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Where We Left Off

Image generation (continuous): Text generation (discrete):
* continuous pixels, no canonical * discrete tokens
likelihood

e canonical likelihood (cross-entropy)

* sharpness &J likelihood trade-off * autoregressive wins by default —

* diffusion broke the trilemma SO Why was LLM progress so hard?

1 2 3 4 5 6

.
t=T t=3 t=2 t=1 t=0 pred;cted

(noisy) (clean)
time > g . given / generated tokens . next token (predicted)
{ @ Diffusion: 1000s of steps (e.g., 1000) ] { c Autoregressive: T forward passes (one per token) }
All dimensions are updated in parallel at each step. Tokens are generated sequentially.
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The Real Question

* Next-token prediction: Shannon, 1948.
* Transformer: 2017.
* GPT-1(117M): 2018 — fine, but unremarkable.
 ChatGPT: 2022 — changed everything.
Architecture barely changed in those four years. What did?

RLHF

175B params
175B p
1.5B params

175B params
N . .

GPT 1 GPT-2 GPT-3 InstructGPT ChatGPT
2018 2019 2020 2022 2022

Capability tier (qualitative)
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Objectives

By the end of this lecture, you should be able to:

* Explain why cross-entropy has a fundamental lower bound (entropy of
language).

Derive Chinchilla's compute-optimal N / D ratio.

Distinguish pretraining, SFT, and RLHF — what each is for.

Sketch the PPO objective and explain why the KL constraint is essential.

Evaluate whether LLMs “understand” — and what evidence either side has.
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1. Pretraining:
The Autoregressive Engine
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The Setup

* Situation: Terabytes of web text. We want a generative model.

« Complication: Text is discrete. No Gaussian noise. No backprop through
samples.

* Question: What's the simplest objective that turns text into a generative
model?

One objective:

p(next token | context)

I predict, repeat, scale

~10 trillion tokens of
web text + books + code
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Autoregressive Factorization

* Any joint distribution over a sequence factorizes exactly:

T
p(@1, T, ..., &) = | |P($t | T<t)
t=1
Generated = 5 o= e T ) ‘ T R = — ;7 ~ N
text so far | The | The | cat | The cat | sat g The cat | sat | on LThe cat  sat | on the‘
—— J | e ) N J

|

'Model —b{% Model —P{ Model }—P % ModeIJ Lﬁ Model }
(predict next token) >

Next token I ‘ I I I
probabilities m m ‘ = m - m ‘ ‘ - m
cat dog man .. | | sat is was .. .on by in - the a my . mat ﬂoor table
Sampled next = B ( ) ( ( i
token (greedy) | cat sat ‘ on | the | mat |

Joint probability factorization (chain rule):

p(The, cat, sat, on, the, mat) = p(The) - p(cat| The) - p(sat | The cat) - p(on | The cat sat) - p(the | The cat sat on) - p(mat | The cat sat on the)
CS3317



Training Objective: Cross-Entropy

Minimize the negative log-likelihood

over the corpus:

Key positions (columns) —
2 3 4 5 6: e T

Decoder-only Transformer

‘ Output: p(x; | X<¢) ’

T
1
L(O) = =5 > logpo(ws | 21) T
t=1

1
Feed Forward Network (FFN) ; =
Masked Self-Attention X -
Query 4 -
ReFeat 1 B positions
e Standard cross-entropy, summed e ot | = = =
b 6
Ove r p O S It I O n S . Masked Self-Attention : - --.
" Il BB
an atten:

* One forward pass computes all T
loss terms in parallel.

e Trained on ~10'°>-10"° tokens
from the web.

O
-
=3
Q

(allowed) Cannot attend (masked)

sition t can only attend to positions < t ]

P—
50
o
=
o~
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Why Decoder-Only?

Frontier LLMs use decoder-only.

Constraint: Next-token prediction needs no separate encoder — the prefix is
the encoding.

Result: Simpler architecture; every position is a target; unifies understanding +
generation.

Encoder-decoder was an artifact of supervised translation. Pretraining dissolves it.

Encoder-only Encoder-decoder Decoder-only
Bidirectional attention Encoder + decoder Causal attention
Masked LM objective Seqg2seq (translation) Next-token prediction
Used for: classification Used for: text-to-text Used for: generation
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What the Model Actually Learns

Scaling reduces the KL term — the gap
to the true distribution.

What the model is forced to learn:
e Syntax (free, by ~10M params)
 Word semantics, coreference

* Facts (the heavy lifting)

e Reasoning patterns (debated)

Pretraining is information compression.

Compression requires structure.

CS3317

surface

What the model is forced to learn

Predict next token
(the only objective)

v
underneath

E&’@B

</ > Syntax — emerges by ~10M params

Word semantics, coreference
World knowledge, facts
Multi-step reasoning patterns

Translation, code, math (emergent)
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2. Scaling Laws: How Big, How
Much Data?
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The Empirical Surprise (Kaplan 2020)

* Knobs: N (params), D (data), C (compute).

* Discovery: loss falls as a smooth power law in each, over many orders of

magnitude.

AN
L(N) = (W) . ay ~0.076

g ~0.095 a. ~0.076
D N
T2 N\
L(D)as [ == LIN)= | —
(D)~ (= (N = (3
7/ N\ 7 \\
7 N\ 4 N\
7 4.2
6 —— L=(D/5.4-1013)-00% | 5.6 —— L=(N/8.8-10%3)-0.076
3.9
4.8
g’ 36
3 4.0
S
2 3.3 3.2
3
3.0
2.4
L = (Cmin/2.3 - 108)-0.050
2 - - - . 2.7 - . -
o 107 105 10°* 10°' 10! 108 10° 10° 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding
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Kaplan's Recommendation (and Its Bug)

 Kaplanetal. [1]:

model size should grow much faster than data.
 Shaped GPT-3 (175B params, ~300B tokens) and 2 years of frontier models.

GPT-3 was severely under-trained — Kaplan's framework had a bug.

The bug: LR schedule fixed incorrectly across scales.

tokens trained per parameter

=)
o o
L

o

¢4} O
o o o o o
1 1 1 L

N w D w )] ~
o o
I 1

1.7 1.1
GPT-3 Gopher
(2020) (2021)

Chinchilla
(2022)

CS3317 [1] Kaplan et al., "Scaling Laws for Neural Language Models," 2020.

Pre-Chinchilla: severely under-trained. Post-Chinchilla: over-trained for inference.

75.0

Llama-3
(2024)
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The Chinchilla Correction

* DeepMind re-ran with proper LR scheduling per model [2].

 Result: N and D should grow at equal rates. Optimum: ~20 tokens / param.

CS3317

Same compute budget

Gopher

(DeepMind, 2021)

°§o 280B parameters

@ 300B tokens

X under-trained

p

—

Chinchilla

(DeepMind, 2022)

°§o 70B parameters

@ 1.4T tokens

v/ compute-optimal — beats Gopher

[2] Hoffmann et al.,

4% smaller, 4x more data, same compute, better.

Training Compute-Optimal Large Language Models" (Chinchilla), NeurlPS 2022.
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Compute-Optimal Derivation (Setup)

* Total training FLOPs: C=6ND

* Empirical loss (Hoffmann fit):

L(N,D) = E - :
(N, D) Ne ' DP

with a==0.34, E=1.69 (=the entropy floor).

L(N, D) with iso-compute curves and optimal frontier

r3.6

F3.3

r3.0

2.7

2.4

2.1

= compute-optimal frontier <

7 E
T T T T T T T 1 1.8
8.0 8.5 9.0 9.5 10.0 10.5 11.0 11.5 12.0

log1l0 N (parameters)
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Compute-Optimal Derivation (Result)

Lagrangian: minimize L(N, D) subjectto 6 ND =C.

OL/ON N
@L;@D = 5 — Nopt X 005, Dopt X CO'B

Equal exponents. Rule of thumb: D_opt = 20 N_opt.

Want 4x model size? You need 4% data and 16x compute.

Equal-exponent scaling: both N and D grow as vC

= optimal N (parameters)
1259 — optimal D (tokens)

constant ga
(D = 20N)

20 21 22 23 24 25
log10 compute (FLOPs)

CS3317
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CS3317

Think: Plan a Training Run

Compute budget = 10°° FLOPs. Per Chinchilla, what N and D?
Setup: C=6ND, D=20N > N=+(C/120).

N_opt = 29 B parameters.
D_opt = 580 B tokens.

Compare: Llama-2 70B = 2T tokens (~28 / param).

18



3. Alignment: From Pretrained to
Useful
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The Alignment Problem

Situation: A pretrained LLM has memorized the internet.

Complication: [t learned to predict text, not to answer questions.

CS3317

Pretraining gives capability. Alignment gives utility.

Raw pretrained model

Prompt: "How do | make a cake?"

After SFT + RLHF

Prompt: "How do | make a cake?"

And what about cookies?
How do I bake bread?
What's a good recipe for pancakes?

[Forum thread continues with more
questions, no answers...]

- continues the text, doesn't answer

Sure! Here's a basic vanilla cake recipe:

Ingredients:
2 cups flour, 1.5 cups sugar,
3 eggs, 1 cup milk, 1 tsp vanilla...

Steps:
1. Preheat oven to 350°F.
2. Mix dry ingredients...

- recognizes a question, answers it

20



The Three Stages (InstructGPT [3], 2022)

Stage 1: Pretraining Stage 2: SFT Stage 3: RLHF

LW el {pror;é'? _rleg?)if)nse} prl;yerpeannce

web tokens pairs comparisons
> >
. PPO
Next-token Supervised .
S N . against reward

prediction fine-tuning model

- Base LM - Instruction-tuned - Aligned assistant

(text continuator) LM (tries to answer) (useful + safe)
data: text data: demonstrations data: preferences

SFT gives format. RLHF gives quality.

cs3317 [3] Ouyang et al., “Training language models to Follow Instructions with Human Feedback” (InstructGPT), NeurlPS 2022. 21



Reward Model

* Train 7,(x,y) to predict the

CS3317

¥

LRM - <1A(:anwayl)

human-preferred response:

:1Og O‘(T‘¢(CE‘, yw) _ 7”¢(£B, yl))]

Bradley-Terry preference model. vy, =winner, y, = loser.

Response A

Here's a clear,
step-by-step answer.

@ (chosen by human)

Response B

I'm not sure,
maybe try Google.

@ (rejected)

score: +1.8

Reward Model

v (v v)
Fo\“Vs )

score: —0.6

Why preferences? Humans inconsistent at scoring; consistent at comparing.
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PPO (Proximal Policy Optimization) Objective
* Train policy my (the LLM) to maximize:

JO0) = Evyomlrolr,y)] — 8- Kl(mly | 2) || met(y | 7))

Reward term: maximize 7.
KL penalty: stay close to the SFT reference.

r(x,y)

Policy 7 ¢ sample y ,| Outputy

(LLM) (text response)

KL penalty
(B - KL[mg || nref])

TC ref
(SFT, frozen)

CS3317 [4] Schulman et al., “Proximal Policy Optimization Algorithms”, 2017.




Why the KL Term?

JO0) = Evyom|ro(z,y)| — B Kl(mly | 2) || met(y | 7))

Without KL: reward hacking.
* Adversarial completions the RM loves but humans hate.

* KL anchors the policy to the SFT reference. B = trade-off knob.

KL term anchors the policy near the reference

with KL: :
I
\
) .

(4
= True human preference
== Reward model (proxy)

L ref{ init
policy displacement from SFT reference

CS3317
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3. What Are LLMs?
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The Capability Surprise

LLMs trained only on next-token prediction can:

* translate languages, solve novel word problems, write code in rare languages.

These were not designed in — they emerged from scale.

Stochastic Parrots view Genuine Generalization view

CS3317 [5] Bender et al., "On the Dangers of Stochastic Parrots," FAccT 2021.

Memorizes training data (verbatim recall) O
Brittle to small prompt changes ()
Reversal curse: knows A-B but not B»A [ )
Fails arithmetic on out-of-distribution numbers [ )

Hallucinates plausible-but-false facts ®

In-context learning on novel tasks
Compositional generalization to unseen combos
Code synthesis from natural-language specs
Multilingual transfer to low-resource languages

Solves novel logic puzzles (some, not all)

Both columns point to real evidence.
The truth is uncomfortable for both camps.
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In-Context Learning

Discovered with GPT-3 (Brown et al. 2020):
* Learn new tasks from prompt examples — without gradient updates.

The weights don't change. “Learning” happens in the forward pass.

Prompt

(in-context examples)

France - Paris N Canberra
Japan - Tokyo
Brazil - Brasilia
Australia -

(correct!)

CS3317 [6] Brown et al., "Language Models are Few-Shot Learners" (GPT-3), NeurlPS 2020.
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The Frontier

MoE (Mixture-of-Experts): more parameters per FLOP via expert routing.
Long context: 1M+ tokens via ROPE / ALiBi / sparse attention.
Reasoning models (0o1/R1): RL on chain-of-thought.

Agentic LLMs: tool use + planning.

ol
(reasoning)
Mixtral i agentic
(MoE) i  LLMs
1M-token :
GPT-3 : context
: ChatGPT : : : :
2018 2020 2022 2023 2024 2024 2025

Capability scales with both training and inference compute.
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Bridge to L28: Vision-Language Models

LLMs gave us a powerful text reasoner.

How do we give it eyes?

L28 attacks two questions:

* Feed images into a token-native model? (CLIP, ViT patches, projection.)
* Train a model that reasons over images + text? (LLaVA, GPT-4V, Gemini.)

f

User:

VmO—'VVic\/—
V.| "What's wrong
L28

= withe this €irepit?"
[ image: >
circuit diagram |
Vision-Language
Models

Model:

The op—amp's positive input 1is
floating, which means...
. — see L28
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