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Why Transformers: Next Token Prediction

Key Question

What’s the next token of the “other”?

To this end, we need to model context, i.e., correlation between words.

The context was modeled by other models, including CNN and RNN, but they have many
limitations

Other Reasons:

Parallelizable – enables to use GPUs efficiently

Scalable – enable to increase model parameters (as long as you have money)
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Birth of Transformer

A ground-breaking architecture that transforms a set of
vectors in one space to a set of vectors in another space
with the same dimensionality, proposed by Google
[Vaswani et al., 2017].

Good Properties:

✓ Follows neural scaling law (e.g., GPT-2 paper)

✓ Easy for parallel processing
✓ Easy to learn (self-supervised learning)

We focus on “decoding-only” in this class.
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Key Concept: Attention

The concept of attention is originated from Bahdanau, Cho, and Bengio (2014).
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Attention with Examples

The attention is a mechanism to select a proper part of a context.
▶ Attention changes depending on previous tokens (e.g., swam → bank v.s. walked → bank).
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Transformer Layer
A transformer (layer) maps a set of vectors to a set of vectors, i.e.,

X̃ = TransformerLayer[X],

where it consists of two key components:

attention mechanism
feature transform
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Attention Coefficient

Attention Mechanism 1

yn =
N∑

m=1

anmxm,

where anm is an attention coefficient. Here, xm can be “river” representation and yn can be
“bank” representation.

An output of the attention is modeled by the convex combination of inputs, i.e.,
▶ anm ≥ 0
▶

∑N
m=1 anm = 1

✓ Attend to related inputs to represent the output.

✗ Attention coefficients are not adaptive.
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Self-attention

Attention Mechanism 2

yn =
N∑

m=1

anmxm, where anm =
exp(xTn xm)∑N

m′=1 exp(x
T
n xm′)

where anm is an attention coefficient.

Construct weighting coefficients from inputs.
✓ Attention coefficients are now adaptive.

▶ The inner product measures correlation between two input tokens.

✗ Attention coefficients are not learnable.

Note that we will use the vector representation of the attention, i.e.,

yn =
N∑

m=1

anmxm → Y = Softmax[XXT ]X,

where X,Y ∈ RN×D .
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Parameterization

Attention Mechanism 3

The parameterization X̃ := XU converts

Y = Softmax[XXT ]︸ ︷︷ ︸
attention coefficient

X into Y = Softmax[XUUTXT ]︸ ︷︷ ︸
attention coefficient

XU.

Apply a parameterized linear transformation of inputs.

✓ Attention coefficients are learnable.

✗ Attention coefficients are symmetric.
▶ (the attention from i-th token to the j-th token) ≈ (the attention from the j-th token to the

i-th token) → strong assumption or less degree of freedom.

11 / 43



Query, Key, and Value

Attention Mechanism 3

Convert Y = Softmax[XUUTXT ]XU into Y = Softmax[QKT ]V,

where W(q),W(k) ∈ RD×Dk , W(v) ∈ RD×Dv , Q := XW(q), K := XW(k), and V := XW(v).

Consider three parameterized linear transformations of inputs (often Dv = D).

✓ Attention coefficients are asymmetric.

✗ The attention module has a gradient vanishing problem.
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Intuition behind the Query, Key, and Value Naming

They are terms from Information Retrieval.
▶ Key K or km: a transformed input xm to summarize the input xm
▶ Value V or vm: a transformed input xm to construct the output yn
▶ Query Q or qn: a transformed input xn to summarize the input xn
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Scaled Self-attention

Attention Mechanism 4

Y = Attention(Q,K,V) := Softmax

[
QKT

√
Dk

]
V

Rescale the product of query and key vectors.

✓ Partially avoid gradient vanishing – make the attention stable
(= not sharp = not overconfident)

✗ Attend to a single data-dependent pattern.
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Multi-head Attention

Consider multiple attention patterns by stacking.
✓ Attend to multiple data-dependent patterns.

▶ e.g., “straight edge”, “curve”, or “stripe” patterns in CNNs

✗ Still (mostly) linear model and still suffers from gradient vanishing.
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Transformer Layer

Add a non-linear layer, residual connections, and layer norm.

✓ Non-linear model robust to gradient vanishing.
✗ A transformer is “equivariant” with respect to input tokens.

▶ (The food was bad, not good at all) =Transformer (The food was good, not bad at all)
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Positional Encoding

positional encoding

x̃n = xn + rn

Add position encoding vectors.

✓ Now our transformer is position-aware.
▶ (The food was bad, not good at all) ̸=Transformer (The food

was good, not bad at all)

? Can this encoding corrupt an input?
▶ probably not as rn is likely to be orthogonal to the input xn in

a high dimensional space.
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Scaling Up

Just stack transformer layers
▶ Possible? Yes as (input dim.)=(output dim.)
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Decoder-only Models
We focus on decoder-only models.
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Decoder-only Models: Implementation
Use masked transformer layers.
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Large Language Models

The transformer is the key part in understanding large language models (LLMs), including the following
components:

Tokenizer – how to convert words or tokens into vectors?

Decoding Methods – how to generate tokens from LLMs?

Next token prediction – how to learn LLMs?

Low-Rank Adapter – how to learn LLMs efficiently?
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Tokenizer

Question
How to split text into a set of tokens? Or equivalently, how to build

1 an encoder (i.e., a map from text to token ids) and

2 a decoder (i.e., a map from token ids to text)?

“token”: a minimal unit to represent text.

What could be a good tokenizer? We can split text by space characters.

But, this is not a necessarily best way.

▶ a sub-string in a word may (e.g., “re”) reappear in other words.
▶ thus, split-by-word may not minimize the number of total tokens.

What are good necessary properties?

1 reversible: convert tokens back into the original text
2 universal: works for any text
3 compressible: a tokenized sequence should be smaller than the original text in bytes
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tiktoken

tiktoken is the OpenAI’s main tokenizer library.

tikotken is used in other models, including Llama 3, Mistral, Qwen.

This is a variant of byte-pair encoding (BPE).
▶ What is BPE? An algorithm for encoding strings of text into smaller strings by creating and

using a translation table – check out Wikipedia.

This provides the encoder and decoder:
▶ encoder : str→ list[int]
▶ decoder : list[int]→ str
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Token Embedding Map I

Question

How does each token represented in a vector space (or a “model” space)?
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Token Embedding Map II

Token-Embedding-Map : int→ RD : a map from token id to a vector.

The token embedding map is part of model definitions.

Here, the token embedding vectors (i.e., a set of vectors from each token id) are learnable
parameters.
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Language Model Head

Question
How to generate tokens?

The language model(LM) head is a softmax classifier header with tokens as class labels.

How to choose one token from the distribution over tokens?
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Decoding Methods
Let p(yt | x , y1:t−1) be a distribution over next tokens from the LM head given previous tokens
(x , y1:t−1), where f (x , y1:t−1) returns a logit vector over tokens and

p(yt | x , y1:t−1) := softmax (f (y | x , y1:t−1))

1 Stochastic Methods

1 Multinomial Sampling:
yt ∼ Multi(p(yt | x , y1:t−1))

2 Multinomial Sampling with temperature scaling:

yt ∼ Multi

(
softmax

(
f (y | x , y1:t−1)

T

))
,

where T is a temperature parameter.

2 Deterministic Methods

1 Greedy Decoding:
yt = argmax

y
p(y | x , y1:t−1)

28 / 43



Self-Supervised Learning: Overview

Self-Supervised Learning is unsupervised learning where it could “self-generate” labels and
cast the task into supervised learning (e.g., [Gidaris et al., 2018])

29 / 43



Learning to Predict Next Tokens

Next Token Prediction (NTP)

Given a sequence x1, x2, . . . , xT , suppose that we observe a sub-sequence x1, x2, . . . , xt . The
goal of the next token prediction is to predict the next token x̂t+1 where the supervision xt+1

is obtained from the original sequence.

Essentially NTP is classification.
▶ Predict x̂1 given nothing.
▶ Predict x̂2 given x1.
▶ Predict x̂3 given (x1, x2).
▶ . . .

Scalable
▶ NTP is applicable to many modalities, including text, image, and video.

Learning objective (on a single text sequence):

min
θ

−
T∑
t=1

ln pθ(xt | x<t)
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Low-Rank Adaptation (LoRA)
Full-finetuning is memory intensive; how to efficiently tune LLMs?

LoRA is special parameterization of Transformer.

It adds adapters to attention layers (e.g., key, query, and value weights):

Ŵ = W0 + AB

Memory usages for learning:
▶ full-finetuning: W0 is updated, thus need D2 space for one forward pass.
▶ LoRA: AB is updated, thus need 2DR space for one forward pass.
▶ 2DR ≪ D2 if R ≪ D; thus LoRA is memory-efficient than full-finetuning.
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Large Reasoning Models

Question
How to recall relevant knowledge from parametric knowledge?

LLMs have deep and wide knowledge.

How to recall question-related knowledge?

We will briefly see the following two seminal papers.

1 LLMs have reasoning capabilities! – Chain-of-Though
2 The magic secrete is revealed by DeepSeek – DeepSeek-R1-Zero

AI security view: reasoning may help or mitigate to generate harmful responses.
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Chain-of-Thought [Wei et al., 2023]

This paper demonstrates the efficacy of reasoning – open-up possibilities on reasoning!

✗ needs few-shots with reasoning
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DeepSeek-R1-Zero [Guo et al., 2025]

The first performant open source reasoning models.

From a question, it generates reasoning, followed by answers.

Your model may have reasoning capabilities – check out reasoning options or start generation with
a reasoning tag.
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Retrieval-Augmented Generation (RAG)

Question
How to generate up-to-date knowledge from LLMs?

LLMs embed parametric knowledge.

But, the parametric knowledge is fixed.

We need ways to exploit new knowledge from LLMs – RAG!

AI security view: the knowledge can be contaminated.
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The Standard RAG [Lewis et al., 2020]

RAG procedure for question-answering:

1 Given a question q
2 Retrieve related context passages c1, . . . , ck
3 Generate an answer given the context passages, i.e., p(yi | q, c1, . . . , ck , y1:i−1)
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Conclusion

We overview famous generative models, including

▶ transformers
▶ LLMs
▶ LRMs
▶ RAG

Injecting adversarial inputs to these generative models leads to safety-critical results (e.g., harmful
responses).

How to attack these generative models?
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Yih, T. Rocktäschel, et al. Retrieval-augmented generation for knowledge-intensive nlp
tasks. Advances in neural information processing systems, 33:9459–9474, 2020.

42 / 43

http://dx.doi.org/10.1038/s41586-025-09422-z


Reference III

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and
I. Polosukhin. Attention is all you need. Advances in neural information processing systems,
30, 2017.

J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F. Xia, E. Chi, Q. Le, and D. Zhou.
Chain-of-thought prompting elicits reasoning in large language models, 2023. URL
https://arxiv.org/abs/2201.11903.

43 / 43

https://arxiv.org/abs/2201.11903

	Introduction
	Transformer
	Large Language Models
	Large Reasoning Models
	Retrieval-Augmented Generation
	Conclusion
	References

