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The LLM Architecture

Large language models (LLMs) represent a leap in modern AI systems, combining various technologies

such as natural language processing (NLP), transformers, distributed computing and more. Though these

components are key to the development of modern LLMs, transformers are arguably the most important

technological advancement that have contributed to the rise of modern LLMs. At this stage, in-depth

knowledge of the transformer architecture is nice to have, but not required. However, it is important to

understand the core process of modern LLMs:

Tokenization:  Converting text into machine-understandable numbers

Processing:  Interpreting the "importance" of text in machines

Generation:  Generating text through decoding strategies

How this course is structured?

The [LMP-C01] LLM Engineer (Professional) course takes a novel approach by creating a fictional

scenario in which you are the main character. The examples, experiments, and challenges in the course will

revolve around this scenario. You, as the main character, will complete these challenges which will help you

learn all you need to know about becoming an LLM Enginner.

The story so far...

You have built your own startup and are developing a new app, TaskFriend, an AI assistant that helps users

manage daily tasks, prioritize work, and optimize time. With the advent of Generative AI technologies, you

find yourself thinking of new ways to integrate AI into your product. A recent user survey has brought up

some interesting insights, one of which in particular has caught your attention: "When I log tasks or
new ideas, I often find myself stuck in a loop on deciding how to proceed or
what to do next. What does the TaskFriend team do when they find themselves in a
situation like this?" This set of a flurry of ideas in your mind, finally reaching one conclusion.

Your goal: teach the AI to understand natural language queries like "How do I organize my week?" or

"What’s the best way to study for exams?"

In this chapter, we'll work on the concepts behind processing complex queries like:

"I need to finish a report due tomorrow but also want to go to the gym to keep
fit. I'd like to do both. What should I do?"

Goals

Understand how LLMs process productivity-related queries

Build a task-prioritization bot

Address ethical risks (e.g., burnout risks in scheduling)

Intitializing the environment

Setting up the API key
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Before we start work on in any notebook, we'll need to load the API key for Model Studio. This ensures that

we can call APIs of Qwen models we'll be using throughout this course.

If you're unsure about how to find your Model Studio API key, refer to the 00 Setting Up the
Environment file.

# Load Model Studio API key
import os 
from config.load_key import load_key 
load_key( 
    confirmation=True 
) 

Setting up the LLM client

We'll use the openai-compatible interface provided by DashScope to interact with Qwen models (or other

models we use throughout the course).

import os 
from openai import OpenAI 
import logging 
 
logging.getLogger().setLevel(logging.ERROR) 
 
client = OpenAI( 
    api_key=os.getenv("DASHSCOPE_API_KEY"), 
    base_url="https://dashscope-intl.aliyuncs.com/compatible-mode/v1", 
) 

Testing out the TaskFriend chatbot

LLM responses

LLMs can provide responses in one of two ways: streaming and non-streaming.

Letʼs start with the non-streaming mode. These require the entire input to be provided before generating a

response. This approach is suitable for tasks where real-time interaction is not a primary concern. For

example, when you type a query into a search engine, the search engine typically employs a non-streaming

model to process your query and return search results. The delay in receiving search results is negligible for

most users, so real-time processing is not a top priority.

Now, we'll test out how the chatbot responds to a simple query in non-streaming mode:

# User query 
query = "Tell me about yourself" 
 
# System prompt 

https://modelstudio.console.alibabacloud.com/?tab=globalset#/efm/api_key
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system_prompt = "You are TaskFriend, a helpful AI assistant that helps 
users manage daily tasks, prioritize work, and optimize time."

# Non-streaming mode response
def get_qwen_response(query, system_prompt, temperature, top_p): 
    response = client.chat.completions.create( 
        model="qwen-plus", 
        messages=[ 
            {"role": "system", "content": system_prompt}, 
            {"role": "user", "content": query} 
        ], 
        temperature=temperature, 
        top_p=top_p, 
        stream=False 
    ) 
    return response.choices[0].message.content 
 
response = get_qwen_response(query, system_prompt, temperature=0.7, 
top_p=0.8) 
print(f"Query: '{query}'") 
print(f"=" * 50 + "\n") 
print(response) 

Did you notice a slight delay between when you run the code and when you received the response? This is

how non-streaming mode works. It waits for the entire response to be generated before returning the

results to us. While this may be ok for short answers, long answers like asking the LLM to write up a full plan

may take quite some time, and may affect the experience of the user at the other end of the screen.

However, one of the inherent advantages of LLMs is the streaming mode, where the LLM outputs its

responses as it receives it - in chunks. This gives the impression of responsiveness, as well as a more

"human" like feel due to how the words seem to be typed out in real time. It's like having a conversation with

another person, and they're talking to you in real time.

In order to activate streaming mode for Qwen, we need to add stream=True to the function, and process

its response as chunks:

# Streaming mode response
def get_qwen_stream_response(query, system_prompt, temperature, top_p): 
    response = client.chat.completions.create( 
        model="qwen-plus", 
        messages=[ 
            {"role": "system", "content": system_prompt}, 
            {"role": "user", "content": query} 
        ], 
        temperature=temperature, 
        top_p=top_p, 
        stream=True 
    ) 
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    for chunk in response: 
        content = chunk.choices[0].delta.content 
        if content:  # Skip empty chunks 
            yield content 
 
response = get_qwen_stream_response(query, system_prompt, temperature=0.7, 
top_p=0.8) 
print(f"Query: '{query}'") 
print(f"=" * 50 + "\n") 
for chunk in response: 
    print(chunk, end="") 

Tokenization: Turning Text into Numbers

Do machines understand what humans are saying? Unlike you and me, machines do not understand words

like you and me. If given the chance to develop it's own language, that language will be very different from

what humans would expect. One great example is an experiment in 2017 run by Facebook Artificial

Intelligence Research (FAIR). In this experiment, they trained AI on a

are not inherently good at understanding language. However, they are very good at understanding numbers.

So, the first step in any LLM takes to process queries is to take them, and turn the into numbers via a

process called tokenization. Tokenization breaks sentences down into individual tokens, which become

the raw input to the LLM.

What is a token?

A token is the smallest unit of meaning an LLM understands. It could be:

A whole word ("deadline")

A subword ("un" + "happiness")

A symbol (".", "?")

# User query 
query = "I have a report due tomorrow, but I want to go to the gym to 
avoid burnout."

import warnings 
from transformers import AutoTokenizer 
from functions.safe_token_str import safe_token_str 
from functions.token_table import create_token_table 
 
warnings.filterwarnings("ignore") 
 
# Initialize tokenizer 
tokenizer = AutoTokenizer.from_pretrained( 
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    "Qwen/Qwen-7B",  
    trust_remote_code=True, 
    use_fast=True 
) 
 
# Tokenize input string 
tokens = tokenizer.tokenize( 
    query, 
    allowed_special=set(),  # Treat all text as normal text 
    disallowed_special=()    # Don't raise errors for special tokens 
) 
 
# Convert tokens to strings (handle bytes if necessary) 
tokens = [t.decode('utf-8') if isinstance(t, bytes) else t for t in 
tokens] 
 
# Get token IDs 
token_ids = tokenizer.encode( 
    query, 
    allowed_special=set(), 
    disallowed_special=() 
) 
 
# Verify token-ID alignment
if len(tokens) != len(token_ids): 
    min_len = min(len(tokens), len(token_ids)) 
    tokens = tokens[:min_len] 
    token_ids = token_ids[:min_len] 
 
# Display tokenization results in a styled table 
print(f"Query: '{query}'") 
print(f"=" * 50 + "\n") 
print("Tokenization Results:") 
create_token_table(tokens, token_ids) 

The case of the repeated token IDs

Each token has a unique ID - i.e. the exact same word is assigned the same ID. You'll notice in the previous

example we have multiple instances of tokens with the same token ID. This is one of the most

fundamental yet overlooked concepts in LLMs. Let's explore why identical tokens have identical IDs and

why this repetition is crucial for semantic understanding.

graph LR 
A[Token ' to'] --> B{Vocabulary} 
B --> C[ID 311] 
D[Another ' to'] --> B 
E[' report'] --> B 
B --> F[ID 1895] 
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This is a fundamental rule of tokenization:

Every occurrence of the exact same token gets the exact same ID

This is why ' to' (with space) always maps to the same ID

This is NOT true for 'to' without space (different token!)

How repeated IDs create semantic understanding

�. Pattern recognition engine

When the same token ID appears repeatedly, it creates meaningful patterns:

# Your query: "I need to finish... want to go to the gym..."

token_ids = [..., 311, ..., 311, ..., 311, ...] # All ' to' tokens

What the model learns:

When ID 311 (' to') appears 3x in a sentence → likely a task sequence

Pattern: [ACTION] to [TASK] → [ACTION] to [TASK] → [ACTION] to [TASK]

This is how TaskFriend recognizes "need to finish", "want to go", "like to do" as task sequences

�. Attention mechanism fuel

Repeated token IDs power the transformer's attention:

graph LR 
A[' to' ID 311] --> B[Attention] 
C[' to' ID 311] --> B 
D[' to' ID 311] --> B 
B --> E[Pattern: Task Sequence] 
 

The attention mechanism learns:

"When I see multiple ID 311 tokens in a row, check what comes next - it's likely a list of tasks"

This is how TaskFriend understands that "need to finish", "want to go", and "like to do" form a task

sequence pattern that should trigger prioritization logic.

Subword tokenization and beyond

Early NLP systems used word-level tokenization, but this fails for:

Rare words ("floccinaucinihilipilification")

Compound words ("unhappiness", "burnout")

Typos ("teh" → should map to "the")

You'll also notice in the previous example that the tokenized query includes the leading space (or

"whitespace") in the tokens. Why would we do that when we can accurately split up a sentence based on its

whitespace?
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# User query 
query = "I have a report due tomorrow, but I want to go to the gym to 
avoid burnout."

print("Whitespace vs Qwen Tokenization Strategy") 
print("="*60) 
 
# Whitespace Tokenizer 
ws_tokens = query.split() 
 
# Dynamically find problem tokens (compare tokens to Qwen's tokenizer) 
problem_tokens = [] 
for ws_token in ws_tokens: 
    # Check how Qwen tokenizes this single whitespace token 
    qwen_subtokens = tokenizer.tokenize( 
        ws_token, 
        allowed_special=set(), 
        disallowed_special=() 
    ) 
    # If Qwen splits it into multiple tokens, it's a problem 
    if len(qwen_subtokens) > 1: 
        problem_tokens.append(ws_token) 
 
print("\n🔤  Whitespace Tokenization (naive approach):") 
print(f"    Tokens: {ws_tokens}") 
print(f"    Token count: {len(ws_tokens)}") 
print(f"    Problem tokens: {problem_tokens}") 
 
# 2. Qwen Tokenizer 
qwen_tokens = tokenizer.tokenize( 
    query, 
    allowed_special=set(), 
    disallowed_special=() 
) 
qwen_tokens = [safe_token_str(t) for t in qwen_tokens] 
 
# Show subword structure, i.e. 'burnout' → 'burn' + 'out'  
actual_subwords = [] 
for token in qwen_tokens: 
    # For tokens with leading space, show the actual word components 
    if token.startswith(' ') and len(token) > 1: 
        # Tokenize the word WITHOUT leading space to see true subwords 
        word = token.strip() 
        subwords = tokenizer.tokenize( 
            word, 
            allowed_special=set(), 
            disallowed_special=() 
        ) 
        subwords = [safe_token_str(t) for t in subwords] 
        if len(subwords) > 1: 
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            actual_subwords.append(f"{token} → {subwords}") 
        else: 
            actual_subwords.append(token) 
    else: 
        actual_subwords.append(token) 
 
print("\n🤖  Qwen Tokenization (byte-level BPE):") 
print(f"    Tokens: {qwen_tokens}") 
print(f"    Token count: {len(qwen_tokens)}") 
print(f"    True subword structure: {actual_subwords}") 
 
# 3. The Critical Difference 
print("\n" + "=" * 50) 
print("Why Tokenization Methods Matter") 
print("=" * 50) 
print(f"1. Whitespace fails on {len(problem_tokens)}/{len(ws_tokens)} 
tokens ({len(problem_tokens)/len(ws_tokens)*100:.0f}% failure rate!):") 
for token in problem_tokens: 
    qwen_subtokens = [safe_token_str(t) for t in tokenizer.tokenize(token, 
allowed_special=set(), disallowed_special=())] 
    print(f"   - '{token}' → {len(qwen_subtokens)} tokens: 
{qwen_subtokens}") 
 
print(f"\n2. Real-world consequence:") 
print(f"   Whitespace: {len(problem_tokens)}/{len(ws_tokens)} tokens 
problematic ({len(problem_tokens)/len(ws_tokens)*100:.0f}% failure 
rate!)") 
print(f"   Qwen: 0/{len(qwen_tokens)} tokens problematic (100% coverage)") 

We can see several differences between the whitespace strategy and Qwen's BPE strategy for tokenization.

graph LR 
A[Whitespace Tokenizer] --> B[Subword Tokenization] 
B --> C[Qwen's Byte-Level BPE] 
C --> D[Vectorization] 
 

The critical difference: whitespace preservation vs. subword understanding

While whitespace tokenization simply splits text at spaces (treating "burnout" as a single unit), Qwen's

approach operates on two levels simultaneously:

Surface level:  Preserves whitespace for perfect text reconstruction

Semantic level:  Understands the internal structure of words through subwords

Visualizing the two-level tokenization

graph TB 
    subgraph Whitespace Tokenizer 
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        direction TB 
        W1["'burnout'"] --> W2["Single token
(no internal structure)"] 
    end 
     
    subgraph Qwen's Byte-Level BPE 
        direction TB 
        Q1["' burned'"] --> Q2["Surface token
(with whitespace)"] 
        Q1 --> Q3["Semantic structure
burn + out"] 
        Q2 --> Q4["Perfect reconstruction"] 
        Q3 --> Q5["Pattern recognition"] 
    end 
     
    W2 -.->|Fails with unknown words| Q5 
    Q5 --> R["TaskFriend understands:
- 'burned' relates to 'burnout'
- 'time' + 'block' = productivity"] 
 

Qwen's tokenizer doesn't just split text into tokens - it creates a dual representation where whitespace

preservation ensures perfect reconstruction while subword understanding enables semantic connections.

This is why Qwen can both accurately process your words AND understand that 'burned' relates to

'burnout' even if you've never used that exact term before.

Vectorization & Attention: Where Tokens Become
Meaning

Imagine you're explaining your busy schedule to a friend:

"I need to finish a report due tomorrow but also want to go to the gym. What should I do?"

Your friend doesn't just hear the words - they understand the urgency of "report due tomorrow" while also

recognizing that you want some personal time at the gym for your wellbeing. They can give you helpful

advice by weighing both these options.

But how can you program TaskFriend do the same? How can you teach it to identify the key phrases:

"report due tomorrow"

"want to go to the gym"

The answer lies in vectorization and attention - the magical (but not really magical) process that identifies

key tokens and transforms them into rich semantic representations.

The vector space: Where meaning lives

Imagine a vast cosmic space where every word has its own location. In this space:
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Work-related terms cluster together (report, deadline, meeting)

Wellbeing terms form their own constellation (gym, burnout, wellness)

Time-sensitive terms orbit around urgency (tomorrow, ASAP, deadline)

When TaskFriend sees "report due tomorrow", it's not just processing three separate words - it's

recognizing that these vectors form a pattern that sits deep within the "urgent work" region of vector

space. When it sees "gym to keep fit", it recognizes these vectors as a cluster within the users' "personal

preference".

Note:  This section makes use of distilBERT for model size and speed considerations.

# User query 
query = "I have a report due for tomorrow's meeting, but I want to go to 
the gym to stay fit."

# Define cluster terms
# These do not affect the results of the model in any way, but serve to 
help better visualize the vector representations 
WORK = ['report', 'task', 'assignment', 'project', 'analysis', 'deadline', 
'due', 'submit'] 
WELLBEING = ['gym', 'exercise', 'workout', 'burnout', 'stress', 'energy', 
'balance', 'happy', 'fit'] 
URGENCY = ['tomorrow', 'today', 'now', 'need', 'must', 'should', 'due', 
'immediate', 'urgent', 'soon'] 

import time 
import torch 
import numpy as np 
from transformers import AutoModel 
from functions.vector_visualization import visualize_task_elements  # 
Import visualization function 
 
print("Identifying Key Tokens & Vectorizing Them") 
print("="*50) 
 
# Load the model 
print("\nLoading language model (distilBERT)...", end="", flush=True) 
start_time = time.time() 
 
tokenizer = AutoTokenizer.from_pretrained("distilbert-base-uncased") 
model = AutoModel.from_pretrained("distilbert-base-uncased", 
output_attentions=True) 
model.eval() 
 
load_time = time.time() - start_time 
print(f" Done ✓ ({load_time:.1f} seconds)") 
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# Get embeddings AND attention weights 
print(f"\nAnalyzing query: '{query}'") 
print("Processing with attention analysis...", end="", flush=True) 
start_time = time.time() 
 
with torch.no_grad(): 
    inputs = tokenizer(query, return_tensors="pt") 
    outputs = model(**inputs) 
    embeddings = outputs.last_hidden_state[0].numpy() 
    attentions = outputs.attentions 
 
load_time = time.time() - start_time 
print(f" Done ✓ ({load_time:.1f} seconds)") 
 
# Extract tokens 
tokens = tokenizer.convert_ids_to_tokens(inputs["input_ids"][0]) 
 
# 1. FILTER: Remove special tokens and subwords 
meaningful_indices = [i for i, token in enumerate(tokens)  
                     if token not in ['[CLS]', '[SEP]'] and  
                     not token.startswith('##') and  
                     len(token) > 1] 
meaningful_tokens = [tokens[i] for i in meaningful_indices] 
meaningful_vectors = embeddings[meaningful_indices] 
 
# 2. LET THE MODEL DECIDE: Use attention to identify key tokens 
print("\nIdentifying important task elements...", end="", flush=True) 
start_time = time.time() 
 
# Calculate attention importance scores 
attention_scores = np.zeros(len(meaningful_tokens)) 
for layer_attention in attentions: 
    avg_heads = layer_attention[0].mean(dim=0).numpy() 
     
    for idx, orig_pos in enumerate(meaningful_indices): 
        attention_to_token = avg_heads[:, orig_pos] 
        meaningful_attention = [attention_to_token[i] for i in 
meaningful_indices if i != orig_pos] 
         
        if meaningful_attention: 
            attention_scores[idx] += np.mean(meaningful_attention) 
 
# Normalize scores 
attention_scores = attention_scores / np.max(attention_scores) if 
np.max(attention_scores) > 0 else attention_scores 
 
# Get top 15 most important tokens according to attention 
top_indices = np.argsort(attention_scores)[::-1][:15] 
key_tokens = [meaningful_tokens[i] for i in top_indices] 
key_vectors = meaningful_vectors[top_indices] 
key_scores = attention_scores[top_indices] 
 
load_time = time.time() - start_time 
print(f" Done ✓ ({load_time:.1f} seconds)") 
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# Print the model's selected key tokens and their importance
for i, (token, score) in enumerate(zip(key_tokens, key_scores)): 
    print(f"  {i+1}. '{token}' (importance: {score:.3f})") 
 
# Visualize vector map 
print("\n📊  Visualizing vector map...") 
visualize_task_elements( 
    key_tokens,  
    key_vectors,  
    key_scores, 
    work_terms=WORK, 
    wellbeing_terms=WELLBEING, 
    urgency_terms=URGENCY 
) 
 

Generation: Crafting the Perfect Response

Now that we've transformed your words into meaningful embeddings, it's time for the magic: generating

responses! There's a common misconception that LLMs like Qwen produce text directly. However, this is far

from the truth.

After processing your input, the model predicts the probability of each possible next token. This is

performed by generating logits (raw prediction scores), which are converted to probabilities using a

softmax function.

graph LR 
    A[I thought] --> B((Tokenizer)) 
    B --> C[Input token ids
40, 3381] 
    C --> D((Large
Language
Model)) 
     
    D --> E[it: 0.96] 
    D --> F[you: 0.89] 
    D --> G[that: 0.72] 
    D --> H[to: 0.53] 
 
    subgraph Input 
        A 
        B 
        C 
    end 
 
    subgraph Generation 
        D 
        E 
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        F 
        G 
        H 
    end 
 

Let's examine this critical step with a concrete example. When you ask "I thought", the model might

generate these probabilities:

Token Logit Probability

' it' 0.96 0.42

' you' 0.89 0.28

' that' 0.72 0.18

' to' 0.53 0.09

But here's where things get interesting - how the model selects from these probabilities determines the

quality and character of your response. This is controlled by two key parameters: temperature and

top_p.

Temperature: Controlling randomness

Temperature adjusts the "confidence" of the model's predictions:

Low temperature (0.1-0.5):  Makes the model more conservative and deterministic

Medium temperature (0.6-0.9):  Balanced creativity and coherence

High temperature (1.0+):  More creative but potentially less coherent

Temperature in Action

Let's see how different temperature values affect the same prompt: "I thought"

# User query 
query = "I thought" 
 
# System prompt 
system_prompt = "Complete the sentence" 
 
# Temperature, range: [0, 2)
# Model Studio default is 0.7
# Experiment default is [0, 1.0, 1.9] 
temp_values=[0, 1.0, 1.9] 

def print_qwen_comparison_temp(query, system_prompt, temp_values, top_p, 
iterations): 
    print(f"Comparing temperature effects (top_p={top_p})") 
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    print(f"{'='*50}\n") 
    print(f"Prompt: '{query}'\n") 
     
    for temp in temp_values: 
        print(f"\n🌡   TEMPERATURE = {temp}") 
        print(f"{'-'*50}") 
         
        for i in range(iterations): 
            time.sleep(1.5) 
            print(f"Output #{i+1}: ", end="") 
            response = get_qwen_stream_response( 
                query,  
                system_prompt,  
                temperature=temp, 
                top_p=top_p 
            ) 
             
            output_content = '' 
            for chunk in response: 
                output_content += chunk 
                print(chunk, end='', flush=True)  # Stream output in real-
time 
            print("\n" + "="*50) 
 
# Example usage with extreme values
if __name__ == "__main__": 
     
    # Test values 
    print_qwen_comparison_temp( 
        query=query, 
        system_prompt=system_prompt, 
        temp_values=temp_values, 
        top_p=0.8,  # Fixed for fair comparison 
        iterations=5 
    ) 

Expected output pattern:

Temperature 0.0:

Completely deterministic outputs with near-identical phrasing across all responses

Minimal variation (only minor word swaps)

Strictly adheres to the most probable continuation of the prompt

Repetitive, formulaic completions with no creative deviation

Temperature 1.0:

Moderate consistency with small variations in structure

Occasional introduction of new elements

Maintains strong alignment with the original prompt while showing slight creativity

Balanced between predictability and subtle diversity

Temperature 1.9:

Highly diverse outputs with significant structural and thematic variation

Frequent creative deviations from the prompt
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Multiple responses repeat or diverge completely

High randomness leads to both novel ideas and loss of coherence

Demonstrates broad creative potential at the cost of consistency

Top_p (nucleus sampling): Focusing on quality options

While temperature adjusts the overall randomness, top_p selects from the most probable tokens:

Low top_p (0.1-0.5):  Only considers the very most likely tokens (very focused)

Medium top_p (0.6-0.9):  Good balance of quality and diversity

High top_p (0.95+):  Includes more unlikely tokens (more creative)

Top_p in action

Let's see how top_p affects responses with fixed temperature (0.7):

# User query 
query = "Describe a bustling city street at rush hour." 
 
# System prompt 
system_prompt = "You are a concise story teller. Provide a 2-sentence 
answer." 
 
# Nucleus sampling (top_p), range: [0, 1]
# Model Studio default is 0.8
# Experiment default is [0.3, 0.7, 0.95] 
top_p_values = [0.1, 0.6, 0.95] 

def print_qwen_comparison(query, system_prompt, temperature, top_p_values, 
iterations): 
    print(f"COMPARING TOP_P EFFECTS (temperature={temperature})") 
    print(f"Prompt: '{query}'") 
    print(f"{'='*50}\n") 
     
    for p in top_p_values:  # Using 'p' to avoid name conflict 
        print(f"\n🎯  TOP_P = {p}") 
        print(f"{'-'*50}") 
         
        for i in range(iterations): 
            time.sleep(1.5) 
            print(f"Output #{i+1}: ", end="") 
            response = get_qwen_stream_response( 
                query,  
                system_prompt,  
                temperature=temperature,  # Using the fixed temperature 
                top_p=p  # Using the current top_p value 
            ) 
             
            output_content = '' 
            for chunk in response: 
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                output_content += chunk 
                print(chunk, end='', flush=True) 
            print("\n" + "="*50) 
 
# Define top_p values FIRST 
 
# Example usage
if __name__ == "__main__": 
    print_qwen_comparison( 
        query=query, 
        system_prompt=system_prompt, 
        temperature=0.7,  # Fixed temperature 
        top_p_values=top_p_values,  # Pass the list of values 
        iterations=3 
    ) 
 

Expected output pattern:

top_p 0.1:

Highly consistent outputs with minimal variation

Conservative language choices

Nearly identical phrasing with only minor differences at the end

Very focused on the most probable word sequences

top_p 0.6:

Moderate variation between outputs while maintaining coherence

More diverse vocabulary and sentence structures

Creative but still relevant descriptions

Balanced approach between focus and diversity

top_p 0.95:

Significant variation in content and structure

Introduction of additional elements not seen in lower settings

More diverse metaphors and descriptive approaches

Maintains relevance while exploring a broader range of possibilities

What's Next?

 1.  Why does Qwenʼs tokenizer split "burnout"  into "burn"  and "out",  while a whitespace

tokenizer treats it as one unit?

A) To reduce the total number of tokens in every sentence

B) To enable subword understanding and handle rare/compound words effectively

C) To make the model faster by skipping punctuation

D) To enforce lowercase-only input

View answer →
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✅  Correct answer:  B) To enable subword understanding and handle rare/compound words effectively

📝  Explanation:

Subword tokenization (like Byte-Level BPE) allows models to understand the internal structure of

words.

This means even if "burnout" wasn't in the training data, the model can still grasp its meaning from

"burn" + "out".

Whitespace tokenization fails on compound words, typos, and rare terms — making subword

strategies essential for robust language understanding.

 2.  What role does the attention mechanism play in helping LLMs identify task sequences like

"need to finish"  or "want to go"?

A) It converts words into vectors using cosine similarity

B) It assigns higher token IDs to urgent tasks

C) It recognizes repeated patterns (e.g., multiple 'to' tokens) and links them to upcoming actions

D) It increases the temperature for more creative scheduling suggestions

View answer →

✅  Correct answer:  C) It recognizes repeated patterns (e.g., multiple 'to' tokens) and links them to

upcoming actions

📝  Explanation:

The attention mechanism learns to associate high-frequency token IDs (like ID 311 for ' to') with

upcoming task-related words.

When it sees a pattern like [ACTION] + 'to' + [TASK], repeated across the sentence, it infers a list of

intentions.

This pattern recognition is how TaskFriend identifies user goals and triggers prioritization logic —

even without explicit keywords.

Takeaways

Tokenization

Tokens are the atomic units of meaning for LLMs — they can be words, subwords, or

symbols.

Subword tokenization (e.g. ,  Byte-Level BPE) outperforms whitespace splitting by handling

rare, compound, or misspelled words (e.g., "burnout" → "burn" + "out").

Whitespace is preserved in tokens (e.g., " gym" vs "gym") to ensure perfect text

reconstruction while still enabling semantic analysis.

Identical tokens receive identical IDs — this repetition creates patterns the model uses to

detect structures like task sequences (e.g., multiple " to" tokens).
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Tokenization is the foundation of all downstream processing — garbage in, garbage out.

Vectorization & Attention:  Where Tokens Become Meaning

Vectorization maps tokens into a high-dimensional space where semantic similarity is

represented as geometric proximity (e.g., “gym”  near “fitness”).

Attention mechanisms dynamically weigh the importance of each token, allowing the model

to focus on key phrases like “report due tomorrow”.

Attention scores reveal what the model considers most relevant — useful for debugging and

improving prompts.

Clusters in vector space (work, wellbeing, urgency) help the model reason about trade-offs

and priorities.

Meaning emerges from context — the same word (e.g., “run”) can activate different regions

depending on surrounding tokens.

Generation:  Crafting the Perfect Response

LLMs donʼt “think”  — they predict the next token based on probability distributions derived

from training data.

Logits → softmax → probabilities is the core generation pipeline; the model samples from

this distribution.

Temperature controls randomness:

Low (0.1–0.5): deterministic, focused

High (1.0+): creative, unpredictable

Top_p (nucleus sampling) limits sampling to the most probable tokens:

Low top_p = narrow, safe choices

High top_p = broader, more diverse outputs

Balancing temperature and top_p is key to generating responses that are both coherent and

contextually appropriate.


