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About Me Sarang Brahme

4 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
I speak fluent "Business Value," "Data Science," and "Software Engineer"—and help
them all get along.

& Current Obsession

Agentic AI, MLOps, building/advising startups. If it makes life easier intelligently,
I'm building it.

& Tech Stack of Choice
Azure at the moment, but also - Databricks, Fabric, GCP, Open Source

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

Warning
Once started, I can’t stop talking about agentic Al, quantum computing, heavy
metal, and philosophy.
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Background



01: Who is this session for ?

]

ML/AIl Engineers

Building NLP pipelines beyond off-the-shelf models

&

Solution Architects

Evaluating Azure Fabric, Al Foundry, and multi-
agent orchestration

Data/Platform Engineers

Designing ingestion, lakehouse, and storage architecture

Product/CX Platform Owners

Managing analytics platforms that surface VoC
insights to the business



02: What we mean by ‘verbatim’

verbatim

) [ver-bey-tim|

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

High value, high entropy: multilingual, misspelled, emoji-laden, sarcastic, multi-topic, variable length

e |tisthesinglerichestandleast-structured asset inthe customer dataset

Venue Rating Verbatim example # 1

& Came here because of the high rating. It was busy, so
the delay in greeting was understandable. We ordered

4 . 4 two omelettes, \but the wait was long—about 20-25

minutes for the §irst, and another 4-5 minutes for the

sacond.

Food tasted good,\but the plates looked quite worn

Erépes : autdodr seating

eggs benedict 3 fresh fruit

hollandaise sauce Early Bird Cmalatte
Ambience

Food Service

s meniu gluten frée opteons

Verbatim example # 2
If you look at the menu, the theme of the 90s is there,
but in decor or in the music, you can not feel it.
My experfence started that | got an "outsider” table. it
is a tabfe where basically coming a border in service
betwéen 2 waitress and you hidden next to the wall.
aying attention to you because
your waitress simply can not see
icky about it. Hence, | was okay

So/one person is not
i is not her table, a

you. I'm not mucl
with my book.

Overall Parking



03: What’s wrong with standard APIs ?

"The pizza was amazing, genuinely the best in town — but it showed up 40 minutes late and
stone cold."

Sentiment: "mixed" — notactionable Product, Logistics, & Support need different
granular signals from the same text.

Result
Coarse sentiment creates downstream chaos — teams can't prioritize, route, or automate.




04: What Enterprises Actually Need

Map each aspect to a granular business objective with a clear owner
and KPI.

Decompose each verbatim into (aspect, opinion, sentiment,
confidence)tuples.

Persistin aqueryable, joinablerelational store — not just a datalake of Enrich with real-world context so attribution is correct.

JSON.

05. Orchestration & Governance
Coordinate the work across specialized agents, with governance and auditability.

Reframe:
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 wantisn't a score —it's arouted, contextualized, auditable signal
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Foundations



0b: Reference Architecture on Azure

@ sources

App reviews
In-app
surveys
Support chat
Social posts

INGEST &
CLEAN
Microsoft Fabric
Data Factory + Notebooks
Onelake - ADLS Gen2
Bronze -> Silver layers
Pl redaction - translate -
dedupe

GOVERNANCE & IDENTITY Microsoft |

—

e STORE

Azure DB for
PostgreSOL
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)
Pil - NER - key phrase
Azure Al Foundry models
Aspect -> objective
mapping

° DECIDE & ACT

Microsoft Foundry

Foundry Agent Service
Microsoft Agent
Framework

Agents: extract -map -
enrich

validate - act — tools via
MCP

—-

@ outrurs

Culinary
Logistics
Driver Ops
Tickets - alerts

-comms




06: Engineering Diagram

Medallion Foundry Agent Service

Architecture
Mi ft t Framework
Azure Database e Azure Al Language icrosoft Agent Framewor

for PostgreSQL - Foundry IQ grounding
Flexible Server sentiment  opinion mining

Tool calls over MCP
relational serving NER Pl

+ pgvector hestrator Agent
language detect Orc ator

Azure Al
Foundry Models

nuanced extraction

Onelake / _J objective mepping

ADLS Gen2

. Notfestonn

Azure-native compute,
storage, and application hosting A A ’ e @ PoMmSOL




O07: Data Flow Sequence

o Verbatim o Fabric Pipeline
Arrives Cleans & Redacts
Microsoft Fabric
' Data Factory
E Notebook
Incoming customer Clean
feedback - Remove noise,
fix formatting
: Normalize
“The delivery was % Standardize
late and the driver fields & values
was rude. | also
had trouble Redact PIl
logging in.” Detect & mask
sensitive data

Silver Table Language Service Objective Rows Written to Agents Read
g
Extracts As, + Mappi PostgreSQL Context
ng
Sentiment Map extracted aspects (,,\
to canonical business
A Keida Al objectives a
Language Deterministic Mapping Orchestrator
i Agent
— B (rules / dictionary)
Lakehotse The delivery was late detivery |—— [ Deliwey Experience PostgreSQL
and the driver was — ) P
rude. | also had -3 ‘m‘ﬁmm - - (£ Z) -
trouble logging in. | ogin > | AccountAccess Specialist Agents
@ 4 objectiveld  sectimet . (Sentiment, Profile. Ops)
{_Iﬁ 1 Delhary Bxperience 0.7
— A LLM-Assisted Mapping
[ aspect | sentiment (similarity / semantic) o okl e
— b s 3 AcoumAces 08 Context Sources
= late |-=--p | Delwvery Experience
( entnly \ A M
Clean, normalized, W) st |~ | Oriver Belevior Stnrted Tows -% .9;’
Pli-redacted data m{_ 1 = persisted for serving § -
) % and operations oo c:::/ cmmn
—_—e—— @ Fabric Lakehouse ‘ append-only history
Y T N PostgreSQL current state for serving
\

© oo
Routi

s

on +
ing

Decision Engine
Evaluate, prioritize,

and choose action

v

v

Routeto = Escalate

Support

to Team

-

(10 WS

Immutable logs for
traceability and
compliance

@ Who did what
@ When
@ why
@ With what data



O07: Data Flow Sequence

Arrives Cleans & Redacts Extracts Aspects + Mapping PostgreSQL Context Routing
Sentiment
- 8 Nap extracted aspects
' Microsoft Fabric o canorical busnass (‘\
Data Factory A Al obyectves = .<:
E Nowbook Language mm Orchestrator AN
o ; (rules / dictionary)
Lakehouse The delvery was late PO [ e PostgreSQL Decision Engene
Clean S99 O e i O g [:3 ‘ i
> Y ooene e lsoted =) > 2@ @ 8+ ene -
fx formatting trouble logging in Rl | Kot Speciulint Agerts
~ N e e— (Ceantiment, Profie. Ops)
“The delivery was % 5 . ‘ ‘ Q) T Oy Gy 27
late and the driver Selcls & vaiues apect | “f.‘bl‘““‘ e
was rude, | also , ) AmeAoe A0 . Contest Sources X Y 14‘
had trouble Redact PU T oy M [o=rh ] Shay Syvins o R Dacake r»'
logging in* Detect & mask Clean, nomaized, e e Ot e Structured rows Q ;’\ foppat | | Tom |"'*'l
sensitive data Pil-reclacted dats - persisted for serving g
M—-%wn— and - :.

@ Parstions! Eath o - > @ PostgreSQL current state for sening
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Semantic Intelligence



08: Semantic Objective Mapping - NLP Core

Step 1: ABSA (Aspect-Based Sentiment
Analysis)

e Extracts specific featuresor "aspects” from
text.

e Determines sentiment (positive, negative, or
neutral).

e Surfaces target(noun/verb)and assessment
(opinion word).

“The food was great but the staff was unfriendly”

Aspect: food = positive
Aspect: staff = negative
Taxonomy is a living asset, adapting to slang and failure modes.

Step 2: Business Objective Taxonomy

A verbatim aspectis notyeta business objective.
It must be mapped to corporate goals.

Taxonomy Hierarchy:
Objective — Parent — KPI — Owning Team

Example: Service — Attentiveness — Promptness Score —
Customer Success

Technical Implementation:
e Stored as versioned data assets.
® objective+aspect objective_map

e Not hardcodedin LLM prompts.



09: Semantic Objective Mapping - NLP Core

Data Collection
(Datasets and Reviews with aspocts
85 comeipondng polaeties)
: 1 5 . .
§ Aspect-Based Sentiment Analysis
Creation of int o Selection of pre-trained
ED l.r:.’.:nd".u::'grltod — Q} transformers models
(0.0, bert-base, roberta-base)
Sedection of the best fine-tuned o Fine-Tuning of the models on
d]ﬂ model based on metrics ———— 2 ourdatasets
(0.5, Acturncy, Recall, F1-score) (0.9, Learmang rade, Loss function,
Optirrizer, Bateh size)

gration of Explainability Techniq
T‘MMM& h
& Doterministic Lookup

g Ww:;:’!;‘bmj
LS
Incoming
Complementary mechanisms - i

Mapping Aspects -> Objectives

The LLM Classifier




10: Semantic Objective Mapping - NLP Core

Creasonno) Courrur)

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

: 'Table_Service®,

;\.‘\ ‘polarity’: 'negative’,

SRR

: E-f $ "intensity': 0.84,
service. taxonomy o

‘rationale’: 'Praised food but..’',
Fo i
od_Quality ‘confidence’': 0.95

Table_Service GPT-5 Reasoning Call }

clause + templates -

Staff_Attentiveness
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: JSSON with objective, polarity, intensity, rationale



11: Multi-Sentence Complexity

Challenge: A single verbatim contains multiple, sometimes contradictory, signals

Approach:
e Segmentintoclauses using linguistic parsers
e Runobjective mapping per clause (parallel batch calls to Foundry)
e Aggregate at the verbatim level with conflict resolution rules

Example: If Product_Quality is positive(0.85) but Support_Efficiency is negative (0.72), both records are
preserved; noaveraging into "mixed"

Result: Relational rows that downstream agents can act on individually



11: Multi-Sentence Complexity

Single Verbatim

A s

Segment into Clauses
(Linguistic Parsers)

Parallel Objective Mapping
(Foundry Batch Calls)

Preserved as
Relational Rows —

No Averaging

Downstream Agents
Act Individually

0 Food tasted good

B

Objective 1: Food Quality

@ o

¥

the plates looked quite
worn and marked

v

(2

sz:hbbw

@

€D  Overait decent food

4

@ oqmuoodommy

“Food tasted good, but the plates looked quite worn and marked. Overall
decent food but the service timing and presentation could be better.”

the service timing and
presentation could be better

Objective 4: Service.Timing

m mmy 0.71 m lmomhyo.ss m lnundtron 0.72
I l | |

mixe nent objective_name polarity intensity evidence_span

® Food_Quality positive 0.82 evidence_span

& Table_Presentation negative evidence_span

@ Food_Quality positive 0.65 evidence_span

® Service_Timing negative 0.74 evidence_span
(/ 3 Y\ Food Quality Agent Presentation Agent “/’\ \ Food Quality Agent /\ Service Timing Agent
\lél | Focuses on food quality Iél Fe on table pr \véﬂ Focuses on food quality é Focuses on service timing

“\,// insights and actions insights and actions ! f insights and actions insights and actions
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Agentic Decision Layer



12: Why Agents? - From Analysis to Action

@ ANALYSIS

Product_Quality:
positive (0.91)

Shipping_Experience:
negative (0.78)

Support_Efficiency:
negative (0.72)
}

0 Mapping alone is not enough.

22

+

9;1

Azure Al
Foundry
Agent
Framework

Model Router o @--o

@ DECISION ENGINE

1. Multi-Agent Orchestration

o> -C: g‘

Sequential Parallel Group-Chat
°

2. Toolboxes e@e

4. Observability

® i=

Traces « Logs + Metrics

5. Hosted Runtimes

& o
management

A4

Prompty Template

-~
-

m: Role + tools
context: External signals

s: JSON from Postgres

B

nstructions: Decision rubric

P44 3. Memory & State
=) E
‘ S & A Agent 1 Q &
| Dotastase AP Motificatin Framework PostgreSOL  Conversation | |
X Unifies Semantic y shoar
Kernel + AutoGen

0 ACTION

,- \ 1. Escalate to
)

) Logistics

-

@ 2. Route to
Product Team

3. Auto-respond |
with Refund

Auto-selects GPT model by complexity — cost vs latency



13: Agent Framework

The Core Idea

Anagent framework is not a single LLM prompt or chatbot. It isthe layer that turns mapped NLP signals into reliable,
auditable business actions.

A production-grade environment
and SDK providingthe necessary

Production Runtime Orchestration Observability
Building, orchestrating, and Integrated layer for observing
governing multiple Al agentsas a system behavior and ensuring
coordinated system. auditable actions.

infrastructure.

Dimension

Scope

Tooling

State

Routing

Observability

Singular Agent

One LLM with a long system prompt trying to do
everything

Ad-hoc function calling; brittle prompt engineering
Stateless or manual session management

Implicit routing via prompt instructions

Customlogging wrappers

Agent Framework

Multiple specialized agents with narrow, well-defined roles

Registered toolboxes withtyped schemas, retries, and fallback handling

Persistent memory, conversation threads, and agent statein PostgreSQL

Explicitorchestration: sequential, parallel, and group-chat patterns

Native trace replay, benchmark evaluation, and latency metrics



14: Designing the Agent Swarm

Orchestrator

Owns workflow, state, retries, and routing

\

{ i )

© ceaoctionagent @) Mapping Agent © cenichmentagent ) Vaidation / QA Agent
Confidence checks,

Calls Azure Al Language Aligrs aspects t0 the Pulls externai variables
for ABSA tuples objective taxonomy and attaches context
Deterministic + LLM Weather, events, Section 7

& sk &M
|

Azure Data +

g Tooling Layer

l

contradiction checks,
human-réview routng

|

w/
| V —
~/

l

© Action / Routing Agent
Writes decsions, opens
tickets, notifies owners
via tools

= ,f.%

24

Agenttaxonomy for our pipeline:

ExtractionAgent — receives mapped objectives
from Postgres, decides routing

MappingAgent — deep-dives on Product_Quality
signals; queries SKU databases

EnrichmentAgent — integration with external data
sources and enrichment of the context

ValidationAgent — validates contextual checks for
issues

RoutingAgent — notifications, routing and decision
routing

Orchestration pattern: hierarchical, delegates to
specialists, then synthesizes a final action plan



15: How Agents Choose - Decision Matrix

Input to Extraction Agent:
1. Mappedobjectives(from Postgres)
1. Customertier(Gold/ Silver / Bronze)

1. Real-time external context (from Enrichment Agent)

Decision rules (encoded inagentinstructions + Prompty files):

- Overall Experience intensity > 0.8 AND customer tier “Gold” AND regional weather =
— Immediate escalation

- lProduct Quality = “positive” AND Pricing Perception = StecAsAsl — Route to Promotions team
with discount suggestion

Output: A structured action record written back to Postgres for audit and downstream CRM sync

25



16: External Signals

26

Weather: Azure Functions polling OpenWeatherMap / Meteomatics — Event Hubs — Fabric streaming
— Postgres signals.external

Sporting events: Scheduled data feeds(e.qg., FIFA API, ESPN) — Azure Data Factory pipeline — Postgres
lookup table by region + event_date

Latency requirement: ValidationAgent queries must return in<200ms, so signals are pre-materializedin
Postgres, not fetched live per agent call

Geospatial join: Verbatims are tagged with customer_region at ingestion; ValidationAgent joins on
region + timestamp

"weather_alert": "severe_storm”,

HER "major_event": "World Cup Final",
OpenWeather Agent Framework

"logistics_delay_expected": true,

«“

"event_attendance_estimate": 80000




Makin’ it Real - Production



17: Production Considerations

o Evaluations & Guardrails 9 Observability —
Y Full Stack Tracing
Trace-based evals, built-in )) : _
evaluators, custom rubrics, Foundry Tracing, Azure Monitor,

content filters, guided guardrails. Application Insights, latency
metrics, trace replay.

Security, Governance

0 . Cost Optimization — Production- 0
e High Scale i Ready Al S P. & Compliance

PTU reservations, model router, Managed VNET, Entra ID,
Fabric Spark auto-scale, project Platform Purview, Azure Policy,
budgets, right-sizing. project-level cost attribution,

Disaster Recovery CI/CD & GitOps

& Availability Bicep/Terraform, Azure DevOps,
Zone-redundant Postgres, Fabric Git integration, Flyway

geo-replication, Onelake iorats P o
redundancy, quarterly DR dills. migrations, Prompty versioning.

©
L



18: Evaluation and Guardrail§r5 Trace-Based

an
aly
tic
fgc
t_
ch
ec

qgl

it

no
te

Foundry Evaluations
Grade production traces, not synthetic datasets.

Built-In Evaluators

Coherence, fluency, groundedness, relevance, tool-call
accuracy, task completion.

Custom Evaluators

Domain-specific rubrics: "Did the agent cite the
correct evidence span?"

ck
C

ha
hg
yC
ho
log

\7/

reproduce

Trace-Based Eval
Point evaluators at live traces — quality scores onreal
behavior.

Agent-Specific Benchmarks

SocialReasoning-Bench(negotiation) and STATE-
Bench(memory).

Regression Pipeline
Trace Replay — synthetic eval dataset — Cl gate on
quality regression.



analytics

Foundry Tracing

Capturesagent interactions, tool
invocations, and LLM reasoning steps.

speed

Performance Metrics

Tracks mapped_per_minute and
decision_latency_p95.

19: Observability - Full-Stack Tracing

monitor

Monitoring Infrastructure

Utilizes Azure Monitor and Application
Insights for system oversight.

history_edu

Compliance Auditing
PostgreSOL audit tables provide

immutable records of objective mappings.

timer
End-to-End Latency

Monitors the full lifecycle from ingestion to
CRM webhook transmission.

account _tree

DatalLineage

Fabric Lineage Extractor ensures column-
level traceability from bronze to agent
input.



20: Security, Governance & Compliance

pu

b I | Network Isolation

C Managed VNET (GA) — private endpoints for Fabric,
—  Foundry, Postgres, Event Hubs

off

ga Data Governance

Vel Microsoft Purview scans Onel.ake + Postgres for
sensitivity labels and lineage

se
CU Policy Guardrails

fin
ge
o
it
etl
zat

Te
N

Identity & Access

Entra ID with conditional access; workload identities
for notebooks — Foundry — Postgres

Cost Attribution

Project-level cost tracking in Foundry per agent team
and per model

r|t Azure Policy restricts model deployments, enforces PTU usage, and blocks public endpoints



21: CI/CD & GitOps for the Entire Pipeline

Artifact
Infra (Fabric, Foundry, Postgres, VNET)
Fabric pipelines/notebooks

Agent code (Python SDK)

Prompty files

Postgresschema

Test data/ eval datasets

Tooling
Bicep/Terraform
Fabric Git integration (Azure Repos)

Azure DevOps Pipelines — Foundry
hosted runtimes

Git + Foundry project deployment
Flyway/Liquibase migrations/ Fabric
Mirroring

Versioned in Git LFS / Azure ML Data
assets

Promotion

Dev — Staging — Prod via Azure DevOps
Workspace deployment pipelines
Environment-scoped agent versions
Version-taggedin Foundry model
registry

Appliedvia pipeline stage before agent
deploy

Promoted with code



22: Disaster Recovery and High Availability

clou

stor Postgres d Fabric

Zone-redundant Flexible Server (RP0O=0, RT0<30s), - OnelLake geo-redundancy; pipeline state recovered via
age read replicas in paired region ueu deployment pipelines
SMa

Foundry Agents | B Event Hubs
rt t Stateless hosted runtimes — re-deploy from Gitin< 5 h b . . .

— . . . Geo-disaster recovery with namespace pairing
min; state in Postgres survives
oy
men
b Runbook

Quarterly DR drill — failover Postgres, verify agent state consistency, validate eval scores

ook



23: Cost Optimization - Running at Scale

0 }' Model Tiering & Routing
p Model Router -

N
Cheap Managed NLP :
P Auto-route Auto-route 2, Frontier Models
A E:j XZ —_— —_—
" ) Rl Ep Ambiguity, novel objectives,
IA‘“"M E'::ism H""a'v“""'l ' : | 2 complex reasoning only
- - Auto-routes simple tasks
L Extraction, NER, Pll, sentiment at scale 3 to Phi-4 / GPT-do-mini &
Q ¢> Compute & Caching Strategy
| Batch Processing Real-Time Reserve e Signal Caching
By T % xy - U
& ' ‘Nl @ - ) o—o—oly—s—e—) ﬁu &b B8
4
Fabric : ééd
Spark Auto-scale _ “‘ Real-time agent paths Cache external signals —
Auto-scale + spot instances for cleaning for surge decisions no per-verbatim weather fetch
' Foundry PTU Reserved Baseline 7/ i "‘ '/ i MPay:Go Burst 7

Reserve PTUs for embedding/reasoning baseline; burst to pay-as-you-go

e © Storage & Governance

ector Right-Sizi ject-Level Bu
TN Pgv 9 ng
l / \ Size SKU by HNSW index memory Foundry cost attribution +
@ M footprint; read replicas for Azure Cost Management
Footpeint agent queries alerts per agent team

Every dollar saved oninference is a dollar reinvested in model quality
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Closeout



Data Interpretation

Sentiment APIs fail on real text. Map clauses to business
objectives, not emotions.

The Brain (Storage)

PostgreSQOL is the brain. Vectors, objectives, agent state, and
external signals in one place.

Contextual Reality

Context changes decisions. Pre-materialize weather and
events so agents act on reality.

Framework Focus

Framework > single agent. Orchestration, memory, and tools
separate prototypes from production.

24: Key Takeaways and Recap

Pipeline Architecture

Fabric cleans and streams. OnelLake bronze — silver — gold
with quality gates.

The Engine (Compute)

Foundry runs the show. Models, embeddings, agents, tracing,
and evaluation.

Signal Integrity
Preserve every signal. No averaging. Relational rows let
downstream agents act independently.

Production-First

Productionis not an afterthought. Evals, guardrails,and CI/CD
are builtinto Azure.



2b: Resources

Azure Al and agents

. Microsoft Foundry overview — platform overview for models, apps, and agents

. What's new in Microsoft Foundry — current platform capabilities, hosted runtimes, model router, tracing,
and evaluations

. Microsoft Agent Developer Resources — Agent Framework docs, SDKs, samples, and architecture
patterns

. AutoGen repository note — indicates Microsoft Agent Framework as the enterprise-ready successor for
agentic patterns

NLP and language services

. Azure Al Language overview — sentiment, opinion mining, NER, PIl, and language detection capabilities

. Sentiment analysis and opinion mining — Microsoft documentation for aspect-based sentiment analysis
concepts

Data pipelines and storage

. Fabric Data Factory documentation — enterprise data movement and transformation patterns

. Data Factory in Microsoft Fabric tutorial — pipelines, notebooks, parallel orchestration, and end-to-end
integration flow

. Azure Database for PostgreSQL + pgvector — vector search and embeddings supportin PostgreSQL
Flexible Server

Architecture and visuals

. Azure Architecture Icons — official Microsoft icon set for architecture and slide diagrams

. Professional Azure diagrams with PowerPoint — practical guidance for presentation-ready Azure visuals



2b: Resources

%

=T

Azure Al & Agents

® Microsoft Foundry overview
® Agent Framework SDK

@ AutoGen architecture

NLP & Language Services

® Azure Al Language

@ Sentiment & Opinion Mining
concepts

g

Data Pipelines & Storage

@ Fabric Data Factory docs
® PostgreSQL + pgvector

® End-to-end integration tutorial

Architecture & Visuals

® Azure Architecture Icons

® PowerPoint diagramming guide

https://learn.microsoft.com/en-us/azure/foundry/what-is-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundr

https://microsoft.github.io/ nt-resour velop- nts/
https://qgithub.com/microsoft/autogen
h ://learn.micr ft.com/en-us/azure/ai-servi /lan rvice/overview

/fabric/



https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://learn.microsoft.com/en-us/azure/foundry/whats-new-foundry
https://microsoft.github.io/agent-resources/develop-agents/
https://microsoft.github.io/agent-resources/develop-agents/
https://microsoft.github.io/agent-resources/develop-agents/
https://microsoft.github.io/agent-resources/develop-agents/
https://microsoft.github.io/agent-resources/develop-agents/
https://github.com/microsoft/autogen
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/azure/ai-services/language-service/overview
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
https://learn.microsoft.com/en-us/fabric/data-factory/tutorial-end-to-end-introduction
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07: Semantic Objective Mapping - NLP Core

Firbanrnne Plaien LV PN VY PN
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Vector Search
“The food was excellent, but... Retrieve top-k similar templates

‘objective_id': 'Table_Service”,

'‘polarity': 'negative',
z @ ‘intensity': 0.84,
service.taxonomy o

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"

~ I veu viuuuvu o CLLIV Y UU LU T MIMLU U I U v TV T T Vi vUUVL I Yy v

e Structured output: JSON with objective, polarlty, intensity, rationale



07: Semantic Objective Mapping - NLP Core

The Deterministic Map
~ .' Deterministic Lookup / Known
7| omm® Vector similarity to known @ Objective
S nonical objectives Mapped

3

\

l o LLM Classifier { e
The cmt@“: by Model)

No

rationale,

For novel or confidence

ambiguous aspects
J

Use the opinion mining feature of Azure Al Language sentiment analysis = aspect-based sentiment analysis
(ABSA)

It returns sentiment at document, sentence, and aspect level, plusa document-level "mixed" label

For each aspect it surfaces atarget (noun/verb)and an assessment (opinion word) with positive/negative
confidence

Taxonomyis aliving asset. New slang, products and failure modes adapt over time
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https://www.scribd.com/document/996212449/Explainable-Aspect-Based-Sentiment-Analysis-Using-
Transformer-Models

Strateqgy Canvas


https://www.scribd.com/document/996212449/Explainable-Aspect-Based-Sentiment-Analysis-Using-Transformer-Models
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