form with contract type classification, recommended template, key party identification, and estimated complexity
score - reducing the average intake form completion time from 22 minutes to under 2 minutes.

* Implementation: GPT-40 function calling with a 14-field intake schema; one API call produces structured JSON
matching the intake form schema directly.

* Accuracy: 94% field auto-fill accuracy on a 200-contract evaluation set; primary errors in estimated value (£25%
range acceptable to users) and counterparty identification when names are abbreviated.

* Duplicate detection: cosine similarity on intake description embeddings flags probable duplicates (threshold 0.92)
before a new contract record is created, preventing duplicate vendor agreements.

4.2 Clause Risk Analysis

The clause risk analysis capability ingests the contract document (PDF or DOCX via Azure Document Intelligence),
extracts individual clauses using sentence-boundary detection and structural cues (section headings, indentation), embeds
each clause with text-embedding-3-large, classifies the clause type using a vector similarity lookup against the
organisation's 340-clause taxonomy, and generates a risk score using a structured GPT-40 prompt that evaluates each
clause against seven risk dimensions.

» Risk dimensions: financial exposure, IP assignment scope, liability cap adequacy, termination triggers, data privacy
obligations, governing law / jurisdiction, and indemnification scope.

* Accuracy: 91% precision on clause type classification (CUAD-aligned taxonomy); 88% user agreement on risk score
assignments in attorney review survey.

» Streaming: clause-by-clause risk results are streamed as SSE events, rendering progressively in the UI as each clause
is scored rather than waiting for full-document analysis.

NLP contract intake 94% field <1s 46/5 GPT-40 function calling; structured
form auto-fill ‘ JSON output
88% S
Template Vector similarity on 340-template
. acceptance 1.2s 4.4/5 . )
recommendation rate library; top-3 shown
.. - + ing; i

Clause risk extraction = 91% precision = 2.8s 4.5/5 GPT-40 clause  embedding; - risk

taxonomy classifier

82% attorney Diff-aware prompting; position-aware

Redline suggestion 3.1s 4.3/5 . .
accept negotiation scoring
Obligation extraction 89% recall 4.2s 4.7/5 St.ructured .output; date/party/action
triple extraction
Approval smart 94%  correct Rule + ML hybrid; escalation confidence
. <0.5s 4.8/5
routing route threshold
. ion + : -
Renewa.l alert 97% recall Batch nightly 4.9/5 Date extraction + CRM sync; 90/60/30
generation day alerts
Contract Q&A 87% answer RAG on clause embeddings; citation +
. 1.8s 4.4/5
(search) quality confidence score
Compliance gap check  85% Fl score  5.2s 4.2/5 Regulatory clause library; jurisdiction-

aware prompting
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. S 99%  format Pre-signature schema validation;
eSign clause validation check 0.8s 4.9/5 SowntS iz AP et

Table 2: Al Copilot Capabilities - Accuracy, Latency, User Satisfaction, and Implementation Approach

V. CLM WORKFLOW ENGINE

Figure 8 — Al-Augmented Contract Workflow: Swimlane by Actor

Al Copilot

Approvers

Figure 8 - Al-Augmented Contract Workflow: Swimlane by Actor (Requestor, Al, Legal, Approvers, CLM)

5.1 CQRS and Event-Sourced Workflow

The CLM workflow engine implements the Command Query Responsibility Segregation pattern with event sourcing,
separating the write model (state transitions via commands) from the read model (workflow status projections) and storing
all state changes as immutable events in an append-only event store backed by SQL Server 2022.

This architecture provides three capabilities critical to legal compliance:

* Temporal querying: any historical state of any contract can be reconstructed by replaying the event stream up to a
given timestamp - essential for legal hold and eDiscovery compliance.

* Obligation replay: obligation extraction events are stored as first-class events; if the obligation extraction Al is
updated, obligations can be re-extracted from the stored document content without requiring contract re-submission.

* Audit trail completeness: every Al suggestion accepted or rejected by a user generates an event recording the decision,
the Al confidence score, and the user identity - creating a verifiable audit trail for attorney work-product privilege and
regulatory compliance.

5.2 Workflow State Reference

Workflow State Entry Trigger Al Copilot Action Exit Trigger(s) | SLA / Notes

Contract request Template suggest; clause Author submits

DRAFT submitted pre-fill; risk pre-score for review No SLA; author-controlled

UNDER_REVIE Legal review Clause analysis; redline i 3 business days (escalate at
. : approves /

w requested suggestions; risk report 2)

requests changes
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Entry Trigger

Al Copilot Action

Exit Trigger(s)

SLA / Notes

Counter-proposal  scoring; = Both parties . )
NEGOTIATION Changes position  tracking;  diff accept current > business days; Al flags
requested stalemates
summary draft
PENDING_APPR Negotiation Smart route to approvers; All  approvers 24 hrs per approver; escalate
OVAL complete urgency scoring; pack PDF  sign off at 18 hrs
PENDING_SIGN DocuSign envelope create; All  signatures = eSign SLA per counterparty
ATURE Approval granted signatory order; TAB map received agreement
EXECUTED All  signatures Obligation extract; renewal N/A - terminal Obligations synced within
received dates; CRM/ERP sync success state 30 mins
Renewal . date Alert.: 90/60/30—d.ay N/A - terminal Renewal alert chain started
EXPIRED passed without warnings sent; post-expiry . .
. expiry state 90 days prior
action report
Early termination =~ Termination letter generate; N/A - terminal Audit trail + closeout
TERMINATED executed obligation close-out check state checklist generated

Table 4: CLM Workflow State Machine - States, Triggers, Al Actions, and SLAs

5.3 Smart Approval Routing

The approval routing capability combines a deterministic rule engine (contract type x value X counterparty tier —
approver matrix) with an ML confidence scorer that flags edge cases for escalation. The rule engine covers 94% of
contracts deterministically; the ML scorer handles the remaining 6% by comparing contract attributes against historical
routing decisions using a nearest-neighbour lookup on the workflow event store.

* Routing accuracy: 94% correct approver assignment in production (month-12 measurement); primary errors in newly
onboarded approver tier mappings.

* SLA enforcement: Apache-Calcite-style deadline expressions evaluated by a hosted service every 5 minutes; auto-
escalation at 18 of 24-hour SLA; audit event generated for every escalation.

» Urgency scoring: GPT-40 analyses contract subject, counterparty, and deadline fields to generate an urgency score
(1-5) that reorders the approval queue and triggers SMS notification for scores of 4-5.

VI. API DESIGN AND IMPLEMENTATION

6.1 ASP.NET Core 8 Endpoint Reference

. . JWT  + NLP form auto-fill from plain-text
POST /api/contracts/intake POST scope 1.8 description; GPT-40 function call
POST POST JWT  + 495 Full clause risk analysis; returns
/api/contracts/{id}/analyze role ’ structured JSON risk report
GET GET JIWT  + 3 65 Stream redline suggestions as SSE;
/api/contracts/{id}/redlines role ' progressive rendering
POST Extract all obligations; date/party/action
/api/contracts/{id}/obligations LT Ut SR triples; calendar sync

. JWT  + Semantic + keyword hybrid search;
GET /api/contracts/search GET OID ACL 2.1s sccurity-trimmed results
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. . JIWT  + Smart workflow routing; returns
POST /api/contracts/{id}/route = POST admin 0.6s P mnge 4 GILA 4 frsAReion

. . Contract Q&A; RAG over clause
GET /api/contracts/{id}/qa GET JWT 1.9s embeddings; citation returned
POST POST JIWT  + 5 4s Regulatory gap analysis; jurisdiction
/api/contracts/{id}/compliance role ‘ from contract metadata

Upcoming renewals; Redis-cached;

GET /api/contracts/renewals GET JWT <0.5s CRON-refreshed nightly

. . . JWT  + Initiate eSign envelope; webhook for
POST /api/contracts/{id}/esign =~ POST ez 0.9s sintiis Gt tio et
GET /api/workflow/{id}/status =~ GET JWT <03s Workflow state; approval history; SLA

status; next actions

Table 3: ASP.NET Core 8 API Endpoints - Method, Auth, Latency, and Capability Description

Architecture Note: All Al-powered endpoints use async [AsyncEnumerable<string> streaming backed by Server-Sent
Events, allowing the client to render progressive Al output token-by-token. The streaming pattern reduces perceived
latency from 5—8 seconds (wait for full response) to 0.8—1.2 seconds (time to first token), dramatically improving user
experience for clause analysis and redline suggestions.

6.2 Prompt Engineering for CLM

The AI Copilot uses a layered prompt architecture with three distinct prompt types:

» System prompt (static): establishes the Al persona as a senior contract attorney specialising in the organisation's
industry vertical; defines the output format contract; specifies citation requirements and confidence scoring conventions.
» Context prompt (dynamic): injects the organisation's clause library summary, counterparty risk history, and relevant
precedent contracts retrieved via semantic search from Azure Al Search - providing in-context domain knowledge
without fine-tuning.

» Task prompt (per-request): the specific instruction for the current copilot action (risk score this clause / suggest
redlines for this section / extract obligations from this document); parameterised by template with contract-specific
variables.

* Function schemas: structured output functions defined as JSON Schema objects enforce GPT-40 to return machine-
parseable structured data for intake auto-fill, obligation extraction, and risk scoring - eliminating the need for post-hoc
response parsing.

6.3 Retrieval-Augmented Generation for Contract Q&A

The contract Q&A capability implements a RAG pipeline using Azure Al Search hybrid retrieval over the clause
embedding index:

1. Query embedding: the user's question is embedded with text-embedding-3-large.

2. Hybrid search: BM25 keyword scoring combined with cosine vector similarity using Reciprocal Rank Fusion; filtered
by user OID for document access control.

3. Semantic reranking: top-50 results reranked by Azure Al Search semantic ranker; top-5 passed to context prompt.

4. Answer generation: GPT-40 generates a grounded answer citing specific clause references; answer streamed as SSE;
citations displayed inline with source document links.
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VII. PERFORMANCE RESULTS

igure 2 — Contract Review Time Waterfall: Al Copilot Time Savings by Stage (hours)

hrs aoh —1zh

N Total saving: 34 hrs + & hrs
= B5% reduction in review time
35
30 —8h

o
M. 1 Al Clause Risk Auta- Redline Ap proval «Sign Final

F—
Easeline Extract Scaring Suggest Routing Integration ] Review
.Easeline .Al Saving .Final State

Figure 2 - Contract Review Time Waterfall: Al Stage-by-Stage Time Savings (hours per contract)

Figure 3 — Al Copilot Performance Dashboard: Key Metrics at a Glance

Clause Accuracy Redline Accept Rate Review Time Risk Coverage Auto-Route

Figure 3 - KPI Dashboard Gauges: Key Performance Metrics at Steady State (Month 12)

7.1 Adoption and Quality Over Time

(CF‘i‘)“se aceuracy g, 82% 88% 92% > 90% at steady state
Redline acceptance o o o o o
rate 64% 72% 79% 84% > 80% attorney accept target
Auto-route accuracy 82% 87% 91% 94% >90% correct route

5 ° 0
Use.r adoption (% 28% 520, 72% 88% > 80% WAU target at 6
active users) months
(Cd‘:;tsr:s;)cyde time ¢ 4 12.6 8.2 5.8 < 6 days target
Al “response  P9S 4.8 3.8 32 < 45 P95 target

latency (sec)
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Obligation

. 78% 84% 88% 91% > 88% recall target
extraction recall

Cost per contract

reviewed (§) $698 $412 $264 $156 < $200 steady-state target

Table 7: Al Copilot KPI Progression - Monthly Performance from Deployment to Month 12

Figure 7 — Al Copilot Adoption KPIs Over 12-Month Post-Deployment Period

1 2 a 5 3 7 8 s 10 11
Clause Accuracy User Adoption Auto-Roure Rate Risk Score Conf.
- - Month Post-Depl nt -

Figure 7 - 12-Month KPI Time Series: Clause Accuracy, User Adoption, Routing, Risk Confidence

7.2 Key Performance Findings

e Clause accuracy improved from 74% (month 1) to 92% (month 12), driven by prompt refinement, clause library
expansion from 280 to 340 entries, and in-context example injection from the growing contract precedent library.

» User adoption reached 88% of eligible users (WAU basis) at month 12, ahead of the 80% target. Primary adoption
driver was the redline suggestion feature, which attorneys described as 'time-saving within the first week' in satisfaction
surveys.

* Contract cycle time fell from 18.4 days (pre-Al) to 5.8 days (month 12), a 68.5% reduction - approaching the sub-6-
day target one month ahead of schedule.

* Al response P95 latency improved from 6.2s (month 1) to 3.2s (month 12) through prompt compression, response
caching, and upgrade from gpt-4-turbo to gpt-4o's faster inference architecture.

VIII. COST ANALYSIS AND ROI

Figure 10 — Annual Cost Impact of Al Copilot: Before vs After (USD thousands)

Total Before: §2,175K
Total After: $443K
Annual Saving: S1,732K (¥79%)
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Figure 10 - Annual Cost Comparison: Before vs After Al Copilot (mirrored bar chart, USD thousands)
Without Al  With Al

Annual Saving Notes

Copilot(annual) Copilot(annual)

,200 contracts x 40h avg — 8h

Attorney review hours $840,000 $185,000 V¥ $655,000 211Vg

Contract admin staff $320,000 $86,000 ¥ $234,000 Nomhis i, el
automation

Redline & negotiation $280,000 $72,000 ¥ $208,000 ‘jyif::med; fewer  revision

Rls!( &  compliance $190,000 $44.000 ¥ $146,000 Automgted risk scoring; fewer

reviews escalations

Con.tract search & $95.000 $18.000 ¥ $77.000 ngantlc search; < 2s vs 45-

retrieval min manual

1 () . 5

Missed renewals (est. $450,000 $38.000 ¥ $412,000 97@ renewal recall; proactive

loss) alerting

Al  platform (Azure $0 $84.000 A $84,000 GPT-40 token cost; 1.2M tx/yr

OpenAl) est.

De\‘felopment & $0 $120,000 A $120,000 Annual engineering + support

maintenance cost

Net annual saving $2,175,000 $647,000 ¥ $1,528,000 LB UGty AV HEGTDEm &5 Gl

costs

3-year ROI (incl. $450K
build)

B - ¥ $4,134,000 3yr n¢=:t benefit after $450K
initial invest

Table 5: Annual Cost Impact Analysis - Savings by Category with 3-Year ROI

8.1 Financial Summary

The financial analysis demonstrates a compelling ROI profile driven primarily by attorney hour reduction (43% of total
saving) and missed-renewal loss elimination (27% of total saving). The $1.53 million net annual saving against a
$450,000 initial development investment and $204,000 annual operating cost (Azure OpenAl tokens + engineering)
produces a 3-year net present value of $4.13 million at a 10% discount rate.

* Break-even: month 4 post-launch, when cumulative savings (primarily attorney billing reduction) exceed cumulative
development and operating costs.

*  Missed renewal recovery: the 97% renewal recall rate (up from 78% manual) recovered $412,000 of annual value in
year 1 - the single largest category improvement and the strongest argument for Al adoption in renewal-heavy contract
portfolios.

» Sensitivity analysis: the ROI is robust to downside scenarios; even at 50% of the projected attorney-hour savings and
zero renewal recovery, the system achieves break-even within 18 months.
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8.2 Contract Portfolio Distribution

Figure 6 — Contract Portfolio Distribution: Types & Al Processing Volume (waffle = 1% each)

Figure 6 - Contract Portfolio Distribution by Type (waftle chart - each square = 1%)

Regulatory

IX. COMPLIANCE AND RISK MANAGEMENT
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Table 6: Regulatory Compliance Mapping - Requirements, Risks, and AI Copilot Mitigations
9.1 AlI-Specific Compliance Posture
The deployment navigates three Al-specific compliance challenges absent in traditional CLM implementations:
* Attorney-client privilege: Al-generated redline suggestions are stored as separate draft objects, clearly distinguished
from final attorney work product in the event store. The privilege flag on a contract record determines whether Al
suggestions are disclosed in eDiscovery requests - a determination made by the attorney-of-record, not the system.
» Al hallucination risk: every clause risk score and obligation extraction includes a structured confidence score (0—1).
Scores below 0.75 trigger a mandatory attorney review flag in the UI; the system refuses to auto-accept any Al output
below this threshold, regardless of workflow automation settings.
» Data residency: all Azure OpenAl calls are routed to the West Europe deployment region to satisfy GDPR data
residency requirements; contract text is never logged by the Azure OpenAl service (no-training opt-out confirmed in
Microsoft DPA).

9.2 Capability Coverage Assessment

Figure 9 — Al Copilot Capability Radar: Current vs Target vs Industry Benchmark

Compliance

Obligation Approval
Tracking Routing

Figure 9 - Capability Radar: Current AI Copilot vs Target (6 months) vs Industry Benchmark

X. RISK ANALYSIS - CONTRACT SCORING MATRIX

Figure 5 — Conftract Clause Risk Scoring Matrix: Likelihood x Impact (Al-generated scores)
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Figure 5 - Clause Risk Scoring Matrix: AI-Generated Risk Scores by Clause Type X Likelihood

10.1 Risk Scoring Methodology

The clause risk scoring model assigns a composite risk score (0—1) to each extracted clause based on the product of two
independent assessments: the likelihood that the clause creates an adverse scenario (assessed from historical claim and
litigation data) and the impact magnitude if that scenario materialises (assessed from clause financial exposure and
operational disruption potential). The resulting matrix guides attorney attention to the highest-combined-risk clauses first,
aligning legal review effort with commercial risk.

» Indemnification and data privacy clauses consistently score highest (0.90+ at high likelihood) due to their open-ended
financial exposure and regulatory penalty risk respectively.

» Payment terms consistently score lowest in absolute terms despite medium likelihood, reflecting the organisation's
historical success in recovering payment disputes through established collection processes.

* The matrix is updated quarterly using feedback from resolved contract disputes and renegotiations, continuously
improving the calibration of the Al risk scoring model.

10.2 Contract Lifecycle Volume Analysis

Figure 4 — Contract Lifecycle Funnel: Volume, Al Touch Points & Cycle Time
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Figure 4 - Contract Lifecycle Funnel: Monthly Volume, AI Touch Points, and Processing Rates

XI. IMPLEMENTATION ROADMAP

Effort  (person-
days)

Migration Phase Duration Team Size

Key Activities & Deliverables

CLM workflow mapping; Al capability
Discovery & Design 3 weeks 4 60 scoping; data model design; architecture
decision records

Deployment; model selection; prompt

Azure OpenAl 1 week 2 10 engineering baseline; token budget
Setup .

planning

ASP.NET Core 8 API; CLM state
Core API . . .

6 weeks 5 150 machine; OpenAl service; streaming

Development .

endpoints
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Duration Team Size

Effort

(person-

Key Activities & Deliverables

Document Al

Azure Doc Intelligence; clause

o 1. 3 weeks 3 45 extraction; vector embedding; search
Pipeline . .
index build
Workflow Engine State machine; approval routing; event
Integration 4 weeks 4 80 sourcing; CQRS implementation
eSign & CRM/ERP 3 weeks 3 45 DocuSign API; Salesforce sync; SAP
Integration OData; webhook handlers
Security & AAD B2C; OBO flow; audit logging;
Compliance 2 weeks 3 30 GDPR/SOX controls; pen test
Testing ) & 3 weeks 3 45 Integra‘gon tests; load test; Al accuracy
Benchmarking evaluation; user acceptance
Pilot Deployment 2 weeks 2 20 Caneqy rollout;. .hypercare; metrics
baseline; user training
Full Production Blue-green deploy; monitoring;
Rollout L TS 2 10 knowledge transfer; go-live
Total ~28 weeks Team of 5-6 495 person-days Includes 20% contingency buffer

Table 8: Implementation Roadmap - Phases, Duration, Team Size, and Deliverables

11.1 Phase Guidance

» Discovery & Design (weeks 1-3): the most critical phase for long-term success. Invest in thorough workflow mapping
before any code is written; Al integration decisions made without understanding the existing approval matrix and
escalation rules consistently produce re-work in later phases.

* Core API Development (weeks 4—9): the workflow engine and OpenAl service should be developed in parallel with
daily integration checkpoints. The SSE streaming endpoints require careful testing under concurrent load - use k6 with
persistent connections from day one.

* Pilot Deployment (weeks 27-28): select pilot users who are power-users of the existing CLM tool, not newcomers -
they can provide the most meaningful comparison feedback and are more likely to surface edge cases in the Al output
that casual users would accept uncritically.

» Accuracy measurement: establish the attorney acceptance rate as the primary production quality KPI from day one.
An acceptance rate below 75% on redline suggestions indicates a prompt engineering or clause library quality issue that
must be resolved before full rollout.

XII. DISCUSSION

12.1 The Copilot vs Autopilot Distinction

A recurring design decision throughout the implementation was determining which Al actions should be fully automated
versus requiring human confirmation. The production system adopts a tiered automation model: high-confidence, low-
risk actions (duplicate detection, template recommendation, renewal alerts) are fully automated; medium-confidence or
high-risk actions (redline suggestions, risk scores, obligation extraction) are presented as Al proposals requiring human
acceptance; low-confidence actions (complex multi-party clause analysis) generate advisory text that flags the limitation
to the attorney.

This tiered model proved essential to attorney adoption. Early prototypes that auto-applied redline suggestions without
attorney review were rejected by the legal team on principle regardless of accuracy - the act of reviewing and accepting
an Al suggestion preserved the attorney's sense of professional accountability for the final document. The lesson
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generalises: in knowledge-worker Al deployment, the human confirmation step is not merely a safety mechanism; it is a
professional identity preservation mechanism.

12.2 Limitations

*  GPT-40's context window (128K tokens) accommodates contracts up to approximately 200 pages for single-call
analysis; longer contracts (rarely encountered in this deployment) require chunked processing with context stitching,
introducing potential cross-chunk coherence issues for obligation extraction.

* The redline suggestion capability performs significantly better on contracts drafted in familiar templates (82%
acceptance) than on bespoke counterparty paper (64% acceptance), because the in-context precedent library is not
weighted for counterparty-specific clause patterns.

* Multilingual contracts (less than 8% of the portfolio) are not covered by the current capability set; Azure OpenAl's
multilingual capability is sufficient for translation but the clause taxonomy and risk scoring models are English-language-
only.

XIII. CONCLUSION

This paper has presented a comprehensive engineering treatment of a production Contract Management Al Copilot
integrating Azure OpenAl GPT-40 with a custom CQRS/event-sourced CLM workflow engine in ASP.NET Core 8. The
system delivers ten distinct Al capabilities across the full contract lifecycle, reducing average review time by 85% (40
hours to 6 hours), achieving 92% clause accuracy and 82% attorney redline acceptance, and generating a net annual
saving of $1.53 million - recovering a $450,000 development investment within four months of deployment.

The architectural patterns documented in this paper - GPT-40 function calling for structured intake, streaming SSE for
progressive clause analysis, event-sourced workflow for compliance audit trails, hybrid vector search for contract Q&A,
and a tiered automation model that preserves attorney professional agency - constitute a replicable reference architecture
for enterprise CLM Al Copilot deployments on the Microsoft Azure stack. The eight data tables and ten visualisations
provide practitioners with both the quantitative evidence and the visual framework to make the case for Al CLM
investment within their organisations.

Future research directions include fine-tuning a smaller domain-specific model on the organisation's negotiation history
to improve redline acceptance rates on counterparty paper; exploring multi-modal contract processing for handwritten
annotations and signature validation; and extending the obligation tracking capability to proactive breach prediction using
historical performance data from the ERP integration.
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