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Large Language Models

Definition (LLM)

A large language model (LLM) is a deep learning neural network, typically based on
the transformer architecture [1], trained on vast text corpora to learn statistical
patterns in language and generate, comprehend, and manipulate human-like text in
response to input prompts.

Source code is just another kind of text — so the same models that predict the next
English word can predict the next line of a program.
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LLMs Are Transforming Software Development

Inline completion
Copilot, Cursor:

finish the next line or function

Chat assistants
explain, refactor,

write tests, answer questions

Autonomous agents
read a repo, edit files,

run tests, iterate

Review & repair
find bugs, localize faults,

propose fixes
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The Core Idea: Next-Token Prediction

Everything an LLM does reduces to one deceptively simple task:

Given a sequence of tokens, predict the next one.

def is even(n): return n % 2 == → 0

Writing a function, fixing a bug, holding a conversation — all of it emerges from
doing this one thing, over and over, with a model trained on enough data.
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From Text to Tokens

A model never sees letters or whole words — it sees tokens: frequent chunks of text,
each mapped to a number.

The token izer splits text

The tokenizer splits textwords

tokens

Common words are a single token; a rarer word like tokenizer splits into subword
pieces — so the model can spell out anything.
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Byte-Pair Encoding: Learning the Vocabulary

Where do tokens come from? BPE [2] starts from characters and repeatedly merges
the most frequent adjacent pair.

a a a b a a a b

Z a b Z a b

Z Y Z Y

X X

characters

merge aa→ Z

merge ab→ Y

merge ZY→ X

Frequent sequences collapse into single tokens. A vocabulary of ∼100k tokens
balances short sequences against rare words.
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Autoregressive Generation

The model maps the tokens so far to a guess for the next one, then feeds its own
output back in and repeats — this is what autoregressive means.

tokens so far

The children

ran to the

LLM
next token

playground

append & repeat

Formally, the probability of a whole sequence factors into one next-token decision
after another:

P(x1, . . . , xT ) =
T∏
t=1

P
(
xt | x1, . . . , xt−1

)
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The Output Is a Probability Distribution

At each step the model does not pick a single word — it assigns a probability to
every possible next token.

We then choose one: take the most likely token (greedy), or sample from the
distribution for more variety.
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Temperature: Controlling Randomness

Temperature T rescales the scores before they become probabilities:

P(xi ) =
exp(zi/T )∑
j exp(zj/T )

low T : peaked
safe, repetitive

high T : flat
diverse, creative

For code: low T for a single, careful answer; high T when sampling many candidates
(we will see why with Pass@k).
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The Context Window

The model reads a fixed-size budget of tokens at once — its context window.
Everything it knows for this query lives inside it.

system conversation retrieved code output. . .

fixed size (thousands to millions of tokens)

Anything outside the window is invisible; cost grows with length — which is why
fitting the right code in matters.
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How LLMs Are Trained: Three Stages

Pre-training

next-token on

trillions of tokens

Supervised
fine-tuning

instruction data

Alignment / RL

human or

verifiable rewards

base model assistant aligned / reasoner

Pre-training builds broad knowledge and language; the post-training stages teach
the model to follow instructions and behave the way we want.
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Data Collection

FineWeb [3] is a dataset of 15-trillion tokens (44TB disk space) of text collected
from the internet.

The Stack 2 [4] adds 900B tokens (32TB) across 600+ programming languages. Raw
data is heavily filtered and deduplicated — quality matters as much as quantity.
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Pre-training: Learning by Prediction

Slide a window over the corpus; at every position the model predicts the next token.
The true token is the label — no humans needed (self-supervised).

The children ran to the | playground.

Training nudges the weights to raise the probability of the correct token and lower
the rest.

04834580 Software Engineering (Honor Track) 2025-26 / LLMs for Code 13 / 43



The Result: A Base Model

Pre-training yields a base model — a superb text completer, but not yet a helpful
assistant.

▶ Ask it a question and it may reply with more questions — it continues patterns,
it does not “answer.”

▶ Yet broad skills have emerged: translation, arithmetic, coding — none explicitly
taught.

▶ It can even learn a task from the prompt alone, with no weight updates:
in-context learning.
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In-Context (Few-Shot) Learning

LLMs extract a pattern from a few examples in the prompt and generalize — with
no retraining [5].

Prompt

This is awesome! // Negative
This is bad! // Positive
Wow that movie was rad! // Positive
What a horrible show! //

Response

Negative

(The labels are deliberately flipped — the model follows the demonstrated mapping, not its

prior.)
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Post-training: Supervised Fine-Tuning

Fine-tune the base model on (instruction, response) pairs to create an assistant.
Data may be human-written or synthetic, e.g. Magpie [6].

A chat template marks roles (system / user / assistant), teaching the model when
it is its turn to speak.
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Alignment: Learning from Preferences

SFT shows the model good answers; alignment teaches it which answers people
prefer.

▶ RLHF [7]: humans rank outputs; a reward model learns those rankings; the
LLM is optimized to score well.

▶ DPO [8]: a simpler recipe that learns directly from preference pairs.

The goal: more helpful, honest, and harmless behaviour. This is what turns a
capable text engine into a usable assistant.
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Chain-of-Thought (CoT) [10]

Letting the model show intermediate steps sharply improves multi-step reasoning.
Zero-shot-CoT [9] triggers it by simply adding “Let’s think step by step.”
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Why Does Thinking Out Loud Help?

hard problem small steps,
one at a time

answer

Each generated token is another pass through the network — so a longer chain
literally buys the model more computation to reach an answer, and writes
intermediate results into the context to reuse later.

Quality now depends on test-time compute, not just training compute.
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Self-Consistency

Sample many reasoning paths, then take a majority vote [11]: routes that agree are
more likely correct.

problem

path 1 → 9

path 2 → 9

path 3 → 7

vote ⇒ 9

Spend extra compute at inference time to buy accuracy.

04834580 Software Engineering (Honor Track) 2025-26 / LLMs for Code 20 / 43



From Prompting to Trained Reasoners

CoT and self-consistency are prompting tricks. Newer reasoning models (OpenAI
o1, DeepSeek-R1) are trained to reason on their own.

▶ They generate a long internal “thinking” trace — exploring, checking,
backtracking — before the final answer.

▶ The thinking happens automatically; the user need not ask.

▶ More thinking generally means higher accuracy on hard math, logic, and coding.
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RL with Verifiable Rewards

How do you train a model to reason well? For math and code, the answer can be
checked automatically.

model attempts
a problem

run tests /
check answer

reward if correct

reinforce

DeepSeek-R1 [12]: large-scale RL on verifiable problems elicits long chains of
thought and self-checking — no step-by-step human supervision. (Contrast RLHF,
whose reward is learned human preference.)
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What Makes a Code Model?

Same architecture — the data and objectives are tuned for code.

▶ Trained on huge code corpora (The Stack v2 [4]), mixed with natural-language
text.

▶ Learns syntax, idioms, and APIs across hundreds of languages; the text keeps it
able to read issues and explain its code.

▶ Special objectives match how code is edited, not just read top-to-bottom —
next slide.
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Fill-in-the-Middle (FIM)

In an editor you usually complete code in the middle of a file — there is text both
before and after the cursor. A left-to-right model cannot use the suffix.

prefix middle suffixfile:

<PRE> prefix <SUF> suffix <MID> middletrain:

Trick [13]: during training, move the middle to the end with special tokens. The
model still predicts left-to-right, but now conditions on both sides — powering IDE
completion.
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Beyond One File

Real code does not live in a single file. To edit correctly, a model needs the right
surrounding context placed into its window:

▶ Retrieval (RAG) — search the codebase for relevant definitions, usages, and
tests.

▶ Structure-aware prompts — imports, type signatures, neighbouring functions.

▶ Instruction tuning for code — OSS-Instruct / Magicoder [14] turns real
snippets into realistic (problem, solution) training pairs.
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Pass@k: The Intuition

Let the model generate k independent solutions, then run each against the hidden
tests. The problem counts as solved if at least one passes.

coding
problem

solution 1

solution 2

solution 3

solution 4

é

Ë

é

é

tests

solved!

One of four works, so this problem is solved at k = 4 — though it would fail at
k = 1, since the first attempt was wrong.
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Evaluating Code Models: Pass@k

Pass@k averages this over many problems: generate k samples per problem and
count it solved if any sample passes the tests [15].

Pass@k = E

[
1 −

(
n−c
k

)(
n
k

) ]

where n samples are generated and c of them pass. Pass@1 reflects single-shot
quality; higher k rewards a diversity of attempts.
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Temperature vs Pass@K [15]

Low temperature wins for a single sample (Pass@1); higher temperature wins as k
grows, because diverse samples cover more of the solution space.

04834580 Software Engineering (Honor Track) 2025-26 / LLMs for Code 28 / 43



Benchmarks, and From Models to Agents

HumanEval / MBPP [15]: short self-contained functions. SWE-bench [16]: real
GitHub issues — patch a repo until its tests pass.

Plan / reason
Act:

read, edit,
run, search

Observe
results

An agent loops the model with tools and verifiable feedback (the tests) — the
engine behind today’s SWE-bench leaders.
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Ambiguous Natural Language Requirements

A function that takes a list of integers as an input. It returns True if there
are three distinct elements in the list that sum to zero, and False otherwise.

distinct

different values different indexes
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Which Interpretation GPT-3.5-Turbo Chooses? — Both.

Prompt

A function that takes a list of integers as an input. It returns True if there are three distinct elements in the
list that sum to zero, and False otherwise.

Response

if len(l) < 3 or len(set(l)) < 3:
return False

for i in range(n-2):
for j in range(i+1, n-1):

for k in range(j+1, n):

if l[i]+l[j]+l[k]==0:
return True

return False
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Sampling Reveals the Model’s Uncertainty

Generation is probabilistic: ask the same ambiguous prompt many times and watch
how the answers spread.

ambiguous
prompt

len(set(l))

distinct values (×3)

i < j < k

distinct indices (×2)

...

mixed / buggy (×1)

All answers mean the same thing ⇒ confident. Answers split across different
meanings ⇒ uncertain — a red flag that the spec is ambiguous.
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Entropy: How Spread Out Is the Distribution?

Entropy turns “how spread out” into one number — the average surprise of an
outcome:

H(p) = −
∑
y

p(y) log p(y)

one answer dominates
low entropy (confident)

many plausible answers
high entropy (uncertain)

A sure thing carries no surprise (H = 0); a coin flip carries one bit. Spread belief
over many conflicting answers and entropy is high.
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Measure Uncertainty Over Meanings, Not Words

Taking the entropy of raw token sequences is misleading — the same behaviour can
be written in countless ways:

total += x

total = total + x

total = x + total

same meaning

Different text, identical effect. So first group answers by what they do (e.g. run
them and compare behaviour), then measure spread across the groups.
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When Are Two Programs “the Same”?

Grouping answers by meaning needs a notion of program equivalence.

Definition (Observational equivalence)

Two programs are equivalent if they produce the same output for every input.

def f(x): return x*2

def g(x): return x+x

same output on
every input f ≡ g

But deciding this exactly is undecidable (Rice’s theorem). In practice we
approximate ≡ by running both programs on a set of inputs and comparing
behaviour — exactly how the meaning-classes are formed.
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Measuring Code Generation Uncertainty

Semantic entropy [17]: cluster the sampled answers into meaning-classes, then take
the entropy over the classes.

Definition (Semantic Entropy, Kuhn et al. 2023)

Let m be an LLM, ≡ a semantic equivalence relation over responses, and m≡ the
induced distribution over equivalence classes. The semantic entropy is

SE(m≡( · | x)) ≜ −
∑
y

m≡(y | x) logm≡(y | x).

m≡(y | x) is the probability the model produces meaning y . High SE = the model is
genuinely torn ⇒ flag the ambiguous spec, ask for clarification, or distrust the code.
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Limitations and Risks

Treat generated code like a junior contributor’s pull request — always review, test,
and verify.

▶ Hallucination — confidently invents nonexistent APIs.

▶ Subtle bugs — plausible code that is off-by-one or mishandles edge cases.

▶ Security — may reproduce vulnerable patterns; exposed to prompt injection.

▶ Licensing & stale knowledge — output may echo training code; frozen at the
cutoff.
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