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About Me

Mitul Tailor

=2 Sr. Data Engineer & Consultant
Long View Systems — Toronto, Canada

Y Microsoft Certified Trainer(MCT)

Delivering official Microsoft training in data & Al

+# Passionate Technologist
Data, generative Al, and enterprise Copilots

© Agentic Al Builder

Autonomous agents with Copilot Studio & Microsoft Foundry

Community Contributor
Sharing on Claude, Copilots, and applied Al

& Let's Connect
Linkedln: @mitultailor1b

Certified Trainer




About Me

Sarang Brahme linkedin.com/in/sbrahme

@ Almost 2 Decades in the Tech Trenches
A Principal Al Architect, Technical Product Owner/Leader who turns big ideas into real, working Al roadmaps.

M C-Suite and VC Translator

| speak fluent "Business Value,""Data Science," and "Software Engineer'—and help them all get along.

@ Current Obsession
Agentic Al, MLOps, building/advising startups. If it makes life easier intelligently, 'm building it.

& Tech Stack of Choice

Azure at the moment, but also - Databricks, Fabric, GCP, Open Source

A Speaker & Practitioner
| do talk about Al on stages; and | actually build the tech when | get off stage.

Warning

Once started, | cant stop talking about agentic Al, guantum computing, heavy metal, and philosophy.


linkedin.com/in/sbrahme
linkedin.com/in/sbrahme
linkedin.com/in/sbrahme

Agenda

01+ 02 « 08 « 04

The Foundations & Intelligence & Claude &
Background Design Agents Copilot Studio
Feedback to Action Engineer this! NLP Core Meet Claude
What are Verbatims? Reference Architecture Objective Mapping Copilot Studio

What do clients ‘need’? Agentic Al DEMO!!
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From Guest Feedback to Business Action

=

IREBIST

EST. 1928

"Every guest leaves a
signal. Most brands
only hear the noise.”

&3 1 DON'T HAVE TO
Bl EAT, BUT PIZZA HERE
IS NEXT LEVEL!

Turn every review into insight,
every insight into action, and
every action into a better guest
experience.




What we mean by 'verbatim’ reviews

verbatim The raw, unedited free-text a customer actually wrote (app review, survey
open-end, support transcript, social post)

o)) [ver-bey-tim] /var'bertim

Venue Rating example # 1 example # 2
@ Came here because of the high rating. It was busy, so If you lock at the menu, the theme of the 90s is there,
5 the delay in greeting was understandable. We ordered but in decgr or in the music, you can not feel it.
4 4.4 two omelettes, \but the wait was long—about 20-25 My experfence started that | got an "outsider” table. It
3 minutes for the first, and another 4-5 minutes for the is a table where basically coming a border in service
12 Aaatreviews second. betwéen 2 waitress and you hidden next to the wall.
Sg/ one person is not paying attention to you because
Food tasted good,\but the plates looked quite worn if is not her table, apd your waitress simply can not see
B \ crepes 54 ){ outdoor seating 13 you. I'm not much/picky about it. Hence, | was okay
portions 144  waffles 42 with my book.

eggs benedict 28 fresh fruit 43

hollandaise sauce % Early Bird Omelette &

Food Service Ambience Overall Parking | ...

kids menu 15 gluten free options 13



What do Clients actually need?

01. Deep Decomposition 02. Strategic Mapping

03. Structured Persistence 04. Contextual Enrichment

05. Orchestration & Governance _

New framing: Which'objective'is affected, in which
Old framing: How positive is this text? ) direction, with what confidence, and what should
happen next?

Output we want isn't a score —it's a routed, contextualized, auditable signal
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Foundation & Design




Engineer this!

Natural Language & Text Analytics Text

Data Engineering Agentic Al Framework
Pipelines for daily data load «
Landing, Cleaning,

Aggregation

Logging and monitoring DevOps
F & *
laC

. »  Multi-Al agents:
Data Agentic Al « Semantic Kernel and Agent
Engineerina Framework Framework

Natura

Language& ¢ j;,yx App UI/UX

Reviews and verbatim surveys « Analytics » e Custom App or Copilot Studio
NLP ML models - mapping text * Claude for:
into sentiments, objectives « Processing
and scores * Routing
« Orchestration

DevOps and laC « UX Pathways

* DevOps pipelines - env control
* Integration and deployment
pipelines



@ sources

App reviews
In-app
surveys
Support chat
Social posts

INGEST &
CLEAN

Microsoft Fabric

Data Factory + Notebooks
OnelLake - ADLS Gen2
Bronze - Silver layers

Pll redaction - translate -
dedupe

—_

Reference Architecture on Azure

o STORE

Azure DB for
PostgreSQL
Flexible Server
+PgVector
embeddings

Relational serving

layer

Fabric Lakehouse

(gold) — history

. REAL-TIME EXTERNAL SIGNALS
Weather - Major events (FIFA World Cup)

Ingested via Microsoft Fabric — joined in the agent decision matrix

o UNDERSTAND

Azure Al Language

Opinion mining (ABSA)
Pll - NER - key phrase
Azure Al Foundry models
Aspect > objective

mapping

l

o DECIDE & ACT

Microsoft Foundry

Foundry Agent Service
Microsoft Agent
Framework

Agents: extract - map -
enrich

validate - act — tools via
MCP

GOVERNANCE & IDENTITY Microsoft Entra - Entra Agent ID - Microsoft Purview lineage - private networking — all within a single Azure tenant

@ outruts

Culinary
Logistics
Driver Ops
Tickets - alerts
- COMMS
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Intelligence & Agents



Semantic Objective Mapping - NLP Core

Creasonno.

Vector Search
"“The food was excellent, but... Retrieve top-k similar templates

'objective_id': 'Table_Service”,

A A 'polarity': 'negative',
: 4 ! ~M;;' 'intensity': 0.84,
service. taxonomy 4 b
'rationale': 'Praised food but...',
Food_Quality

'confidence': 0.95

Table_Service GPT-5 Reasoning Call
Staff_Attentiveness clause + templates -
structured JSON Evidence Span: "table service was slow"

e Objective taxonomy is maintained as a master table in Postgres

o  Each objective has a human-readable definition + few-shot example clauses
e Mapping logic (Azure Al Foundry-hosted):

o  Retrieve top-k similar objective templates via vector search

o Feedclause +retrieved templates into a GPT-40 / GPT-5 reasoning call
e Structured output: JSON with objective, polarity, intensity, rationale




Multi-Sentence Complexity

Single Verbatim

Complexity

Segment into Clauses
(Linguistic Parsers)

Parallel Objective Mapping
(Foundry Batch Calls)

Preserved as
Relational Rows —
No Averaging

Downstream Agents
Act Individually

“Food tasted good, but the plates looked quite worn and marked. Overall

decent food but the service timing and presentation could be better.”

\

the plates looked quite

o Food tasted good

4

( 2 = :
Objective 1: Food_Quality
@ polarity: positive

2

worn and marked

v

Objective 2: Table_Presentation

o

@

Overall decent food

d

-

the service timing and
presentation could be better

v

Objective 4: Service_Timing

'/ Objective 3: Food_Quality
@ polarity: negative polarity: positive <O’ polarity: negative
intensity: 0.82 m intensity: 0.71 m intensity: 0.65 m | intensity: 0.74
| I | I
PostgreSQL
mixe nent objective_name polarity intensity evidence_span
® Food_Quality positive 0.82 evidence_span
@  Table_Presentation egative 0.71 evidence_span
® Food_Quality positive 0.65 evidence_span
® Service_Timing negative 0.74 evidence_span
‘ ;=
v M v ¥
Food Quality Agent : Presentation Agent ™\ Food Quality Agent Service Timing Agent
(] ) | Focuses on food quality ' GQO Focuses on table presentation (] ) | Focuses on food quality ) | Focuses on service timing
insights and actions 7 insights and actions insights and actions ‘ insights and actions

0.72



Why Agents? - From Analysis to Action

@ ANALYSIS

Product_Quality:
positive (0.91)

Shipping_Experience:
negative (0.78)

Support_Efficiency:
negative (0.72)
}

o Mapping alone is not enough. 1

e

asasans O] Model Router

e @ DECISION ENGINE

1. Multi-Agent Orchestration

3 ?

Group-Chat

@—b—b

Sequential Parallel
\ ©

Agent @)
Framework

Unifies Semantic
Kernel + AutoGen

2. Toolboxes

S & A

Database APl  Notification

3. Memory & State

PostgresqQL ~ Conversation
History

4. Observability

- . 5. Hosted Runtimes
L
@ S s— [ No container

f ‘ management

Prompty Template

system: Role + tools

context: External signals

objectives: JSON from Postgres

instructions: Decision rubric

1. Escalate to

Logistics
\
@ 2. Route to
Product Team
2
7 R
? 3. Auto-respond
@ with Refund
4
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Tools & Demo



Anatomy of an Al agent

Every agent loops over the same core parts: a reasoning model guided by instructions, calling tools
and memory until the taskis done.

Reasoning model Instructions Tools & actions Memory
Steers behavior Invokes capabilities Carries state
The LLM that System prompt and Retrieval, APls, and Conversation
interprets intent role context that workflows the agent history and state
and plans the next steer how the agent can call on. carried across
step. behaves. turns.

The agentloop: input — reason — call a tool — observe — reason again — respond.




Retrieval isn't reasoning

Shallow, keyword-driven

Returns shallow, fact-retrieval
answers

Short context windows miss
meaning in long documents

Nuanced or multi-part questions
yield incomplete replies

Cannot correlate data across
sections of a report

Sustains context across long
documents and many turns

Performs deep analysis of
complex, cross-sectional data

Answers multi-step, nuanced
business questions reliably

Surfaces insight, not just
matching keywords



What Agents What Agents

Look Likeina Demo Look Like in Production
D

Logistics Quotation

Orchestrator Hotel Agent Agent Agent

DirectLine Foundry Dataverse

Speech

SDK Summarize Proxy

Destination Expert

(gpt-5.4) Al Search Code Interpreter

Search Hotels Lookup Reservation | Create Draft Quote

Datave rse/CSV Dataverse Blob Storage Al Search

Google Maps
Platform

Sabre GDS ExpediaOTA




From script bots to Al agents

Anagentusesan LLM to interpretintent, decide what to do, and act through tools — a step beyond
rule-based chatbots.

Fixed and rule-bound Adaptive and reasoning

« Driven by predefined scripts and rule-  Powered by LLMs such as Claude, GPT,
based logic and Gemini

« Keyword / intent matching triggers fixed « Natural, multi-turn conversations that
responses hold context

« Handle guided, single-path conversations * Handle dynamic tasks: summarize,

 Require manual updates to maintain reason, code, translate

dialogue flow « Trigger workflows and integrate with
enterprise systems



Meet Claude - Anthropic's model

A frontier LLM built for long documents, complex reasoning, and nuanced language - now an agent engine

inside the Microsoft ecosystem.

I ‘ Claude Sonnet 4.6
I ‘ Claude Haiku 4.5
| ‘ Claude Opus 4.8

Balanced daily driver

Best mix of speed and intelligence; the versatile
default for coding, analysis, computer use, and vision,
with a IM-token context window.

Fastest, near-frontier

The fastest model with near-frontier intelligence-
ideal for high-volume, latency- and cost-sensitive
tasks.

Deepest reasoning

Anthropic's most capable Opus-tier model for complex
reasoning and long-horizon agentic coding, with adaptive
thinking and a TM-token context.



Copilot Studio goes multi-model

Makers can choose Claude as their agent's engine — no rebuilding, no new framework. Three stepsin the
familiar Copilot Studio experience.




How a request reaches Claude

From the maker's view it's all M365 — Copilot Studio orchestrates the conversation and routes calls to Claude (or
GPT)via Foundry.

Asks a question Orchestrates & routes Serverless gateway Reasons & responds
Submits a question from  Manages the conversation Hosts the model Interprets, reasons, and
inside the Copilot and routes the call to the serverless-ly within your returns the answer back
experience. chosen model. Azure boundary. into M365.

Per-agent / per-skill model choice - Claude's response surfaces back inside Copilot; users never leave M365.




Where Claude shines for Copilots

Four capabilities make Claude a strong fit for knowledge-intensive, reasoning-heavy agent scenarios.

. Long-form content mastery . Deep, multi-step reasoning

Ingests and summarizes hundreds of pages in Breaks problems into steps and produces
one pass — reports, contracts, knowledge well-reasoned, structured answers.

bases.
. Multi-turn reliability

. Nuanced understanding
Retains earlier context so follow-up questions

Interprets ambiguous or layered questions
and responds with contextual relevance. build a real analytical dialogue.




Scenario: the analyst Copilot

A Claude-powered Copilot acts less like a search engine and more like a human analyst — reading, reasoning,
and recommending.

Ingest the report -

Loads a b0-page market research reportin full = no
chunking or truncation.

Reasonacrossit -

Surfaces key insights in a structured summary, not a
few extracted facts.

Answer follow-ups - Holds the thread

“What risks were noted for next year?” — correlates
sections and responds.

Business impact: automates deep analysis - unlocks strategic Q&A - retains context for true multi-turn investigation.




emo IIime!




Key takeaways

O

Not just a model swap

Claude in Copilot

Studio is a step-change
in what your agents can
understand and deliver.

02

Use it where it counts

Document analysis,
long-form
summarization, and
multi-step problem
solving are its sweet
spots.

What to remember about bringing Claude into Copilot Studio.

03

Choose per task

Multi-model means
picking Claude or GPT
per agent or skill —
balanced, not absolute.

04

Design decides value

Thoughtful prompts
and well-structured
knowledge sources
matter more than
flipping a selector.



Next steps & questions

The capability is available today.

Thank you



Al Community Conference - NYC
2026 Session Evaluation
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