
Module 12: Production Best Practices & Wrap-up

Execution Worksheet: Cost Optimization, Rate Limiting, Local Models, & Repository Curations

1. Overview & Learning Objectives

Transitioning LLM applications from sandbox environments to production requires robust engineering

strategies. This worksheet equips you with execution patterns to:

Mitigate Token Costs using efficient prompt engineering, dynamic truncation, and result caching.

Handle API Rate Limits gracefully via exponential backoff and retry decorators.

Deploy Local Offline Models using open-weight architectures (e.g., Hugging Face transformers or

Ollama).

Finalize Repositories and curate high-value study pathways for long-term mastery.

Prerequisites: Ensure Python packages requests, tenacity (for retries), and transformers / 

torch are installed. 

• 

• 

• 

• 
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2. Step 1: Mitigating Token Costs & Response Caching

API costs scale directly with token volume. Implementing local caching prevents redundant LLM calls for

identical or highly similar queries, slashing operational expenses.

import hashlib
import json
import time

class TokenCostOptimizer:
def __init__(self):

        self.cache = {}
        self.api_calls_made = 0

def _hash_prompt(self, prompt):
return hashlib.sha256(prompt.encode('utf-8')).hexdigest()

def mock_llm_call(self, prompt):
# Simulates expensive cloud LLM API request

        self.api_calls_made += 1
        time.sleep(0.1) # Network latency simulation

return f"Extracted Summary for: {prompt[:30]}..."

def execute(self, prompt):
        prompt_hash = self._hash_prompt(prompt)

if prompt_hash in self.cache:
            print("[CACHE HIT] Returning stored response without incurring token cost.")

return self.cache[prompt_hash]

# Cache miss: Execute API call
        print("[CACHE MISS] Executing cloud API call...")
        response = self.mock_llm_call(prompt)
        self.cache[prompt_hash] = response

return response

# Demonstration
optimizer = TokenCostOptimizer()
prompt_text = "Analyze churn risk for Customer CUST_1001 with 12 months tenure."
print(optimizer.execute(prompt_text))
print(optimizer.execute(prompt_text)) # Second call hits cache
print(f"Total API Calls Incurred: {optimizer.api_calls_made}")

Explanation: Hashing incoming text queries allows rapid O(1) lookups in memory or Redis, completely

eliminating redundant LLM expenditures.
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3. Step 2: Handling API Rate Limits with Exponential Backoff

Production pipelines inevitably encounter HTTP 429 (Too Many Requests) errors from provider rate limits.

Using robust retry wrappers prevents application crashes.

import random
class RateLimitHandler:

def __init__(self, max_retries=3):
        self.max_retries = max_retries

def call_api_with_backoff(self, payload):
        attempt = 0

while attempt < self.max_retries:
try:

# Simulate occasional Rate Limit (HTTP 429)
if random.random() < 0.6 and attempt == 0:

raise Exception("HTTPError: 429 Too Many Requests")

                print("API Request Successful!")
return {"status": "success", "data": payload}

except Exception as e:
                attempt += 1
                sleep_time = (2 ** attempt) + random.uniform(0, 1)
                print(f"[Warning] {e}. Retrying in {sleep_time:.2f} seconds (Attempt {attempt}/{self.max_retries})...")
                time.sleep(sleep_time)

raise Exception("Max retry limit reached. API request failed.")

handler = RateLimitHandler()
result = handler.call_api_with_backoff("Customer feedback payload")
print(result)
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4. Step 3: Introduction to Local Offline Models

For data privacy, zero recurring token costs, and offline environments, deploying open-weight models

locally is essential. Below is the standard Hugging Face pipeline configuration for local inference.

# Example snippet for running local models via Hugging Face Transformers
# from transformers import AutoTokenizer, AutoModelForCausalLM
# import torch

# MODEL_NAME = "meta-llama/Llama-3.2-3B-Instruct"
# tokenizer = AutoTokenizer.from_pretrained(MODEL_NAME)
# model = AutoModelForCausalLM.from_pretrained(
#     MODEL_NAME, 
#     torch_dtype=torch.float16, 
#     device_map="auto"
# )

print("Local Offline Model Configuration Pattern:")
print("1. Download weights securely into local storage container.")
print("2. Initialize pipeline with 16-bit precision (FP16) or Quantized INT4/INT8.")
print("3. Execute inference locally with zero external network dependency.")

Deployment Mode Cost Model Data Privacy Latency / Speed

Cloud APIs (OpenAI/

Anthropic)
Pay-per-token

Third-party data

transmission

Network bound

(~200-500ms)

Local Offline (Ollama /

HF)

Fixed hardware

cost

100% On-premise /

Secure

Hardware bound (GPU

dependent)
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5. Step 4: Repository Curation & Curated Study Materials

A production-ready portfolio repository must be structured professionally. Use the checklist below before

publishing your code.

README.md: Clear architecture overview, installation guide, and execution instructions.

requirements.txt or pyproject.toml: Exact pinned dependency versions.

.env.example: Template for securely managing API keys without exposing secrets.

/tests: Unit tests validating both text extraction functions and Scikit-Learn model estimators.

Curated Further Reading:

• Prompt Engineering Guide (DAIR.AI) 

• Scikit-Learn User Guide & Machine Learning Best Practices

• Building LLM Applications for Production (Hugging Face / LangChain Documentation) 

6. Hands-On Coding Exercise

Exercise Challenge:

Integrate the TokenCostOptimizer caching class and the RateLimitHandler exponential backoff

wrapper into your Module 11 end-to-end hybrid pipeline script. Verify that running duplicate text

inputs results in zero external API calls.

• 

• 

• 

• 
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