Taming the Unpredictable
Building Production-Grade Al Systems with Pydantic & Generics
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Probabilistic AI Output Deterministic Production System
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The Al Trust Problem: Never Trust Al Output Without Validation

Al is powerful, but it's probabilistic, not deterministic. When you ask an LLM for structured
data, you get a response that */looks* right but might have subtle, system-breaking flaws.

Your Prompt to an LLM

Generate a recipe for chocolate chip cookies as
JSON with an integer for prep time.

l

LLM's Probabilistic Output
{

"name": "Choc Chip Cookies",
"ingredients": ["flour", "sugar", "chocolate"],

_—

"prep_time_minutes": "about 30 minutes", ¢ - <-- This will crash your code
"is_delicious": "True" ¢ - <-- This is also a string, not a bool
} |
- l. |
. |
Python Code Failure

# This will raise a TypeError
total_time = recipe["prep_time_minutes"] + 10
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The Shield: Pydantic for Runtime Safety

Python's type hints document intent; Pydantic enforces it at runtime. It's the deterministic check
on probabilistic output.

Order
The Pydantic Model (Your “Shield")

from pydantic import BaseModel

"name": "Choc Chip Cookies",

class Recipe(BaseModel):
name: str
ingredients: list[str]
prep_time_minutes: int
is_delicious: bool = True

"ingredients": ["flour", "sugar", "chocolate"],
"prep_time_minutes": "about 30 minutes",
"is_delicious": "True"

The Validation Step

Actionable Error Output (The "Shield" in Action)
- R i try:
2 validation errors for Recipe # model_validate_json parses and validates in one step

prep_time_minutes recipe = Recipe.model_validate_json(1llm_output)
_ input Shewld be & valie integer... except ValidationError as e: ) g
1s_deliclous print(e)

Input should be a valid boolean...
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Enforcing Your Rules, Not Just Types

Production systems need more than type checks. They need to enforce business logic and
manage sensitive configurations securely.

Enforce Business Logic Manage Al Secrets

from pydantic_settings import BaseSettings
from pydantic import Field, SecretStr

from pydantic import BaseModel, field_validator

class User(BaseModel):
emall: str

class AppSettings(BaseSettings):
app_env: str = "dev"
openai_api_key: SecretStr = [@EIGLIGENEEIEEY

@field_validator('email')
def must_be_valid_domain(cls, v):
if "@test.com" in v:
raise ValueError("Test domains are not all;R\\

"

class Config:

return v | env_prefix = "APP_"
Use '@field_validator™ for complex rules the Al needs to Use 'BaseSettings’ to load and validate API keys from the
follow. environment, with "repr=False’ to prevent accidental logging.
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The Core Workflow: Turning Errors into Feedback

Validation failure isn't an endpoint; it's the start of a loop. Use "ValidationError™ as actionable feedback
to refine your prompt and guide the Al to success.

1. GENERATE

Llm_output =
claude.generate(prompt_vi)

2. VALIDATE
4.RETRY /N @ et

Um_output = claude.generate(new_prompt) &_j model.model_validate_json(1lm_output)
except ValidationError as e:

*Prompt V1**:
C...prep_time..." =

| /l **Prompt V2**;
“...prep_time_minutes MUST be an

3. REFINE PROMPT integer (e.g., 30 not "30 minutes")...’

new_prompt = improve_prompt(prompt_vl, e.errors())
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The Next Challenge: From One Model to Any Model

Your Al application won't just handle one type of data. You'll process users, products, tasks, and
more. Writing separate validation and processing logic for each is repetitive and error-prone.

User Product Task
def process_user_response(data: def process_product_response( def process_task_response(data:
str) -> ((: data: str) -> (JRLINas: str) -> (ERN:
g ... validation & logic for # ... validation & logic for # ... validation & logic for
User Product Task

How do we write this logic ONCE, in a way
that is scalable and fully type-safe?
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The Blueprint: Generics for Reusable, Type-Safe Code

Generics let you write one function or class that works with any type, while
preserving full type safety for static analysis tools and your IDE.

Using

def get_first(items: list[Any]1) -> Any | None: ...

# IDE has no idea what 'item' is. No autocomplete.
item = get_first(users)

Using "Generics’

The Payoff

# Modern PEP 695 Syntax (Python 3.12+)
def get_first[T](items: list[T]) -> T | None: ...

# IDE knows 'user_item' is a User. Full autocomplete!
user_item = get_first(users)

3 user_item,

2 . Hame
& .ewall
TR

Generics are for your tools. They catch bugs in your editor, not at runtime.
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The Shield and The Blueprint United

The ultimate pattern combines Pydantic's runtime validation with the static type-safety of Generics.
This allows you to build a single, reusable function that can validate and parse any Al-generated

response into its corresponding Pydantic model.

from pydantic import BaseModel, ValidationError

# T 1s constrained to be a Pydantic BaseModel

def parse_llm_response[T: BaseModel](
json_data: str,
response_model: typel[T]

) -> T | None:

e

Parses and validates JSON against any Pydantic model.

try: "‘E‘II J"ﬂ‘

return response_model.model valldate_ann(Jsun data)
except ValidationError as e:

print(f"Validation failed for {respnnse model. __name__}: {e}")

# In a real app, you would log this and trigger the refinement Lloop

return None

# Usage
user = parse_llm_response(user_json, User) # Returns User | None
product = parse_l1lm_response(product_json, Product) # Returns Product | None

A bounded generic
ensures ‘T

IS a

validatable Pydantic

model.
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Capstone: Building a Production Fortress
The Type-Safe Configuration Manager

Let's synthesize these patterns into a portfolio-worthy project. Real applications need configuration
that is loaded from multiple sources, is fully validated at startup, and provides type-safe access
throughout the codebase.

r 1
1 “ConfigLoader’

"AppConfig’
Object

Pydantic Models

The Shield
( ) Generic Type-Safe
{ Access
z (The Blueprint)

Precedence: CLI > Environment > File > Defaults
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The Fortress Foundation: Pydantic Config Models

We define our application's entire configuration schema using nested Pydantic models. This provides
automatic validation, type coercion, and seamless integration with environment variables.

from pydantic_settings import BaseSettings, SettingsConfigDict
from pydantic import BaseModel, Field

class DatabaseConfig(BaseModel):
host: str
port: int = Field(5432, ge=1, 1e=65535)

class APIConfig(BaseModel):
timeout: int = Field(30, gt=0)

class AppConfig(BaseSettings):
model_config = SettingsConfigDict(

env_prefix="APP_', Allows “APP_DATABASE__HO0ST=prod.db"

env_nested_delimiter='__" > :
to securely override nested values.

)

database: DatabaseConfig
api: APIConfig
log_level: str = "INFO"
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The Fortress Blueprint: Generic, Type-Safe Access

Hard-coding dictionary keys like “config['database']['host']" is brittle and error-prone. We use a generic
accessor to provide full type safety and IDE support, eliminating an entire class of bugs.

I |

% The Old Way - Brittle / e The New Way - Robust -

# Prone to typos, returns 'Any', no autocomplete # Fully type-safe, IDE catches errors, perfect autocomplet
db_config = config.get("database"”) db_config = config.get[DatabaseConfig]("database"
host = db_config| # <-- Typo! Fails at runtime. host = db_config.hsot # <-- Typo! IDE shows a red squiggle

# FULLy type-sate, 1UE catches errors, perfect autocomplete
db_config = config.get[DatabaseConfig]("database")

host = db_config.hsot

host = db_config.|

B .host (property) host: str
1, .port -
(0 .timeout
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Your Professional Toolkit for the Al-Native Era
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The Shield (Pydantic) The Blueprint (Generics) The Workflow (The Loop)
Your contract with uncertainty. Your pattern for scalable components. Your core engineering practice.
Validate all external data at runtime. Build reusable, statically-typed code "Generate -> Validate -> Refine".
Fail fast, fail loud. that catches bugs before they run.

Building reliable systems on top of probabilistic Al isn't about choosing a library.
It's about a disciplined engineering philosophy. This is it.
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