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Engineering Predictable Intelligence

A foundational playbook for AI solution builders, translating
conversational AI into scalable, enterprise-grade architecture.

Qoo

> GET fostalztrean
> PROCSEE, GUERYD)

> VALIBATE .TCREH: OK
> LDAD CONTEXT: ...
> LALTIALTZE NOOEL()

> DATA, INGEST_BATCH 512E=512

LATENCY < S5Bos

> ERECUTE PTPELINE --sourceriarsing

L

Q00 b

> BET fistafttr=on

> PRECESE_SUERYL)

> VALLBATE TREER: O&
> LOAD COMTERT: ...

> IMITIAL[ZE REGEL()

> ERESUTE,FIPELERE --caurcert:
> BATK_HRSEST_BATEM_S12E<512
F aun

i
L

= ln Yol

> m JTOpREr IIrees

> PROCSSS, QUERYL)

> VALIBATE.TERER: GK
> LDAD, CONTEXT: ...
> TALTLALLEE. MODEL()

> DATA_TNGEST_BATCH_S12E=512
e

lr-«r\r\rnr[

> EXECUTE _FTPELDRE —scurcertermsinal

THROUGMPUT: 18k TPS

THROUGHFUT: 18k TPS

SCALABILITY: AUTO-ELASTIC

-

SCALABILITY: AUTO-ELASTIC

REDUMDANCY : N+1

5,

STRUCTURED DATA BLOCK:
CUSTOMER INTENT

DATA BLOCK:
ENTITY EXTRACTION

DATA BLOCK:
DIALOGUE STATE

DATA BLOCK:
SENTIMENT SCORE

DATA BLOCK:
NEXT BEST ACTION

DATA BLOCK:
KENONLEDGE GRAPH NODE

DATA BLOCK:
COHMPLIANCE AUDIT LOG

SECURITY: TLS 1.3, 1aM

€
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The shift from conversation to compilation

Large Language Models are prediction engines. While casual users chat, developers must
engineer prompts that return reliable, structured outputs to power software ecosystems.

rial & Error Predictable Engineering

o h?lp with ﬂ: Uﬂ-ﬂeh-| O‘f*ﬂﬂkﬂ like : "entities”: |
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= "Eype" "PERSDHT,
um... algo translating languages... and "sage™: "Or. Anya Sharea®,
giuing fﬂmmmﬁﬁdﬂﬁﬂﬂi..- mﬂ.\.lhe. }'"n}IE": "Projecl Lesd™
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The prompt syntax equation

Based on user data, the most fruitful foundational prompts average 21 words
and tightly integrate four specific constraints.

Predictable

|[Personal + [Task] + [Context] + Guthit

prompt.txt
You are a program manager in the logistics industry.

Draft an executive summary emaill...

...based on the Q3 supply chain disruption reports.

Limit to 3 bullet points in a structured format.|
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The context upgrade: Zero-Shot to Few-Shot

A zero-shot prompt provides only a task Elevated Level: Few-Shot
description. Supplying the model with 5-6 few-shot
examples acts as a powerful teaching tool,
establishing a definitive reference point for
ECCUI'EICy, tone, and fnrmatting. <Input> Task: Generate a caption for a

personalized social media ad for a 58
year old man with a bad hip who is a new
cyclist. <Output> 58 and still going
strong? Push your limits with a Cymbal :
Labs Carbon Fiber Road Bike. Lightweight, a1

smooth, and built to last. Get back on Ready to push your

track with a ride you'll love! P
[link to website] limits? Cymbal Labs

<Input> Task: Generate a caption for a Carbon Fiber Road
BESE LE‘I.\'EI: ZEfﬂ-Shﬂt personalized social media ad for a Bikes offer ?hE :
fitness enthusiast, 35 Male, aspiring perfect combination of
triathiete. <Output> Train harder, * comfort and

Input

race faster. With Cymbal Sports, your
triathlon journey starts with the

performance. We

perfect ride. understand the \
Iﬂpl.l't OUtPUt <Input> Task: Generate a caption for a challenges of getting
personalized social wedia ad for a 48 back into cynling, and
year old woman, looking to get in we're here to hel ou
. ¢ shape. <0Output> Your fltness journey - : PY
Task: Generate a caption for Check out our new Cymbal BRdiie Face. Bidh 1 styls il cimtore reach your goals.
a personalized social media L?bs Carbon Fiber Road with the Cymbal Sports Carbon Fiber [link to website]
ad for a 50 year old man Bike. It's smooth and Road Bike. k J
with a bad hip who is a new lightweight. Link in . - ion ¢
: z <Input> Task: Generate a caption for a
cyclist. bio. personalized social wedia ad for a
College athlete, 23 year old male.
<Uutput> Get ahead of the pack with Key Takeaways:
the Cymbal Sports Carbon Fiber Road p
Hey Takeaways: Bike. Perfect for athletes ready to Additional examples help th"?
Generic and lacks specific insights conquer new challenges. model understand how to tailor
s He bt responses, offering specific

insights and a more personalized
tone.
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Forcing visible logic with Chain-of-Thought

Bypassing greedy decoding. By prompting the model to explicitly generate reasoning
steps like a human solving a problem, you force the LLM to map its logic before
predicting the final token.

Path A Black Box

Inaccurate
Processing Answer
Complex ? L -9
Visible Scratchpad
|nput | . NP |
- i o h i i
Step 1 Step 2 Step 3
Path B Analyze the user | Break down the Formulate a nghly
query and problem into logical sequence _
. constraints... * sub—tasks to of operations to Accurate
Analyze that - analyze the Formulate a
depresses in have | deterwine | executive AHSWEI'
to an preeent documensatations processes of the
cyclist. | and solvno the ! logistic
problem. operations.
\_ J [. % J \, J
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Ensembling reasoning paths via Self-Consistency

When single reasoning paths fail, Self-Consistency leverages the model to generate multiple
diverse reasoning paths simultaneously. The system then selects the most consistent answer,

drastically improving coherence.

Reasoning
Path A
Reasoning
PathB
Reasoning
Path C

Track 1

Final
Selected

Track 2

Initial
Prompt

Output:
Result X

Track 3
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The PAR framework for instructional Al

Educational Al requires distinct pedagogical structure. LearnLM capabilities prioritize building
learning flows—scaffolding, questioning, and feedback—rather than simple chat threads.

P

(Persona)
Set the role. Aligns Define the task using Specify the audience
expertise and behavior. strong verbs. to tailor cognitive load.
e.g., Actlike an e.g., "Scaffold”, e.g., First-year

instructional designer”. “Question”, “Guide”. students”.



Constraining outputs for APl ingestion

For non-creative tasks (parsing, ordering, categorizing), the output format is as critical as the input.
Structured outputs prevent API pipeline breaks by eliminating conversational hallucinations.

Input Prompt Parsed API Payload
Extract the key entities from the user query.
{
Return the output EXCLUSIVELY as a valid JSON ”E”E}TiE?'= [
object. "type": "Product",
, ) “value": "MacBook Pro",
Do not include markdown formatting. Hoantidancali.Nin 0o

Do not include conversational text.| i
{

“type"”: "Feature”,
ll."..lrr:—]-LUE“: II'..I13 Ehip“'

"confidence'": 0.95

}

1,

“intent”: "Purchase Inquiry",
"timestamp': "2024-10-27T14:30
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The Al architecture decision matrix

System architecture requires combining techniques. A robust application might rely on RAG for
fetching knowledge, Prompting for formatting the response, and Fine-tuning for tool utilization.

Context Window

Technique . Best For Data Type Impact
. : Formatting & Static, instructional e B
Prompt Engineering akavicral rules daita Easily fits in context
RAG (Retrieval- . Accessing external Dynamic, frequently High context window
Augmented Gen) knowledge bases shifting data | usage

Deep stylistic emulation | Static, highly specific - Zero context window

FiRe-Tuning or tool utilization training data iImpact
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Balancing data dynamics and context limits

Even with expanding limits—like Gemini 1.5 Pro’s 2-million token window—leading models can only
process a fraction of enterprise datasets. The nature of your data dictates your retrieval strategy.

Is the

Does it fit in
the context
window?

Yes NoO

Use Prompting + Use simple RAG
Corpus-in-Context. architecture.

required data

Dynamic

Static or
Dynamic?

Use Prompting +

Dynamic RAG pipeline.

—

Use Prompting +

Dynamic RAG pipeline.
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Prioritizing PoC features by Al Archetype

Before writing a single prompt, categorize your Proof of Concept. The archetype
determines the required safety rails, latency tolerance, and architectural complexity.

Q

Search

Find and
summarize
info.

Execute

Tailor standard
language to a
prompt.

Support

Answer
questions and

resolve issues.

,’

Ideate

Create novel
ideas and
frameworks.

&

Act

Complete
end-to-end
business
processes.
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Mechanical control: Configuration parameters

Prompting via APl unlocks mechanical control over the prediction engine. Adjusting these
parameters is just as critical as your word choice for ensuring reliable enterprise outputs.

0O

o "N
// — o/ Developer console P — NN

S M\"\. TR — +_ T AT / _ \-:\\ i
[ Temperature !

Controls randomness.
Low = deterministic/robotic.
High = creative/variable.

Limits vocabulary to the K
most likely next tokens.

Selects tokens whose

cumulative probability
equals P. J
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The continuous build loop

A prompt is not a one-time script; it is a reusable, testable behavior. It must be

monitored and optimized at scale just like traditional application code.

A

p
E:'{ Prototype (Google Al Studiﬂ)w

Draft and test prompt logic

visually

\,

~
== .
&= Refine
Adjust strategies using automatic
prompt optimization
P
-

\

output quality

.
=c. Monitor (Vertex Al)

"I~ Log interactions and assess

'
Deploy (Gemini API)

Launch prompt logic in production

/

via structured inputs

\

~

o
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The prompt documentation standard

Prompt engineering requires rigorous version control. Documenting your attempts,

variables, and configurations is mandatory to track performance changes when base
models are updated.

' | 1 || Prompt Name & Version &xt 2 Target Goal

: v.1:4:2] [Extraction & Parsing]

|3 || Model ID -« | | 4 ]| Config

5 [gemini-1.5-pro] [Temp: 8.2 | Top-K: 48 | Top-P: 0.8]

S || Raw Prompt Syntax

<~ commit 2 diff @ history

[See attached monospace block]

= Expected Output Format
i [Strict JSON]

F ARE

Status: Deployed [PROD]
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The final rule of prompt engineering

s

“A prompt is never done until it performs

and delivery channels. Iteration is not the

exception; it is the core of the engineering

process.”

=

reliably across user types, subject domains,




