THE ANATOMY OF MODERN AI

FROM TOKEN VECTORS TO AUTONOMOUS AGENTIC WORKFLOWS

"AGENTS

SELF-DIRECTED SYSTENS CAPABLE OF PLANNING,
r(nn.Nodule TOOL EXECUTION, AND COMPLEX GOAL ACHIEVEMENT.

vard({self x}

"FINE-TUNING

ADAPTING FOUNDATION MODELS FOR
SPECIFIC TASKS AND ALTGRMENT.

"ENGINE

CORE NEURAL ARCHITECTURES,
PRE-TRAINING, AND MODEL WEIGHTS.

TASK EXECUTION
& FEEDBACK

INTERACTION
REGUESTS

" INTERFACES

STANDARD PROTOCOLS AND TOOLS FOR
MODEL INTERACTION AND DEPLOYMENT.

"ECOSYSTEM

FOUNDATIONAL INFRASTRUCTURE, DATA
LAKES, AND COMPUTE RESOURCES.
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Defining the Boundaries of AI Disciplines

INPUTS MECHANISMS

OUTPUTS

Machine Learning \\
@3 Artificial Intelligence (AI) Generative Al ’///_g
Deep Learning

/ Neural Network

> Computer Vision

LP

—- Machine Learning Ranking, Regression ——>| Supervised learning |

Policy, ModelFree —>| Reinforcemen

t Learning}'//?

g Detection, Clustering —>| Unsupervised learning ]\
%;ﬂ

&

Prediction

network

}[ This is a car ]

:{ @ Large Language Model ]7

%[ Tools 2%

—>| Data sources & [ull

}Il Output ]

s

Data + System Prompt

Embedding -> Vector Db L)
Tools

Augmented

i

+ User Prompt | | e -
]-)l @ Generation —> Output J

-

T Eata sources & [ull | Retrieval } |
828 O System Prom t" >/ Database & | Feedback - —{ Planning 1
(22 Al Agents o £, &8 Agent-{ ]_) = £ ” > Output |
= User | User Prompt | > Memory [} —>|Reasoning «w —>| Tools X | ‘
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Injecting Al into the Project Lifecycle

PROJECT LIFECYCLE TIMELINE

Initiation I:E},‘ Planning <% .E?Elgﬁggement \Executiun AN Monitoring @ Closure (Y
Draft project Create WBS, Analyze causes, Summarize Analyze Document
charter, o—>| estimate tasks, o—| suggest o—>| meetings, o—>| performance, o—>| lessons learned,
identify build risk mitigation, set support team forecast analyze
stakeholders. register. early warnings. collaboration. outcomes, create improvements.

status reports.

THE PM + AI MINDSET

AUGMENT VERIFY | PROTECT OWN
AI supports, Lol Always el Keep data BB You are
you decide. r validate _ secure. accountable.

output.
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Architecting an AI-Powered Second Brain

Monosiape articles, meetings, voice notes

2

(O] | 1. Capture: Save immediately, organize later. ' l

|J!l.
e

Raw Data (articles, meetings, voice notes) _:l

<=

ﬂ-‘z Oxganize: Use the PARA method (Projects, Areas, Resources, Ara:hiv:e'jq.g

<!

3. Understand: Ask AI to summarize and extract assumptions.

16—

. Connect: Link related topics using semantic seaxrch.

&

2

. Retrieve: Search based on meaning, not just exact keywords.

Ea

i

. Improve: Continuous refinement over months.

E_ 6. Create: Turn notes into productive assets (reports, SOPs).

e )
€)1
b |

|
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Navigating Limitations: Bias, Drift, and Hallucinations

FH

Human-In-The-Loop Validation Barrier

G — )

Data Bias ’D—n—ﬁ 2. Knowledge
E@ Cutoff

ﬁ ] _ﬁ

ENUH 1. Data Bias

Amplification of historical
skews in training data.

Y

The strict temporal limit of
Knowledge the model's core training.

Hallucination Cutoff
= ™ =) == 7 =
s N\
© =) © =
:JD 3. Factual . 0 —1?) 4. Behavioral
@ Drift f ke Behavioral Factual »L EJ'_;] Drift

v Drift Drift

Unpredictable changes in
tone/format after model

_I_\l updates.
5. Hallucination ‘ \E— ; -

The generation of information
that sounds authoritative but is |=
wholly inaccurate. :LJ

Gradual decline in accuracy
as the real world changes
post-training. (

(= : =
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Complexity & Control (Low to High)
(Low to High)

The Prompt Selection Matrix

>

=
CO-STAR: Context,

Objective, Style, Tone,
Audience, Response.

LBest for public-facing copy.

=

=)

= - ﬂp[n;_]
RTFC: Role, Task,
Format, Constraints.
Best for coding and strict
L I_ﬂ:u:rn:—nta. :LJ
FI—_- . ;~mn
CARE: Context, Action, P
Result, Example.
Best for professional drafting. |
E 1)

Execution Speed (Low to High)

=
APE: Action, Purpose,

Expectation.

(;,.m_m__“m ”.:
| ERA: Expectation, B
| Role, Action. ;

 | Best for rapid iteration. L

18
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Kills ghost text
to reduce
distraction.

Restricts privacy
leaks by hiding
full file context
from the LLM.

— settings. json =

{] settings.json X

{
-® "github.copilot.inlineSuggest.enable": false,

"github.copilot.suggestion.length": 20,
"github.copilot.advanced.editorContext":
 “currentLine",
"github.copilot.enable": {

"*¥": false,

“python”: true,

"javascript": true
}

}

EERY

o — 1 4

-

L

Imposes a strict
20-1ine ceiling on
generation to
prevent runaway code.

-

=
Object block
explicitly disabling
'*\*' but

enabling 'python'

and 'javascript'.




Tokenization: Shattering Language into Numbers

IBM taught me
tokenization.

E; Tokenizer

Algorithm

i 2
["IEM" : "taught" ;

Ilmell L Iltnken“ i
"##ization", "."]
L _

Vocabulary
Lookup

(234, 45, 12,
890, 442, 1]

pows e

Token indices: The numeric
representations of tokens
directly employed by deep
learning algorithms.
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Algorithm Tradeoffs: Word vs. Character vs. Subword

Word-based Character-based Subword-based
Target Woxd Processing: Target Word Processing: Target Word Processing:
"Unhappiness" "Unhappiness" "Unhappiness"
(—I_ . 3 ¥ _—-1 l,—r =% _n (—l_ 0-1.71 n
["Unhappiness"] FU i I"pl'lpl': ["Un", "happiness"]
| | Ill,lnl,IEI,IS'IIS'] r
L ] == - == —=
Descxiption Description Description
Large vocabulary, misses Tiny vocabulary, zero The industry standard. Splits
semantic relationships (e.g., out-of-vocabulary (00V) tokens, | words into meaningful
| Unicorns vs Unicorn). but massive sequence length and | prefixes/suffixes. |
: loss of meaning. 3 3
% rSyrn’cau«: Comparison: :
L»BERT's WordPiece uses ##ization (maximizing likelihood)

—>XLNet's SentencePiece uses mIBM (vocabulary reduction)
b= =
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The PyTorch Tokenization Pipeline

PYTORCH CODE

VISUAL CONCEPT DIAGRAM

& |

tokenizer = get_tokenizer("basic_english")

def yield_tokens(data_iter):
for _, text in data_iter:
yield tokenizer(text)

vocab = build_vocab_from_iterator(
yield tokens(dataset),
specials=["<unk>"])

Raw Sentences

IBM taught me tokenization.

h Tokenize & Pad

Array container

l

—

[

<bos>

45 117

890

<e0s>

<pad>

<pad>|]

DEFINITIONS BLOCK

<pbos> (Index 2):
<eos> (Index 3):
<pad> (Index 1):
<unk> (Index 0):

Beginning of sequence.
End of sequence.
Padding to force uniform batch length.
Out-of-vocabulary fallback.
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The Evolution of Text Generation

The Memory Bottleneck: Sequential
processing limits context retention.

F

N-Grams
(Bi/Txi-gram)

A rigid sliding window
predicting only based
on the immediate 1-2
previous words.

b

words

words

» word

H:L:ﬂs ’fﬁfﬂ

RNNs (Recurrent
Neural Networks)

Processes sequential
loops to maintain a
“hidden state” memory,
but suffers on long
text.

LSTMs & GRUs

Advanced RNNs capturing
longer temporal
dependencies, but
fundamentally choked by
sequential processing
(one word at a time).

h

.

5

'y
Ha, = if: ) ! »
Xy

Seq2Seq

Encoder-Decoder setups
for translation,
setting the stage for
attention.

h, output

1

{ Encoder

Decoder }

LAY, S T

¥, output

input X,

7

EVOLUTION-V1.0
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The Transformer Breakthrough: Attention is All You Need

Self-Attention mathematically scores
the importance of every word relative
to every other word simultaneously.

|

se she'd heped hm. 2

He gae he

Parallel processing allows simultaneous computation of all _
relationships, overcoming the sequential bottleneck of RNNs. nn.EmbeddingBag

\

Maps tokens to a
high-dimensional vector
space.
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The Paradigms of Advanced Fine-Tuning

Instruction-Tuning LoRA (Low-Rank Adaptation)
Feeding diverse instruction/response pairs so the model Highly efficient parameter reduction by injecting
learns how to follow orders rather than just predict low-dimensional bottlenecks.

the next word.

s )

INSTRUCTION / RESPONSE PAIRS

r ([ g t .t Ly (1] : i s F e i . A
o R ey T A FINE-TUNED MODEL PRE-TRAINED MODEL
; 4 (ORDER FOLLOWING)

PARAMETER EFFICIENT
INJECTION

(FIXED PARAMETERS)

(EFFICIENT UPDATES)

__*{ ADAPTED MODEL ]

[ {"instruction": "Translate...",
"response”: "Le point principal est..."

LoRA ADAPTERS

. J (LOW-RANK MATRICES A & B) =
% r N r
o N r "1
DPO (Direct Preference Optimization) PPO (Proximal Policy Optimization)
Aligning model outputs directly to human Reinforcement learning utilizing a clipped objective
preferences without complex reward models. function to ensure stable, gradual updates.
F )  PREFERRED OUTPUT (y,) [ ] | > MODEL POLICY | _ACTION
LIPPED OBJECTIVE
DISPREFERRED OUTPUT (y1) | (pIRECT ALIGNMENT) C Ee e -l |
> 3 g (STABLE GRADUAL UPDATES) (Sta1) (s¢)
! GRADIENT UPDATE ; e
(MAXIMIZE PREFERENCE) [ (CRITIC) REWARD (r)
e w e W

| ADVANCED-TU i Gemini Notebook



Deconstructing LoRA (Low-Rank Adaptation)

F -
Diagram: FeatureAdapter Flow Code Container: PyTorch Implementation
FeatureAdapter e
l class LoRALayer(torch.nn.Module):
def __init__(self, in_dim, out_dim, rank, alpha):

[ Input ]— self.A = torch.nn.Parameter(torch.randn(in_dim, rank))
self.B = torch.nn.Parameter(torch.zeros(rank, out_dim))

# base model set to requires_grad=False

Base Model
Weights
f{;ﬁ(Frozen)

Residual
Connection

4
Output

Y, o b r
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Crossing the Threshold: Reactive vs. Agentic Al

Non-Agentic / Reactive

LLM
(No planning,
no tools)

@ser Input)—)

=

Single
Response

|

Agentic / Autonomous

(User Goal

Tool
Invocation

(Planning,
Reasoning,

Management)

Agent Layer

Routing, State

Multi-step
Result 37

Validation

#

\

~ Agentic AI doesn't just respond-it acts. It decides what to do next, calls
~ external functions, and pursues a goal autonomously.

il
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The Anatomy of an Al Agent

-

S
Models: The Brain Context Window: Short-term Memory RAG (Retrieval): Long-term Memory
LLMSs driving reasoning/inference. Tokens processed at once. Vector embeddings.

DYNAMIC Embedding | =
MEMORY Search | =
—p V
Spy ses
=78 'Cl__, =
CAPACITY: M
128k TOKENS Vector Database Knowledge Base
\ l A i T \L l v,
><’ ™ ' ™
Tools: The Hands Skills & Hooks: Habits & Middleware Gems: LEGO Bricks
 File system access, DB queries, Web search. Reusable workflows and event-based triggers. Modular, callable micro-capabilities.
FH
-« — —
o<
L@/
\/ OnEvent(...)

L » v L »

A
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5 Essential Agentic Design Patterns

_'_—

Query | ( LLM } Initial output Ty c:ﬂi[#g Tools & APls Agent
Generate » LM —» Vector Query LLM Action
¢ database [ "1 (Reason) [ Tools v
User IterateT (R::‘-Igct] User lTum calling Tools & APls User l Environment
LLM T LLM | | T LLM | 4
i {REﬂEﬂﬂ Reflected output Rgspnnsg I:G'EI'IEfﬂtE] Response {Generate] Result B

=1 |

Query Delegation Delegation
User > PM agent [«—» DevOps agent («—»{ SDE agent

T Response T »| Techlead | T T

agent

¥ ___ Generated iEx?nﬂek
task ‘sn e tas
User Mﬁ Planner ﬂb g—r Eﬁiﬁf

T Response

| ADVANCED-TUNING-V1.0 | PIPELINE-V1.0 | AGENTIC-DESIGN-PATTERNS-V1.0 i Geminl Notabook



-

Universal Connections: Model Context Protocol (MCP)

MCP Network Diagram

Ecosystem

MCP >
Client

o =y

(Interfaces)

Think of MCP as USB-C for AI-a universal,
open standard that replaces fragmented,

custom tool integrations.

Tools & Data

(Fine-Tuning)

The Agentic Loop

Agents

= .
@&
Observe
oD X )
sllg  Repeat
Perceive "/ Think
|
o i

.

I 1
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Synthesis: The

Step 1: TRIGGER

Trigger Inputs

Fully Automated Agentic Workzilow

el
,:gk A\ — > BIONIC ORCHESTRATOR [*
(Every Monday) Industry News  Folder Z |
¥
Step 2: RESEARCH & INGESTION @t CaperalO. A i i
v v |
LM Studio E o
(Embeddings/Vector DB) — Dﬂ NotebookLM Knowledge Base —

Step 3: ANALYSIS & SYNTHESIS

h 4

‘ DEEP ANALYSIS & RAG (Source-Grounded) ‘

Deep Analysis
& RAG

I

ﬂa LM Studio
(Analysis Model)

£

& RAG

Deep Analysis

Step 4: REPORT GENERATION & DELIVERY

Analysis Insights

Y

= Report Agent
—£¥ Constzruction

Report Payload

P4

“as

Delivery & Notification
(Email, Slack, Dashboard)

g

Delivery

Step 5: STORAGE & ARCHIVING

Structured Storage & Metadata (Notion, Google Drive, Local Folder, Database)

. Notion

A

(Database Entry)

Google Drive
(Cloud Backup)

Local Folder
(Markdown/Assets)

= Database
3 (Audit/Telemetry Logs)
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L;;j PROJECT: AGENTIC AI MASTERCLASS STATUS: DEPLOYMENT READY

| ' 1| g
| .
THE BUILDER'S PLAYBOOK: 10 STEPS TO AGENTIC AI
I i‘__l I 3 HE_I
[1] DEFINE ROLE & GOAL 8 i e gl ibin ol
L What will it do? Who is it helping? L hi e nlca it : J
; DESIGN STRUCTURED I/0 CEEE ADD VOICE OR VISION CAPABILITIES |
[2] Use Pydantic AI or JSON Schemas to define [7] Let your agent see and speak with
3 inputs and outputs. A multimodal inputs and outputs. )
) | TUNE BEHAVIOR & ADD PROTOCOL - DELIVER THE OUTPUT :
[3] Utilize System prompts, MCP (Model Context [8] Format results into Markdown, PDF, or JSON
) Protocol), and Prompt Tuning. Al Ly for usability. J
r ADD REASONING & TOOL USE | | WRAP IN A UI ”
[4] Implement frameworks like ReAct (Reasoning [9] Build front-end interfaces using Streamlit,
) + Action) and Chain-of-Thought. il Gradio, or FastAPI. .
| STRUCTURE MULTI-AGENT LOGIC i EVALUATE AND MONITOR :
[5] Employ orchestration tools such as CrewAl [10] Regularly run tests, and use logs and
or LangGraph for coordination. benchmarks to ensure reliability and
. = = |, performance. %
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