Assignment 1: Building an Agentic Al System

In this assignment, you will incrementally build a complete LLM-based system, to understand how
modern agent systems are structured

Architecture

Basic LLM Chat (one-turn)
Conversation Memory (multi-turn)
Retrieval-Augmented Generation (RAG)
Tool-based Computation

Router-based Agent

Notes:

Agentic Al is rapidly evolving, no single “correct” agent architecture.

Students are encouraged to further explore alternative agentic workflows and concepts — such as
ReAct-style agents, tool-augmented reasoning, agent skills, multi-agent systems, or emerging
standards like MCP — beyond the scope of this assignment.



Section 1 & 2 How LLM Chat Works

e how llm generate answers from user inputs
® how to maintain conversation memory history = []

- chat(user_input):

Architecture
e User_ input

history.append({“role"”: "user"”, "content": user input})

1 TOkenizer (tEXt - tOken IDS) prompt = apply chat template(history)
® LLM generation (tokens — tokens)
e Tokenizer decode (tokens — text) input_ids = tokenizer(prompt)

Memory (short-term in-context memory) output_ids = model.generate(input_ids)
® LLM is stateless: each call can only see the

reply = tokenizer.decode(output ids)

current prompt
o We store mMessage hiStory asa lISt Of {r0|e1 history.append({“"role": "assistant”, "content":

content} return reply

e Every new user message + past history are
included in the next prompt



Section 3 RAG =

Structured Data

e LLMs have no access to your private or P—
domain-specific data k

e Model knowledge is frozen at training time E

e Directly fine-tuning is expensive and inﬂexibleUns"ucmad e

Architecture

- rag_build(question):

e Embed and store external
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knowledge chunks in DB
e Retrieve relevant chunks using chunks = split text(docs)

vector similarity search
vectors = embed(chunks)

e Build context by combing
retrieved chunks

vector store =

® Generate an answer under the

return vector_store

context of retrieved context

Vector DB Retrieved
(Embeddings) Chunks

f rag_answer(question):

q_vec = embed(question)

prompt

answer = llm.generate(prompt)

return answer
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Section 5 Agentic Al Agent Architecture (Router-Based)

A simplified but industry-aligned agent design

e Agentic Al systems use sophisticated reasoning, iterative planning and s
tool calling to autonomously solve complex and multi-step problems. User
® Agentic Al systems typically have the following core capabilities: u
e Perception { (77) LLM Router J
. : N2 (Deckions i
Interpret user goals and environment signals
e Reasoning & Planning ( J | il
Decide what needs to be done and in what order e e
e Tool Use / Action [ = R"} ﬂF Compies)
Call external tools, APIs, or code to obtain real-world results Teva' i (Tmpum
e Memory aie
Maintain short-term or long-term state across interactions (,,;_s,ynthesizeq
e Learning / Adaptation L=

Improve behavior over time via feedback Il

User



Section 5 Agentic Al Architecture
. ] i _dataset,

® Perceive: gather inputs (user query, context, ' at,
retrieved docs, tool outputs)

® Reason / Plan: decide next actions (which
tools and which order) Al

tool name = ste|
args = step.get(”

® Act: execute tools / retrieval

result = TOOLS[tool name](**args)

trace.append({

® Synthesize: produce a grounded final answer

® (Learning / feedback loops are optional and
not required here.)

final_answer = synthesize answer(question, trace)

return {"plan”: plan[“"plan"], "trace": trace, "final answer": final_answer}




