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“Structure AwaRe moDellng for Natural LanguagE”

https://sardine-lab.github.io/

We do research in NLP, LLMs, sparsity, long-context efficiency, ...
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9 Years Ago: Transformers at LxMLS 2017

Published in ArXiv on June 12, 2017...
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http://lxmls.it.pt/2017/?page_id=65
https://www.youtube.com/watch?v=OqMYm874pCc&list=PLToLj8M4ao-fuRfnzEJCCnvuW2_FeJ73N&index=3

9 Years Ago: Transformers at LxMLS 2017

Published in ArXiv on June 12, 2017...

... presented at LxMLS on July 21 by Fernando Pereira:

slides & video
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http://lxmls.it.pt/2017/?page_id=65
https://www.youtube.com/watch?v=OqMYm874pCc&list=PLToLj8M4ao-fuRfnzEJCCnvuW2_FeJ73N&index=3

Outline

Transformers
B The Attention Mechanism
m The Transformer Architecture
m Handling Long Contexts
m What's Next?
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What You've Learned So Far

v' Linear models

v’ Feedforward neural networks

v" Recurrent neural networks
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What You've Learned So Far

v' Linear models

v' Feedforward neural networks

v" Recurrent neural networks

RNNs are suitable for modeling sequences as they carry state information.

m Many improved variants: GRUs, LSTMs, Mamba, DeltaNet, ...
m All these have carry “fixed-size” memory in their state.
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What You've Learned So Far

v' Linear models

v' Feedforward neural networks

v" Recurrent neural networks

RNNs are suitable for modeling sequences as they carry state information.

m Many improved variants: GRUs, LSTMs, Mamba, DeltaNet, ...
m All these have carry “fixed-size” memory in their state.

Today: models with nonparametric associative memory.
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What is an Associative Memory?

m A memory paradigm inspired by the way the brain stores and retrieves
information.

m It allows data retrieval based on content rather than explicit physical
addressing.

m Content-based recall: In the brain, seeing or hearing a partial cue can
trigger the recall of associated memories.
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Hopfield Networks (amari, 1972; Hopfield, 1982)

One of the earliest neural network designed to model associative memory.

m Named after John Hopfield, an American physicist and neuroscientist.
m Based on older ideas by Shun’ichi Amari in the 70s.

m Inspired by associative memory in the human brain.

m Stores and recalls patterns, making it useful for pattern recognition.
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ENERGY LEVEL

Hopfield Networks as Associative Memories

INPUT PATTERN

When the trained network is 00000000000
fed with a distorted or

incomplete pattern, it can
be likened to dropping a
ball down a slope in this

landscape.

Memories are stored
in a landscape

John Hopfield’s associative memory stores
information in a manner similar to shaping a
landscape. When the network is trained, it
creates a valley in a virtual energy landscape
for every saved pattern.
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Hopfield Networks (amari, 1972; Hopfield, 1982)

Networks of D units, fully connected.
m Memory patterns X = [xi, ..., x,] € {#1}"*¢
m Query q € {+1}¢
m Energy function £(q) = —3 | Xq||?

m Hopfield dynamics:
qr+1 = sign(X' X qv)
=W

m Patterns are stored in the memory by computing the network
parameters W = X T X € R4xd

m Memory patterns become attractors.
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Hopfield Networks

Let's try to memorize some LxMLS speakers!

A ﬁ 1..\
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Hopfield Networks

Let's try to memorize some LxMLS speakers!
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Hopfield Networks

Let's try to memorize some LxMLS speakers!
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Hopfield Networks

Let's try to memorize some LxMLS speakers!
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Hopfield Networks

Let's try to memorize some LxMLS speakers! Works pretty well.
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Hopfield Networks

What if we try with all the speakers?
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Hopfield Networks

What if we try with all the speakers?
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Hopfield Networks

What if we try with all the speakers? Doesn’t work due to interference.
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Hopfield Networks

Classical Hopfield networks have a very small memory capacity: at most
~ 0.14d patterns can be memorized.

They are a bit like linear transformers (more later).

We can modify the energy function to increase memory capacity, making it
nonparametric.

“Modern” Hopfield networks do this: they are nonparametric like
attention-based transformers.

(Ramsauer et al., “Hopfield Networks is All You Need”, ICLR 2020)

https://ml- jku.github.io/hopfield-layers/
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Outline

Transformers

m The Attention Mechanism
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RNNs as Seq-to-Seq Models (sutskever et al., 2014)

An encoder RNN to encode the source sentence as a vector...

£

/ love  Lisbon  (EOS)

(Sutskever et al., “Sequence-to-Sequence Learning with Neural Networks”, NeurlPS 2014)
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RN NS as Seq'tO'Seq MOdeIS (Sutskever et al., 2014)

An encoder RNN to encode the source sentence as a vector...

... a decoder RNN to decode the target sequence autoregressively.

Adoro  Lisboa (EOS)

N

/ love  Lisbon (EOS)  Adoro  Lisboa

(Sutskever et al., “Sequence-to-Sequence Learning with Neural Networks”, NeurlPS 2014)
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Limitations of RNNs

Sentence length is unbounded but vectors have finite capacity.

Adoro  Lishoa (EOS)

—e0ee)
—eeee)

/ love  Lisbon  (EOS)  Adoro  Lisboa
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Limitations of RNNs

Sentence length is unbounded but vectors have finite capacity.

bottleneck —\

Adoro

T

I love Lisbon

(EOS)
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Limitations of RNNs

Sentence length is unbounded but vectors have finite capacity.

bOttleneck—\Ad;ro Lisboa (EOS)

/ love  Lisbon | (EOS) | Adoro  Lisboa

“You can’t cram the meaning of a whole %&%@#
sentence into a single $@&# vector!” (Ray Mooney)
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Solution: Attention Mechanism (sahdanau et al,, 2015)

Encode sentences as matrices, not vectors!

m Fixed number of rows, but number of columns depends on the number

of words
m Then, before generating each word in the decoder, use an attention
mechanism to condition on the relevant source words only.

This was proposed in a seminal paper in 2015 and opened the door for
transformer architectures in 2017.

(Bahdanau et al., “Neural MT by Jointly Learning to Align and Translate”, ICLR 2015)
(Sukhbaatar et al., “End-to-End Memory Networks”, NeurlPS 2015)
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RNNs With Attention (Bahdanau et al., 2015)

hi hy hz

m Encoder states
hy,....h,

I love Lisbon
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RN NS With Attention (Bahdanau et al., 2015)

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon  (EOS)
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RN NS With Attention (Bahdanau et al., 2015)

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon  (EOS)
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RN NS With Attention (Bahdanau et al., 2015)

m Attention probabilities

p = softmax(s)
P1 P2 P3

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon  (EOS)
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RN NS With Attention (Bahdanau et al., 2015)

m Weighted sum of
encoder states:

27:1 pihi

m Attention probabilities

1 p = softmax(s)
p1 P2 P3X,
| |

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon  (EOS)
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RN NS With Attention (Bahdanau et al., 2015)

m Weighted sum of
encoder states:

n
Adoro Zi:l pih;

m Attention probabilities
p = softmax(s)

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon  (EOS)
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RN NS With Attention (Bahdanau et al., 2015)

m Weighted sum of
encoder states:

27:1 pihi

m Attention probabilities
p = softmax(s)

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon (EOS)  Adoro
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RN NS With Attention (Bahdanau et al., 2015)

love

André Martins (IST)

Lisbon

(EOS)

Adoro

Transformers & LLMs

Weighted sum of
encoder states:

27:1 pihi

Attention probabilities
p = softmax(s)

Attention scores

s1,..., 5, obtained by
comparing q; with each
h;

Decoder state q;

Encoder states
hy,....h,




RN NS With Attention (Bahdanau et al., 2015)

m Weighted sum of
encoder states:

n
Lisboa > i1 Pihi

m Attention probabilities
p = softmax(s)

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon (EOS)  Adoro
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RN NS With Attention (Bahdanau et al., 2015)

m Weighted sum of
encoder states:

(EOS) Yy pihi

m Attention probabilities
p = softmax(s)

m Attention scores
s1,..., 5, obtained by
comparing q; with each
h;

m Decoder state q;

m Encoder states
hy,....h,

/ love  Lisbon {(EQOS) Adoro Lisboa
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Example: Machine Translation

agreement
European
Economic
Area

was
signed

in
August
1992
<end>

[}
=
=

L
accord

on
the

sur
la

zone
économique
européenne
a

été

signé
en

aolt
1992

<end>

(Bahdanau et al., “Neural MT by Jointly Learning to Align and Translate”, ICLR 2015)
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Example: Caption Generation

Attention over images:

=

A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor. A stop sign is on a road with a
—_— —_— mountain in the background,

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water, trees in the background.

(Slide credit to Yoshua Bengio)
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Attention Mechanism: Wrapping It Up

We have a query vector q (e.g. the decoder state)

We have input vectors H = [hy, ..., h,,]T (e.g. one per source word)
We compute association scores sy, ..., s, by “comparing” g and H
B We convert these scores to probabilities:

p = softmax(s)

We use this to output a representation as a weighted average:

n
c=H'p= Zpihi
i—1
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Attention Mechanism: Wrapping It Up

We have a query vector q (e.g. the decoder state)

We have input vectors H = [hy, ..., h,,]T (e.g. one per source word)
We compute association scores sy, ..., s, by “comparing” g and H
B We convert these scores to probabilities:

p = softmax(s)

We use this to output a representation as a weighted average:
n
c=H'p= Z pihi
i=1

Let’s take a closer look.
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Association Scores

Several ways of “comparing” a query g and an input (“key”) vector h;:

m Additive attention (Bahdanau et al., 2015):
si = u' tanh(Ah; + Bq)
m Bilinear attention (Luong et al., 2015):
si=q' Uh,

m Dot product attention (particular case of bilinear attention; queries and
keys must have the same size):

si=q' h,

The last two are easy to batch for multiple queries and multiple keys.
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Keys and Values

The input vectors H = [hy, ..., h,]" appear in two places:

m They are used as keys to “compare” them with the query vector g to
obtain the association scores

m They are used as values to form the weighted average c = H'p

André Martins (IST) Transformers & LLMs



Keys and Values

The input vectors H = [hy, ..., h,]" appear in two places:

m They are used as keys to “compare” them with the query vector g to
obtain the association scores

m They are used as values to form the weighted average c = H'p

To be fully general, they don’t need to be the same—we can have:
m Akey matrix K = [ki, ..., k,]|T € R

m Avalue matrix V = [vy,...,v,] € R™xd
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Attention as a Fuzzy Lookup Table

Lookup table: a table of keys that  Attention: The query matches to all

map to values. The query keys softly to a weight between 0 and
matches one of the keys, 1. The keys' values are multiplied by
returning its value. the weights and summed.

keys values keys values Weighted

Sum
- vi k1 vi
k2 v2
Query b V2 query output
k3 v3 —
d © v3 d z
output m m
%
d Vi —> v4
k5 v5
e v5

(Credits: Dangi Chen)
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Attention Mechanism: More General Version

We have a query vector q (e.g. the decoder state)

We have key vectors K = [ki, ..., kn] T € R
and value vectors V = [vy, ..., v,] T € R"*%
(one of each per source word)

Compute query-key association scores sy, ..., s, comparing q and K
B We convert these scores to probabilities:
p = softmax(s)

We output a weighted average of the values:

n
c= VTp = Zp,-v,- € R
i=1
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Next: Self-Attention

m So far we talked about contextual attention—the decoder attends to
encoder states (this is called “input context”)

m Attention allows focusing on an arbitrary position in the source
sentence, shortcutting the computation graph;

m But if attention gives access to any state...

... do we really need the RNN?
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Next: Self-Attention

m So far we talked about contextual attention—the decoder attends to
encoder states (this is called “input context”)

m Attention allows focusing on an arbitrary position in the source
sentence, shortcutting the computation graph;

m But if attention gives access to any state...
... do we really need the RNN?

m Alternative: self-attention—at each position, the encoder attends to
the other positions in the encoder itself

m Same for the decoder.

André Martins (IST) Transformers & LLMs



Self-Attention Layer

Query vectors Q = [qy, ..., q,] " € R™*%
Key vectors K = [ky, ..., kn]T € R"™<dk
Value vectors V = [vy,...,v,]" € R"™xdv
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Self-Attention Layer

Query vectors Q = [qy, ..., q,] " € R™*%
Key vectors K = [ky, ..., kn]T € R"™<dk
Value vectors V = [vy,...,v,]" € R"™xdv

B Compute query-key association scores “comparing” Q and K, e.g.,

S=QK'™ e rR™" (dot-product attention)
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Self-Attention Layer

Query vectors Q = [qy, ..., q,] " € R™*%
Key vectors K = [kq,.. ., k,,]T € Rk
Value vectors V = [vy,...,v,]" € R"™xdv

B Compute query-key association scores “comparing” Q and K, e.g.,
S=QK'™ e rR™" (dot-product attention)
H Convert these scores to probabilities (row-wise):

P = softmax(S) € R™"

André Martins (IST) Transformers & LLMs



Self-Attention Layer

Query vectors Q = [qy, ..., q,] " € R™*%
Key vectors K = [kq,.. ., k,,]T € Rk
Value vectors V = [vy,...,v,]" € R"™xdv

B Compute query-key association scores “comparing” Q and K, e.g.,
S=QK' cR"™" (dot-product attention)
H Convert these scores to probabilities (row-wise):
P = softmax(S) € R"™"
A Output the weighted average of the values:

Z = PV = softmax(QK ") V € R4V,
| ———_
P
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Self-Attention
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(Vaswani et al., “Attention is All You Need”, NeurIPS 2017)

Transformers & LLMs
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Outline

Transformers

m The Transformer Architecture
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Transformer (vaswaniet al, 2017)

Key idea: instead of RNNs, use
self-attention in the encoder

Each word state attends to all the

other words

Each self-attention is followed by a

feed-forward transformation
Do several layers of this

Do the same for the decoder,

attending only to already generated

words.

André Martins (IST)
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Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
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Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

Figure 1: The Transformer - model architecture.




Transformer

OUTPUT | | am a student
f
(- d S)
[ ENCODER ] [ DECODER ]
[ ) L )
[ ENCODER ) DECODER )
4 4
[ ENCODER ] [ DECODER ]
L) L )
[ ENCODER ) ( DECODER )
L) L)
( ENCODER ) ( DECODER ]
4 4
( ENCODER J ( DECODER J
. 2 J

INPUT | Je suis étudiant

lllustrated transformer: http://jalammar.github.io/illustrated-transformer/
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http://jalammar.github.io/illustrated-transformer/

Transformer Blocks

DECODER 1

Feed Forward ]
ENCODER 4

1 ~\ A
( Feed Forward J ( Encoder-Decoder Attention J

4 rY

( Self-Attention ) Self-Attention
/

t t

lllustrated transformer: http://jalammar.github.io/illustrated-transformer/
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http://jalammar.github.io/illustrated-transformer/

The Encoder

Example for a sentence with 2 words:

ENCODER #2 KK

ENCODER #1

André Martins (IST)
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Transformer Self-Attention: Queries, Keys, Vectors

m Obtained by projecting the
embedding matrix X € R"*¢ to BEBH * - HE

a lower dimension:

Q:XWQ X WK K
K = xw* EEEE - - EH
vV =xwV.

X wv '
m The projection matrices W@,

WX, WV are model parameters. EEBH «

B

André Martins (IST) Transformers & LLMs



Transformer Self-Attention: Queries, Keys, Vectors

Input Thinking Machines

Embedding x LT 1] x [

Queries e[ T1] @[ 1] wea
Keys [ I WK
Values V1|:|:|:| V2|:|:|:| wv
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Next: Two Transformer Innovations

Scaled Dot-Product Attention Multi-Head Attention
MatMul
Concat

; iE

Scaled Dot-Product 1& ;
Attention A

(Vaswani et al., “Attention is All You Need”, NeurIPS 2017)
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Scaled Dot-Product Attention

Problem: As dx gets large, the variance of g " k increases, the softmax gets
very peaked, hence its gradient gets smaller.

Solution: scale by length of query/key vectors:

Q KT

softmax BEEX@ :
e == )

- EB
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Why /d?

For any pair of random variables X and Y and coefficients a and b:

Var(aX + bY) = a®Var(X) 4+ b?Var(Y) + 2abCov(X,Y)
N e’

0if X, Y are uncorrelated

Therefore, if (gjki)i=1,... 4 were all uncorrelated with fixed variance o

d
Var(qu) = Var (Z q,-k,-) = dVar(qgjk;) = do?.
i=1

T . . .
Therefore, Var (q—;) = ¢2; variance does not increase with d.
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Multi-Head Attention

Self-attention: each word forms a query vector and attends to the other
words’ key vectors

Somewhat similar to a 1D convolution, with “adaptive” weights and the
window size spans the entire sentence

Problem: only one channel for words to interact with one-another

André Martins (IST) Transformers & LLMs



Multi-Head Attention

Self-attention: each word forms a query vector and attends to the other
words' key vectors

Somewhat similar to a 1D convolution, with “adaptive” weights and the
window size spans the entire sentence

Problem: only one channel for words to interact with one-another

Solution: multi-head attention!

m define h attention heads, each with their own projection matrices (e.g.
h=28)

m apply attention in multiple channels, concatenate the outputs and pipe
through linear layer via an output projection matrix wo.

André Martins (IST) Transformers & LLMs



1) This is our 2) We embed
input sentence* each word*

X

Thinking
Machines

* In all encoders other than #0,

we don’t need embedding.

We start directly with the output
of the encoder right below this one

R

Multi-Head Attention

3) Split into 8 heads. 4) Calculate attention
We multiply X or using the resulting
R with weight matrices Q/K/V matrices

W@
WK

5) Concatenate the resulting ~ matrices,
then multiply with weight matrix W° to
produce the output of the layer

lllustrated transformer: http://jalammar.github.io/illustrated-transformer/

André Martins (IS
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http://jalammar.github.io/illustrated-transformer/

Other Tricks

m Self-attention blocks are repeated
several times (e.g. 6 or 12)

m Positional encodings (to distinguish
word positions)

m Residual connections on each

attention block

P
E

m Layer normalization

André Martins (IST) Transformers & LLMs
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Figure 1: The Transformer - model architecture.




Positional Encodings

m As just described, the transformer encoder is insensitive to word order!

m Queries attend to keys regardless of their position in the sequence.

m To make it sensitive to order, we must add positional encodings.

C

ENCODER #1

' DECODER #1

i

¢

ENCODER #0

' DECODER #0

EMBEDDING
WITH TIME
SIGNAL

POSITIONAL
ENCODING
EMBEDDINGS

INPUT

André Martins (IST)
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Positional Encodings

Several possible strategies:

m learn one embedding for each position (up to a maximum length)
B use sinusoidal positional encodings
m use relative positional encodings (instead of absolute).

André Martins (IST) Transformers & LLMs



Sinusoidal Positional Encodings

o pos ' b pos
PE(pos,Qz) = s (100002i/d> PE(pos,2z+1) = COs (100002i/d>

Idea: create a unique signature for each position, but let it vary smoothly
across nearby positions, using a mix of low and high frequencies.
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Relative Positional Encodings (shaw et al, 2018)

Absolute positional encodings are hard to scale to arbitrary context lengths.

Instead, relative positional encodings model the distances between pairs of
tokens:

qi ki
x; Wo(x; Wk +ajj)

Vdk ’

sij = ajj depends on the distance |j — i|.

Rotary positional encodings (RoPE) combine both absolute and relative
positional information (su et al., 2024).
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Rotary Positional Encodings (ROPE) (su et al, 2024)
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Residuals and Layer Normalization
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Residuals and Layer Normalization
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Residual Connections

(a) without skip connections (b) with skip connections

Figure 1: The loss surfaces of ResNet-56 with/without skip connections. The proposed filter
normalization scheme is used to enable comparisons of sharpness/flatness between the two figures.

(Lietal., 2018)

Originally proposed for vision in ResNets; similar ideas go back to Sepp
Hochreiter's PhD thesis in 1991 (He et al., 2016; Hochreiter, 1991).
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Layer Normalization :etal, 201¢)

Idea: remove uninformative variation in hidden layers h € R9 by
normalizing to unit mean y and standard deviation o within each layer.

h—p1
LayerNorm(h) = \/2—_/_7_ Ov+p
o2 +e€
where
mpa= gl h

d
m o =g (hi—p)?
B ¢ is a small coefficient (e.g. 1 x 1072)
m -~ and 3 are learnable weights and biases (default v = 1 and 3 = 0).
This helps accelerate convergence.

More recently: RMSNorm removes the mean subtraction, setting 1 = 0
(Zhang and Sennrich, 2019).
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Residual Stream

Different implementations order
these operations differently:

m Left: post-normalization

m Right: pre-normalization.

Multi-Head
Attention

(a)

Multi-Head
Attention

(b)

(Xiong et al., 2020)
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Replacing RelLU activations by SwiGLU

SwiGLU(z, W, V, b, ¢, ) = Swishg(zW +b) @ (zV +¢)

Swish

A B
2 ~ A ~ A ~
IEEEEEEEEEEEEEEEEEEE

+

sigmoid

0 .

=5 -4 -3 -2 1 o 1 2 3 ‘
LITTTTTITTT]

Swish(x) = x - sigmoid(fx)

(Shazeer, 2020)
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The Decoder

What about the self-attention blocks in the decoder?

Everything is pretty much the same as in the encoder, with two twists:

m The decoder cannot see the future! Use “causal” masking.

m The decoder should attend to itself (self-attention), but also to the
encoder states (contextual attention).
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encoder self-attn
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The Decoder

® Mask subsequent positions

encoder self-attn (before SOftmaX)

decoder self-attn (masked)

B

e In PyTorch

scores.masked fill (-mask, ('-inf'))

95
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encoder self-attn
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decoder self-attn (masked)
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Optimizer and Scheduler

Adam optimizer with warmup steps and learning-rate decay:

20010 —— 512:4000

~— 512:8000

0:0008 = 256:4000

0.0006

0.0004

0.0002

0.0000

) 5000 10000 15000 20000

More recently: Muon optimizer (Jordan et al., 2024)
Overall, transformers are harder to optimize than RNN seg2seq models

They don't work out of the box: hyperparameter tuning is very important.
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Transformer Results

BLEU Training Cost (FLOPs)

Model

EN-DE EN-FR EN-DE EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0-10%0
GNMT + RL [38] 24.6 39.92 2.3.109 1.4.10%
ConvS2S [9] 25.16 4046 9.6-10'% 1.5-10%
MOoE [32] 26.03  40.56 2.0-10 1.2.10%°
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%°
GNMT + RL Ensemble [38] 2630  41.16 1.8-1020  1.1.10%1
ConvS2S Ensemble [9] 2636  41.29 7.7-109  1.2.10%
Transformer (base model) 273 38.1 3.3-10'8
Transformer (big) 28.4 41.8 2.3-10%

(Vaswani et al., “Attention is All You Need”, NeurlPS 2017)
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Attention Visualization Layer 5
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Implicit Anaphora Resolution
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Computational Cost

Layer Type Complexity per Layer  Sequential Maximum Path Length
Operations

Self-Attention O(n?-d) 0o(1) o(1)

Recurrent O(n -d?) O(n) O(n)

Convolutional O(k-n-d?) 0(1) O(logy(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)

n = seq. length d=hiddendim &k =Kkernel size

m Faster to train (due to self-attention parallelization)
.. but more expensive to decode

m Scale quadratically with respect to sequence length
(problematic for long sequences).

André Martins (IST) Transformers & LLMs



Outline

Transformers

m Handling Long Contexts
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Long-Term Memory

WHAT WAS I
THINKING ABOUT?

%

SPUDCOMICS.COM

THE TRAGEDY OF A THREE SECOND MEMORY
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Long Contexts Are Increasingly Important

Several applications require long-context windows (e.g. 32K-1M):
m Software engineering tasks that demand understanding the entire
repository

m Solving extremely challenging math problems that require elaborate
sequences of trial and error across different problem-solving strategies

m Al for scientific discovery

m Multi-turn personalized chat interactions conditioned on prolonged
interaction histories

m Multimodal data (e.g. long videos)

The quadratic complexity of transformers is a bottleneck for these tasks...
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Typical Document Lengths

Source Type Typical Length (#toks)  Description

Common Crawl (Web) 600-1,200 Includes blog posts, news, and land-
ing pages. Many “documents” are
highly fragmented.

Wikipedia 500-1,500 While some entries are long, the me-
dian article is relatively concise.

Scientific Papers (arXiv) 5,000-10,000+ These are among the longest "natu-
ral" documents in most sets.

Books (Project Gutenberg)  50,000-100,000+ The “long-tail” of the data; rare but
critical for long-range dependency.

GitHub (Code) 100-5,000 Code files vary wildly; many scripts
are quite short, while libraries are
long.
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Efficient Transformers

Charformer
(Tayetal, 2021)

TokenLearner
(Ryooetal. 2021)

Perceivel
(gl tal, 2021)

Transformer-XL Nystromformer
(Daietal, 2019) y{)ﬂumnldﬂw}
Memory / Memory

Recurrence
Compressive

Compressed

Downsampling “07fieas

Set Transformer
(Lee etal 2019)

i Clusterformer

Routing Wang et 2020)

Transformer
s, 2020

Reformer

Funnel  Poolingformer
(caerstol, 2020)

Transformer ~ @eractal.2021)

Performer
(Choromanskietal, 2020)

ETC Big Bird
(Nnste kol 2020 @heretal 2020)
Longformer  Swin
(eetagyetal, 2020 Transformer

(yas etal, 2020)

Linformer
owswsxmy  Kernels  [Transformer)  Fixed/Factorized/
o Adaptive
- Random Patterns Sparse
Random Feature Attention meskzey Transformer
(Peng etal, 2021) (e Blockvise Erm?fonner mff,}';fe;m Msusn'f’]{‘:m (Coniactal, 2019)
Linear
T Sparse Transformer Sparse ROV
(atharoposis s, 2020 Image Transformer (cradstal, 210 Switch
parnar el 201) Transformer  Product Key
Axial Transformer Fedsetal, 2021 Ly
Hoetal,2019) (ol
Scaling Transformer
aezeur o, 2021

(Tay et al., “Efficient transformers: A survey”, ACM Computing Surveys, 2022)




Some Proposed Solutions

m GPU-aware kernel implementations to reduce memory from O(n2) to
O(n) (e.g. FlashAttention).

m Sparse / sliding window attention combined with global attention
tokens (e.g. Longformer).

m Grouped Query Attention (GQA) or Multi-Query Attention (MQA\) to
reduce KV cache memory.

m Hybrid architectures: use a fraction of self-attention layers, and a
fraction of recurrent layers like Mamba or Gated Deltanet).

m Dynamic sparsity (sparsemax, a-entmax) using AdaSplash kernels
(Correia et al., 2019; Goncalves et al., 2025; Gongalves et al., 2026)

Hierarchical attention (Yuan et al., 2025; Huang et al., 2026).
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FlashAttention pao et al, 2022)

M @ OpenAl [ . Liama 4
® Google ;
@ Meta i . Genmini 1.5 Pro

™1 @ Anthropic . @ Geninins

! Claude 2.1
H .GP“T . Claud® Claude 3.7
: . ‘ lama GPT-45
100k | H
- ' . GPT-4. Gemini 1.0
. . GPT-35T
10Kk ' . GPT4

Uama 2

. GPT-3 ’ LaMDA . Llama 1
K GPT . GPT2 :
.. BERT (\ar' T (base) :

Context Length (tokens) - Log10 Scale

"2

ST

SEEC A

Release Date

Compute exact attention leveraging the fast memory of the GPU.
Reduces memory from O(n?) to O(n), but runtime is still quadratic.

The main enabler for the exponential increase in context length after 2023!
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Grouped Query Attention (GQA)

; ; E.tid: ; ; Demﬁed..ieryﬂ Mum_ﬁew
—-(0000000 00000B0D  DODDOOAN

(Ainslie et al., 2023)

Let queries share some keys/values to reduce KV cache size.
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Linear Transformers

Recall the attention expression:

Z = softmax(QK ")V

What happens if we remove the softmax transformation? By the
associative property,

Z=(QK"V=Q(K'V).

For long-context n > d, this avoids materializing the n-by-n matrix QK .

The computational cost becomes O(d?n) instead of O(dn?).
m Linear instead of quadratic.

Related: fast weight programmers (schmidhuber, 1992; Schlag et al., 2021).
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Linear Transformers are RNNs!

In the decoder, due to causal masking, we have

zi= (> kv |a,

J<i
‘=H,;

which is equivalent to the following updates (starting with Hy = 0):

H; = H; 1 + kv

z; = H,q;.
We can interpret H1, ..., H; as the states of a linear RNN!
Related: state space models, Mamba, RWKYV, Gated DeltaNet, ...

m Many recent architectures (Qwen3.5, Kimi K3, Nemotron 3, ...) are

hybrids interleaving full attention and linear layers.

(Katharopoulos et al., “Transformers are RNNs: Fast Autoregressive Transformers with Linear Attention”,
ICML 2020)
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Efficient Transformers

Charformer
(Tayetal, 2021)

TokenLearner
(Ryooetal. 2021)

Perceivel
(gl tal, 2021)

Transformer-XL Nystromformer
(Dai et al, 2019) y{)ﬂumnldﬂw}
Memory / Memory

Recurrence
Compressive

Compressed

Downsampling “07fieas

Set Transformer
(Lee etal 2019)

i Clusterformer

Routing Wang et 2020)

Transformer
s, 2020

Reformer

Funnel  Poolingformer
(caerstol, 2020)

Transformer ~ @eractal.2021)

Performer
(Choromanskietal, 2020)

ETC Big Bird
(sl ot a, 2020) (zaheer etal, 2020)

Longformer Swin
(Betagyetal. 2020) - Transformer

Ls

Clustered Attention
etal, 2020)

Cioyner S s [Tt (Tpetal 20200
(Wang et al, 2020b) ransformer T i
d emels (Transfoma Fixed/Factorized/ Fm—
- Random Patterns Sparse
Random Feature Attention Loy Transformer
(Pong el 2021) (e Blockwise Transformer OGN Msusn'f’],":m (Coneiaetl, 2019)
Linear
s Sparse Transformer Sparse ROV
(tharoposios s, 2020) Image Transformer (cradstal, 210 Switch
parnar el 201) Transformer  Product Key
Axial Transformer (Fedus tal 2021 Memory
Hoetal, 2019) (CCCHIEE)
Scaling Transformer
o et 2021

(Tay et al., “Efficient transformers: A survey”, ACM Computing Surveys, 2022)




Adaptive Sparsity through a-entmax (peters et al, 2019)

a=1 a=15 a=2 a =00
softmax(s) 1.5-entmax(s) sparsemax(s) argmax(s)
1 1 1 1
0.8 0.8 0.8 0.8
0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2
0 0 0 0

(Same s = [1.0716, —1.1221, —0.3288, 0.3368, 0.0425))

a-entmax(s) = [(a — 1)s — T]l/ a-1)
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Adaptively Sparse Transformers

Replaces softmax attention by a-entmax.
« > 1 can return sparse attention probabilities — adaptive sparse attention.

... so the model learns to ignore irrelevant tokens.

Marcos Treviso will talk more about this tomorrow afternoon!

Peters, Niculae, and Martins, “Sparse Sequence-to-Sequence Models”, ACL 2019
Correia, Niculae, and Martins, “Adaptively Sparse Transformers”, EMNLP 2019
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Efficient Implementation: AdaSplash

m The equivalent of FlashAttention to a-entmax.

from adasplash import adasplash

4 y = adasplash(q, k, v, alpha=1.5, niter=3, is_causal=True)

Goncgalves, Treviso, and Martins, “AdaSplash: Adaptive Sparse Flash Attention”, ICML 2025
Gongalves, Pitorro, Niculae, Ponti, Li, Martins, and Treviso, “AdaSplash-2: Faster Differentiable Sparse

Attention”, ICML 2026
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Efficient Implementation: AdaSplash

N
N
%

— = FlashAttention-2 (CUDA) —— AdaSplash
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AdaSplash scales better than
FlashAttention with context size!
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Goncalves, Treviso, and Martins, “AdaSplash: Adaptive Sparse Flash Attention”, ICML 2025
Gongalves, Pitorro, Niculae, Ponti, Li, Martins, and Treviso, “AdaSplash-2: Faster Differentiable Sparse
Attention”, ICML 2026
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... Also Better Length Generalization!

—_—

S-NIAH-1 (ID) | S-NIAH-1 (00OD) [S-NIAH-2 (ID) | S-NIAH-2 (OOD)
Model 1K 2K | 4K 8K 16K [IK 2K | 4K 8K Better
Softmax 1000 994 |942 114 08 [100.0 1000 | 4.8 0.0 long-context

SSMax 1000 99.8 | 992 920 752 [994 992 |64.4 14.8
Entmax 99.8  99.8 |89.0 216 12 |99.6 994 | 64.8 7.2
ASEntmax 99.6  100.0 |100.0 99.8 97.4 994 994 | 83.2 254

generalization!

Vasylenko, Pitorro, Martins, and Treviso,

“Long-Context Generalization with Sparse Attention’, ICLR 2026

André Martins (IST) Transformers & LLMs



New: Hierarchical Memory through DashAttention
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Huang, Gongalves, Alvetreti, Li, Han, Ponti, Martins, and Treviso, “DashAttention: Differentiable and

Adaptive Sparse Hierarchical Attention’, 2026 (arxiv)
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Continuous Attention: co-former

Tpast(t) Knew
— \ , e%eeee°,”®
0 1
contraction

+ concatenation
sampling
o
e000eeee®®e .' . 00%000°,.°
0 o0 T 1
x(t) \regression
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Figure 2. Proposed Memory Consolidation Mechanism.

e PN

Martins, Marinho, and Martins, “co-former: Infinite Memory Transformer”, ACL 2022

Santos, Farinhas, McNamee, and Martins, “co-Video: A Training-Free Approach to Long Video

Understanding via Continuous-Time Memory Consolidation”, ICML 2025
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Transformers

m What's Next?
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Are We Still Going to Use Transformers in 20277?

Is Attention All You Need?

Current Status: Yes
Time Remaining: 162d 21h 48m 53s

Proposition:
On January 1, 2027, a Transformer-like model will continue to hold the he position in most tasks in natural language
processing.

For the Motion Against the Motion

Jonathan Frankle Sasha Rush

Glefrankie @srush_nip

Harvard Professor Cornel Professor

Chief Scientist Mosaic ML Research Scientist Hugging Face &

https://www.isattentionallyouneed.com/
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What Are Transformers Are Doing?

If we understand what transformers do, perhaps we can modify them and
come up with better architectures.

| started the talk mentioning associative memories.

We saw transformers can be seen as (nonparametric) “modern” Hopfield
networks.

Another perspective: transformers are fast in-context learners through
test-time kernel regression.

André Martins (IST) Transformers & LLMs



Attention as Kernel Regression (wang et al, 2025; zhang et al., 2025)

Let's assume queries = keys, and assume they are normalized (|| k;|| = 1)

The “data” (memory) is the key-value cache
Moy = {(k17 V1)7 ) (kt—l’ Vt—l)}-
Given a new query (key) g = k;, we want to predict

lA/t = ]E[Vt|kt, M<t]'

That is, use the KV cache as “data” to predict the current value v; from the
current key k;.

This is a regression problem!
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Nadaraya-Watson Estimator (Nadaraya, 1964; Watson, 1964)

m An instance of non-parametric kernel regression

m Define a smoothing kernel function with bandwidth h, e.g. a Gaussian
kernel Ky(u) := N(u; 0, h?1) o< exp(—||u||?/h?).

m Given a new input g = k;, estimate v; := %.
i<t 1

15

1.0

05
1 1 1

Y
-0.5 0.0

-15 -1.0
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Nadaraya-Watson Estimator (Nadaraya, 1964; Watson, 1964)

With a Gaussian kernel Kj,(u) o exp(—||u||?/h?) and normalized keys:

0, = Yict Kn(a — ki)vi
Yict Kn(g — ki)
_ Zi<t exp(—Ilg — k,-||2/h2)V,'
= ee(—la— kI2/R)
_ i exp(2q ki/ 1 — 217y,
B Zi<teXp(2qui/h2 _W)
= Zsoftmax(2Kq/h2)iVi

i<t

This is softmax self-attention with temperature h? /2.

That is, transformers are (roughly) doing test-time regression with a
Gaussian kernel.
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Alternatives to Gaussian Kernel

The Gaussian kernel (= softmax attention) has full support.

That is, it reads all the memory for generating each token. Do we need this?

Kernels
—— Gaussian

0.010 —— Triweight
—— Biweight
Nonparametric statistics favor other 008 = Cn il
kernels with compact support (e.g. So008 — el
X
Epanechnikov, biweight, triweight, ...) 0008

0.000

-20 -15 -10 -05 00 05 10 15 20
u

If we replace the Gaussian kernel by such kernels, we obtain dynamic
sparse c-entmax attention!
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K(u)

0.010

0.008,

0.006,

0.004.

0.002

0.000

Compact Kernel Regression

Kernels

—— Gaussian
— Triweight
~—— Biweight
—— Epanechnikov
~—— Gaussian kNN
~—— Uniform kNN

e

=20 -15 -10 —05 00 05
u

Tentmax (Softmax) a73-entmax 1.5-entmax 2-entmax (Sparsemax) Top-2 Softmax

L0
P

Top-2 Uniform

Santos, Gongalves, McNamee, Treviso, and Martins,

“Sparse Attention as Compact Kernel Regression”, 2026 (arxiv)
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Open Research Directions

Are recurrent models coming back? Mamba, Gated DeltaNet, etc.

Current trend is to hybridize self-attention layers with some of these
alternatives... at which point will this cease to be a “transformer”?

Two related perspectives:

m Compress the KV cache in transformers to avoid quadratic growth
m Expand state size in recurrent models to increase memory capacity

It's insightful to think about the memory properties we want

m Lots of recent work building upon this perspective (memory mosaics,
Titans, MIRAS, ...)

Also hierarchy, dynamic sparsity, MoEs, ...

m Check out our NeurlPS'24 tutorial on this topic:
https://dynamic-sparsity.github.io/
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Coffee Break!
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Outline

Large Language Models
m The BERT Era: Pretraining and Fine-tuning
m The GPT-3 Era: Prompting and In-Context Learning
m The ChatGPT Era: Post-training and Preference Optimization
m The DeepSeek R1 Era: Reasoning
m What Next?
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Outline

Large Language Models
m The BERT Era: Pretraining and Fine-tuning
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Pretraining through Next Word Prediction

Recall the language modeling (LM) task you learned in Noah's lecture:

m Model py(y: | y1.(¢—1)), the probability distribution of words given their
past contexts.

m There’s lots of data for this! No labels are necessary, just raw text.

m This is called unsupervised pretraining or self-supervised learning.
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Self-Supervised Learning

Pretraining on LM task is a form of self-supervised learning.

m Take raw (unlabeled) data, remove information and train a model to
recover that information

m In the case of language modeling, the information removed is the next
word; the model is trained to predict future words given the context

m Other strategies: mask words (later)

m This can be done with other data modalities too (e.g. speech, images),
not just text

m For example, take images, obfuscate a region, and train a model to
predict the missing region (image completion).
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Pretraining and Fine-tuning

Pretraining can be very effective by serving as parameter initialization.

Step 1: Pretrain (e.g. on LM)

Lots of text; learn general things!

goes to make tasty tea END

Iroh goes to  make tasty tea
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Pretraining and Fine-tuning

Pretraining can be very effective by serving as parameter initialization.

Step 1: Pretrain (e.g. on LM) Step 2: Finetune on your task
Lots of text; learn general things! Not many labels; adapt to the task!
goes to make tasty tea END @/@

Iroh  goes to make tasty tea ... the movie was ...
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Three Architectures for Pretraining

Decoder-only
m Language models with causal masking.
m Nice to generate from; but can't condition on
future words.
Encoder-only

m Bidirectional context = can condition on
future!

m Wait, how do we pretrain them?

Encoder-Decoder

m Good parts of decoders and encoders?
m What's the best way to pretrain them?

B2

André Martins (IST) Transformers & LLMs



Pretrained Decoders

m When using LM-pretrained decoders,
we can ignore that they were trained to
model pg(Xt ‘ Xl:(t—l)) @/C?

Linear Ab

m Fine-tuning by training a classifier on

the last hidden state. hq, ..., by

hy, ..., hy = Decoder(xi,...,x.)
y = softmax(Ah; + b)

where A and b are randomly initialized
and learned by the downstream task.
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Pretrained Decoders

Two common choices for fine-tuning:

m Freeze the pretrained model and train only A and b

m Finetune everything, backpropagate gradients through the whole
network.
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Pretrained Decoders

Two common choices for fine-tuning:

m Freeze the pretrained model and train only A and b

m Finetune everything, backpropagate gradients through the whole
network.

Pretrained decoders can be finetuned directly for generation tasks.

The family of GPT models developed by OpenAl is an example.
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Generative Pretrained Transformer (GPT)

(Radford et al., 2018)

2018's GPT was a big success in pretraining a decoder!

Transformer decoder with 12 layers.

m 768-D hidden states, 3072-D feed forward hidden layers.

Byte pair encoding with 40,000 merges (vocabulary size)

m Trained on BooksCorpus over 7000 books.

Contains long spans of contiguous text, for learning long distance
dependencies.
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G PT'2 (Radford et al., 2019)

Another iteration of GPT, with larger models and trained on much more
data (40GB of Internet text)

Stronger in language generation tasks.
m A transformer-based language model with 1.5 billion parameters,
trained on 8 million web pages
m Training task: predict the next word, given all of the previous words
m Test time: top-k truncated random sampling

m Lots of hype!
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GPT-2’s Famous Example (radrord et al., 2019)

Given a prompt, perform story completion:

Context (human-written): In a shocking finding. scientist discovered a herd of unicorns living
in a remote, previously unexplored valley. in the Andes Mountains. Even more surprising to the
researchers was the fact that the unicorns spoke perfect English.

GPT-2: The scientist named the population, after their distinctive horn, Ovid’s Unicorn. These
four-horned, silver-white unicorns were previously unknown to science.

Now, after almost two centuries, the mystery of what sparked this odd phenomenon is fi-
nally solved.

Dr. Jorge Pérez, an evolutionary biologist from the University of La Paz, and several com-
panions, were exploring the Andes Mountains when they found a small valley. with no other animals
or humans. Pérez noticed that the valley had what appeared to be a natural fountain, surrounded by
two peaks of rock and silver snow.

Later: GPT-3, InstructGPT, ChatGPT, ...
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Three Architectures for Pretraining

Decoder-only v/
m Language models with causal masking.
m Nice to generate from; but can’'t condition on
future words.
Encoder-only

m Bidirectional context = can condition on
future!

m Wait, how do we pretrain them?

Encoder-Decoder

m Good parts of decoders and encoders?
m What's the best way to pretrain them?

B2
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Pretrained Encoders

So far, we've looked at language model pretraining. But encoders get
bidirectional context, so we can’t do language modeling!

So, what pretraining objective to use?
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Pretrained Encoders

So far, we've looked at language model pretraining. But encoders get
bidirectional context, so we can’t do language modeling!

So, what pretraining objective to use? Masked language modeling.
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Masked Language Modeling

m Ildea: replace a fraction of words in
the input with a special [MASK]
token; predict these words.

went store

hy, ..., hy = Encoder(xy,...,x.)
yi = softmax(Ah; + b).

m Loss terms only from masked word.
If X is the masked version of x,
we're learning py(x|X) I [M] to the [M]

m Analogous to a denoising (Devlin et al., 2018)
auto-encoder.
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Example: BERT (Devlin et al., 2018)

“Bidirectional Encoder Representations from Transformers”

m Randomly mask 15% of the input words and
train a transformer to recover them from the
context

m Both left and right context, used
simultaneously!

m In doing so, learn contextualized word
representations

m Can use this as a pre-trained model and
fine-tune it to any downstream task

m Extremely effective! Achieved SOTA on 11 NLP
tasks (7.7% percentage point improvement on
GLUE score).
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Details about BERT (peviin et a, 2018)

Two models were released:

m BERT base: 12 layers, 768 dim hidden states, 12 attention heads, 110
million params.

m BERT large: 24 layers, 1024 dim hidden states, 16 attention heads,
340 million params.

Trained on:

m BooksCorpus (800 million words)
m English Wikipedia (2.5 billion words)

Pretraining is expensive and impractical on a single GPU.

m BERT was pretrained with 64 TPU chips for a total of 4 days.
Fine-tuning is practical and common on a single GPU:

m “Pretrain once, finetune many times.”
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Finetuning BERT (peviin etal, 2018)

BERT became very popular and versatile; finetuning BERT led to new state
of the art results on a broad range of NLP tasks:

m Paraphrase detection (QQP, MRPC)

m Natural language inference (QNLI, RTE)
m Sentiment analysis (SST-2)

m Grammatical correctness (CoLA)

m Semantic textual similarity (STS-B)

System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B  MRPC RTE  Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAI SOTA 80.6/80.1 66.1 823 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 73.3 84.9 56.8 71.0
OpenAl GPT 82.1/81.4 70.3 87.4 91.3 454 80.0 82.3 56.0 75.1
BERTsAsE 84.6/83.4 71.2 90.5 93.5 521 85.8 88.9 66.4 79.6
BERTLarGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1
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Other variants of BERT

m RoBERTA (similar to BERT, but trained on more data and removing
next-sentence prediction)

m XLM-RoBERTA (multilingual version)

m Check out EuroBERT from our group (Boizard et al., 2025)

Overall, encoder-only models fell a bit out of fashion, but they are still
relevant in several scenarios:

m as embedding models (e.g. for RAG)
m as reward models

m to build masked diffusion (non-autoregressive) language models.
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Three Architectures for Pretraining

Decoder-only v/
m Language models with causal masking.
m Nice to generate from; but can’'t condition on
future words.
Encoder-only v/

m Bidirectional context = can condition on
future!

m Wait, how do we pretrain them?

Encoder-Decoder

m Good parts of decoders and encoders?
m What's the best way to pretrain them?

B2
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Pretrained Encoder-Decoder

m For encoder-decoders, we can do
something like LM, but where a
prefix of every input is provided to
the encoder and is not predicted.

Wry2, -,

hy, ..., ht = Encoder(xy, ..., xT)

hT—i—l; ey h2T = Decoder(xT_H, cee 7X2T)
yi = softmax(Ah; + b), i > T %@ Wri1, s Wor

m The encoder benefits from

bidirectional context Wi, ..., Wr

B The decoder is used to train the (Raffel et al., 2020)
whole model through LM.
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T5: Text-to-Text Transfer Transformer (raffel et al, 2020)

Use span corruption as an auxiliary task:

m Replace different length spans from the input with unique
placeholders; decode out the spans that were removed!

m This is implemented in text preprocessing: it's still an objective that
looks like LM at the decoder side.

Pre-training  51ways 15% span masking)
Original text

Thank you fef inviting me to your party Jast week.

Inputs

Thank you <X> me to your party <Y> week.

Targets
<x> for inviting <v> last <z>
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T5: Text-to-Text Transfer Transformer (raffel et al, 2020)

T5 can be fine-tuned to answer a wide range of questions, retrieving factual
knowledge from its parameters!

Natural Questions (NQ), WebQuestions (WQ), TriviaQA (TQA)

President Franklin D.
Roosevelt was born
in January 1882.

Pre-training

Fine-tuning
When was Franklin D. I
1082

NQ WQ TQA

dev test
Karpukhin et al. (2020) 41.5 424 579 —
T5.1.1-Base 257 282 242 30.6 220millionparams
T5.1.1-Large 273 295 28.5 37.2 770 million params
T5.1.1-XL 295 324 36.0 45.1 3billion params
T5.1.1-XXL 328 35.6 429 525 11billion params

T5.1.1-XXL + SSM 352 428 519 616
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Limitations of Fine-Tuning

Pretraining and fine-tuning is a very successful recipe, but what if we want
to perform a very large number of tasks?

Fine-tuning a very large model to each of the tasks can be very expensive
and requires a copy of the model for each task.

Can we make this more efficient?
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Ada pterS (Houlsby et al., 2019)

m Alternative to fine-tuning language models on a downstream task

m Instead of fine-tuning the full model, a small set of task-specific
parameters (adapter) is included in the model and updated during
fine-tuning

m The rest of the model is kept fix

m Several advantages:

v" Much fewer parameters to fine-tune

v" Can share the same big pretrained model across tasks, and fine-tune
only the task-specific adapters

v Can also be used to create multilingual models (language adapters)
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Ada pterS (Houlsby et al., 2019)

r" Adapter
Layer

[efeXeXeXe]e]
Feedforward
up-project

Feedforward
down-project

000000

Transformer
Layer

2x Feed-forward
layer

Multi-headed
attention

m Adapter layers interleaved in the other transformer layers
m In fine-tuning, only these adapter layers are updated
m The big pretrained model stays untouched.
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Low-Rank Adaptation (LORA) (et 2022)

hC—— 7]

N

Pretrained
Weights

= Rdxd

xC———— ]

Place adapter in parallel rather than sequentially, and skip non-linearity.

Weights after finetuning: W + AW = W + aBA, where W is frozen and
A e R4 B e RI*" (with r < d) are trainable LoRA parameters.
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Low-Rank Adaptation (LORA) (et 2022)

LoRA exhibits better scalability (and sometimes task performance) than full
finetuning and other methods.

WikiSQL MultiNLI-matched
0.75
\ 2 - v . 0.92 =t
2 Vo RFess g Yy T Exnx
© 7’
5 0.70 _ k- b
g % S 0.90 *X’_*\v\k .
£ * % Method + \
< 065 * o Fine-Tune 0.88 ++ *
B + +  PrefixEmbed
S 0.60 7 + * PrefixLayer 0.86 1
B X Adapter(H) +
0.55 + v LoRA 0.84
6 7 8 9 10 11 6 7 8 9 10 11
logyo # Trainable Parameters logyo # Trainable Parameters

(https://lightning.ai/pages/community/article/lora-11m/)
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Outline

Large Language Models

m The GPT-3 Era: Prompting and In-Context Learning
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Few-Shot Learning

m What if we want to solve a completely new task for which not enough
data exists, not even for fine-tuning?

Can we do it on-the-fly?

This is called few-shot learning

Powerful models such as GPT-3 can do this via prompting

Leveraging the versatility of LMs is all we need!
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G PT'3 (Brown et al., 2020)

Keep scaling up... Even larger models pretrained on more data:

m 175 billion parameters (!!!)
m Trained on 500 billion words

m Took ~ 3 x 1023 FLOPS to train (on a standard GPU, it would cost
$4.6M and it would require 355 years to train such a model)

m Introduces prompting as an alternative to fine-tuning

m Demonstrates few-shot learning capabilities (learning new tasks on the
fly from very few examples)
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Large Pretrained Models

2018 (left) through 2019 (right) 2020 onwards 175B
8.3B M8, o 178 9048
94M 110M 340M 465M 665M 330m 1-5B 340m 355 1-5B o 1.5 g 7% [l com g
FSELLTTFEFEFEFEIESSE
R A . A I S
N $ &
& & C &y < e

Scaling up LLMs is a huge engineering effort!
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Scaling LaWS (Brown et al., 2020; Kaplan et al., 2020)

Validation Loss
Parameters

,,,,,,,, | =2.57.C-0048

10 10" 107 10° 10° 10
Compute (PetaFLOP/s-days)

(Brown et al., 2020)

Scaling laws help us predicting performance for different hyperparameter
choices before running expensive experiments.
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Chinchilla Laws

Model Size (# Parameters) Training Tokens
LaMDA (Thoppilan et al., 2022) 137 Billion 168 Billion
GPT-3 (Brown et al., 2020) 175 Billion 300 Billion
Jurassic (Lieber et al., 2021) 178 Billion 300 Billion
Gopher (Rae et al., 2021) 280 Billion 300 Billion
MT-NLG 530B (Smith et al., 2022) 530 Billion 270 Billion
Chinchilla 70 Billion 1.4 Trillion

(Hoffmann et al., 2022)

Roughly, the cost of training a large transformer scales as parameters x
tokens.

In fact, GPT3 was very undertrained (300B tokens only), “Chinchilla laws”
corrects earlier Kaplan's laws.

But what about inference costs?

More recently: LLaMA 7B / 13B on 1T tokens (2023), Qwen3 models on
36T tokens, etc. (well beyond Chinchilla)
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Prompting and In-Context Learning

m Pretrained language models acquire a lot of factual knowledge!

m This suggests we can prompt them on-the-fly to solve new tasks.

From Liu et al. (2021)
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Prompting and In-Context Learning (rown et al, 2020)

The three settings we explore for in-context learning Traditional fine-tuning (not used for GPT-3)
Zero-shot Fine-tuning
The model predicts the answer given only a natural language The model is trained via repeated gradient updates using a
description of the task. No gradient updates are performed. large corpus of example tasks.
Translate English to French: task description sea otter => loutre de mer example #1
cheese prompt v
One-shot peppermint => menthe poivrée example #2
In addition to the task description, the model sees a single v

example of the task. No gradient updates are performed

Translate English to French task description
sea otter = loutre de mer example v
i e - plush giraffe = girafe peluche example #N
Few-shot
cheese => prompt

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese prompt




Example: Using New Words (srown etal, 2020)

A "whatpu" is a small, furry animal native to Tanzania. An example of a sentence that uses
the word whatpu is:
We were traveling in Africa and we saw these very cute whatpus.

To do a "farduddle" means to jump up and down really fast. An example of a sentence that uses
the word farduddle is:

One day when I was playing tag with my little sister, she got really excited and she
started doing these crazy farduddles.

A "yalubalu" is a type of vegetable that looks like a big pumpkin. An example of a sentence
that uses the word yalubalu is:

I was on a trip to Africa and I tried this yalubalu vegetable that was grown in a garden
there. It was delicious.

A "Burringo" is a car with very fast acceleration. An example of a sentence that uses the
word Burringo is:
In our garage we have a Burringo that my father drives to work every day.

A "Gigamuru" is a type of Japanese musical instrument. An example of a sentence that uses the
word Gigamuru is:
I have a Gigamuru that my uncle gave me as a gift. I love to play it at home.

To "screeg" something is to swing a sword at it. An example of a sentence that uses the word
screeg is:
We screeghed at each other for several minutes and then we went outside and ate ice cream.
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Example: Grammar Correction @ rown etal, 2020)

Poor English input: I eated the purple berries.

Good English output: I ate the purple berries.

Poor English input: Thank you for picking me as your designer. I’d appreciate it.

Good English output: Thank you for choosing me as your designer. I appreciate it.

Poor English input: The mentioned changes have done. or I did the alteration that you
requested. or I changed things you wanted and did the modificatioms.

Good English output: The requested changes have been made. or I made the alteration that you
requested. or I changed things you wanted and made the modifications.

Poor English input: I’d be more than happy to work with you in another project.

Good English output: I’d be more than happy to work with you on another project.

Poor English input: Please provide me with a short brief of the design you’re looking for and
that’d be nice if you could share some examples or project you did before.

Good English output: Please provide me with a brief description of the design you're
looking for and that would be mice if you could share some examples or projects you have
done before.

Poor English input: The patient was died.
Good English output: The patient died.

Poor English input: We think that Leslie likes ourselves.
Good English output: We think that Leslie likes us.

Poor English input: Janet broke Bill on the finger.
Good English output: Janet broke Bill's finger.

Poor English input: Mary arranged for, in St. Louis, John to rent a house cheap.
Good English output: Mary arranged for John to rent a house in St. Louis.

Poor English input: Today I have went to the store to to buys some many bottle of water.
Good English output: Today I went to the stors to buy some bottles of water.

Poor English input: I have tried to hit ball with bat, but my swing is has miss.
Good English output: I tried to hit the ball with the bat, but my swing missed.
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Example: Auto-Completing Code (chenetal, 2021)

def incr_list(l: list):

de

p-4

"""Return list with elements incremented by 1.
>>> incr_list([1, 2, 3]

(2, 3, 4]

>»> incr_list([5, 3, 5, 2, 3, 3, 9, @, 123])
[6, 4, 6, 3, 4, 4, 10, 1, 124]

return [i + 1 for i in 1]

solution(lst):
"""Given a non-empty list of integers, return the sum of all of the odd elements
that are in even positions.

Examples

solution([5, 8, 7, 1]) ==12
solution([3, 3, 3, 3, 3]) ==9
solution([30, 13, 24, 321]) ==>0

return sun(1st[i] for i in range(0,len(lst)) if i % 2 == 0 and 1st[i] % 2 == 1)
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Language Modeling # Assisting Users

Is next work prediction all we need?

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION  GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.
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Language Modeling # Assisting Users

Is next work prediction all we need?

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION  GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

No, language models are not automatically aligned with user intent—we
need instruction tuning (Ouyang et al., 2022)
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Language Modeling # Assisting Users

Is next work prediction all we need?
PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION  Human
A giant rocket ship blasted off from Earth carrying
astronauts to the moon. The astronauts landed their
spaceship on the moon and walked around exploring the
lunar surface. Then they returned safely back to Earth,
bringing home moon rocks to show everyone.

No, language models are not automatically aligned with user intent—we
need instruction tuning (Ouyang et al., 2022)
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Outline

Large Language Models

m The ChatGPT Era: Post-training and Preference Optimization
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Instruction Tuning
Idea: finetune on instruction data (question-answer pairs).

Also called supervised finetuning.

Instruction finetuning

Please answer the following question.
What is the boiling point of Nitrogen?

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have?

The cafeteria had 23 apples
originally. They used 20 to
A make lunch. So they had 23 -

% 20 = 3. They bought 6 more

apples, so they have 3 + 6 = 9.

Language
model

Inference: generalization to unseen tasks

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

Q: Can Geoffrey Hinton have a
conversation with George Washington?

Give the rationale before answering.

FLAN-T5 (Chung et al., 2024)

>
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Instruction Tuning
Idea: finetune on instruction data (question-answer pairs).

Also called supervised finetuning.

Finetuning tasks

TO-SF Muffin Natural
i Instructions v2
Commonsense reasoning " -
Question generation § .
i Program synthesis Code repair Commonsense reasoning
e Dialog context generation - Named entity recognition
Extractive QA 69 Datasets, 27 Categories, 80 Tasks. Toxic language detection
Topi classifcation CoT (Reasoning) Question generstion
Struct-to-text Program execution
55 Datasets, 14 Categories, Implicit reasoning 372 Datasets, 108 Categories,

153 Toaks 9 Datasets, 1 Category, 9 Tasks. 1554 Tasks
¢ ADataset is an original data source (e.g. SQUAD).
+  ATask Category is unique task setup (e.g. the SQUAD dataset is configurable for multiple task categories such as

extractive question answering, query generation, and context generation).
& ATaskis a unique <dataset, task category> pair, with any number of templates which preserve the task category (e.q.
query generation on the SQUAD dataset.) )

Held-out tasks

MMLU BBH TyDiQA MGsSM
Abstract algebra Sociology an expressions Navigate .
College medicine Philosophy Tracking shuffled objects ~ Word sorting Information Grade school
Professional law. Dyck languages seeking OA ‘math problems
57 tasks 27 tasks 8languages 10 languages

FLAN-T5 (Chung et al., 2024)

André Martins (I Transformers & LLMs



Synthetic Instruction Data

Idea: Generate synthetic instructions from an LLM (Wang et al., 2023).

Examples: Alpaca (Taori et al., 2023), Vicuna (Chiang et al., 2023), TUlU (Lambert et al.,
2025), check out EuroBlocks from our group (Ramos et al., 2026), ...

@ Metu
LLaMA 7B A
Text-davinci-003
Supervised
Finetuning Alpaca 7B
I

175 Self- Modified Self-instruct s muuwmg
Instruct nstruction Generation examples
seed tasks

Example seed task. Example Generated task

Instruction: Brainstorm a list of Instruction: Brainstorm creative

possible New Year's resolutions. ideas for designing a conference

output:

- Lose weight output:

- Exercise more incorporating flexible

- Eat heaithier components, such as moveable
walls and furniture .

Hypothesis: pretrained LLMs already have all the knowledge, so only
~1000 instructions are needed

(Zhou et al., “LIMA: Less Is More for Alignment”, NeurlPS 2023)
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Limitations of Instruction Tuning

m It's expensive to collect ground-truth data for tasks.

m Tasks like open-ended creative generation have no single correct
answer (e.g. “write me a story about a dog and her pet grasshopper”).

m More importantly: SFT penalizes all token-level mistakes equally, but
some errors are worse than others.

m Even with instruction tuning, there is a mismatch between the
objective function (minimize perplexity) and the objective of “satisfy
human preferences”!

Can we explicitly attempt to satisfy human preferences?
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How Do We Model Human Preferences?

For a given question x, sample several possible answers y1, y», ..., and
ask humans to express their preferences.

Use this information to train a reward model Ry(y; x).

Then let the LLM explore and tune it to maximize the reward.

The last step is what reinforcement learning (RL) is about! (covered in Zita
Marinho’s lecture this afternoon.)

(Fernandes et al., “Bridging the Gap: A Survey on Integrating (Human) Feedback for Natural Language
Generation”, TACL 2023)
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Reward Model

Problem: Human judgments are often noisy and miscalibrated...

.. instead of direct scores / rankings, ask them for pairwise preferences
This leads to triples (x, y*, y') (question, winning answer, losing answer)

Then train the reward model Ry(y; x) to satisfy those preferences.

The Bradley-Terry model does exactly this! (Bradley and Terry, 1952)

Jra(9) = ~Ey 1 [log o (Rol(y: x) = Ry(y's )]

Intuition: y" should score higher than y' according to Ry.
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Putting It All Together (christiano et al., 2017; Stiennon et al., 2020)
Finally, we have everything we need:

m A pretrained (instruction-tuned) LLM p"(y|x)

m Areward model R,(y; x) that produces scalar rewards for LLM
outputs, trained on a dataset of human comparisons

m A method for optimizing LLM parameters towards this reward.
Now to do RLHF (Reinforcement Learning with Human Feedback):

m Initialize a copy of the model p“(y|x) with parameters 0
m Optimize the following reward with RL (PPO):

RL
. Py (y[x)
Eypiit(yix) | Ro(yix) — Blog PP (y[x)

m The last term is a penalty to prevent us from diverging too much from
the pretrained model (in expectation it's KL(p5"||p"')).
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Reinforcement Learning from Human Feedback (RLHF)

Step1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our Explain the moon

prompt dataset. landing to a 6 year old

A labeler

demonstrates the O

desired output

behavior. ‘Some people went
to the moon...

This data is used SFT

to fine-tune GPT-3 29

with supervised '\.'\sa{/’

learning.

Step 2

Collect comparison data,
and train a reward model.

A prompt and .
several model -

Explain the moon
outputs are landing to a 6 year old
sampled. o o

Exangay Exsnwer.
Moonisratual  puoplewanto
ataol. “pemoon.

Alabeler ranks

the outputs from Q
best to worst.

This data is used &

to train our 2R
reward model.

openai.com/research/instruction-following

>

Martins (IS
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Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

Write a story
about frogs




InstrUCtG PT (Ouyang et al., 2022)

Scaled up RLHF to tens of thousands of tasks.

Collected data (demonstration data and comparison data) from human
annotators for brainstorming, generation, and rewrite tasks.

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION  GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they saw, and
sent them back to the earth so we could all see them.
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ChatGPT

Same methods as InstructGPT (SFT + RLHF) for dialog agents.

Humans played both sides: user and Al assistant; several RLHF rounds.

Explain in a few sentences how ChatGPT was trained. The audience
are students from LxMLS (a summer school in Lisbon). Many are Gen
Z so make sure to use a ton of emojis to sound cool.

Alright, quick and vibey version &
ChatGPT was trained in two main phases:

1. Pretraining &
It read a massive chunk of the internet (books, websites, code, etc.) and learned to predict the next
word in a sentence @kJ . That's how it picks up language, facts, and patterns.

2. Alignment (post-training) ¢
Humans stepped in Kk and gave feedback on its answers (what's good .= vs bad <), often using
techniques like reinforcement learning. This helps it be more helpful, safe, and less chaotic .

So basically:
learn from tons of text & + get human feedback | = ChatGPT #/
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But RLHF Has Limitations Too!

If human preferences are unreliable, models of preferences are even worse!
Since the reward model (RM) is imperfect—reward hacking is an issue.

Chatbots are rewarded to produce responses that seem authoritative and
helpful, regardless of truth—as a result, they often hallucinate.

o o o =
S =) ® =)

Fraction preferred to ref
o
S

0 2 5 10 25 75 250
KL from supervised baseline

(Stiennon et al., 2020)
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Other Variants and Extensions

RL with Al Feedback (“Constitutional Al”) (Bai et al., 2022)

Direct Preference Optimization (DPO): bypasses the need to train a
reward model (Rafailov et al., 2023)

GRPO (shao et al., 2024)
DAPO (vu et al,, 2025)

This is a very active area of research!

André Martins (IST) Transformers & LLMs



Life After ChatGPT

ChatGPT was released by OpenAl in November 2022 serving a closed
model.

In early 2023, Meta released LLaMA as a open-weight model, and an entire
open ecosystem emerged.

~
9T a(‘smm J mT5 Open-Source
— e
B — 2 punGua ARG
P @/ 1-4 \ £2 PLUG MAYE® HyperCLOVA
Ernie 3.0 @l -3 5 ravpa
BLOOM O 5,10— & AN 3AAI CPM-2
L | ] mspur Yuan 1.0 o S
MT-NLG!
(‘odu . / \ Gopher o AlphaCode
- hcrr@ I \‘ J GLaM o Chinchilla
e
' s “ PanGu-X
Ernie 3.0 Titan {3 I"“mm"@ 2022 G = o I
GPT—NenX-ZOB _— 13 G PaLM q Flan-T5 \J L]
— N
—_ e O Thtnstruet A2,/ - / (5 Panram o ERNIE Bot
@ oPT 00 10 00 EEREY
BLOOMZ % GLM (&) 2 |
a SN 2023 — =
Galatica 0Q AlewT™ G4
OPT-IML 00 ChatGPT @ crm@
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Advances in 2023-26

Some other closed models: GPT4-5, Gemini, Claude, Cohere, ...

Many more open-weight models: LLaMA, Mistral, Gemma, Qwen,
DeepSeek, Moonshot’s Kimi, LongCat, Xiaomi's MiMo, ...

A few fully open models: OLMo, Nemotron, Apertus, EuroLLM, ...

Many of the recent models do “reasoning”.

Many of the recent models are now multimodal or omni (e.g. language,
vision, speech).

Several have agentic capabilities.
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ShameleSS Plug: EurOLLM (Ramos et al., 2026)

B 4 sizes, fully open: 1.7B, 2.6B-A600M, 9B, 22B (released Dec 2025).
m Supports all 24 EU official languages, plus 11 additional ones.
m Compute: 1.68M GPU-hours in MareNostrum5 (EuroHPC).

(Ramos et al., “EuroLLM-22B: Technical Report”, 2026, https://eurollm.io)
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Multilingual Benchmarks (EuroLLM >~ Apertus = OLMo)

M EuroLLM-98 [l Apertus-88 OLMo-3-78

M EuroliM-228 [ Apertus-70B [ OLMo-3.1-328
100

Hellaswag MMMLU MMLU-ProX ARC-C ~ MGSM FLORES WMT24++ WMT25 Hollaswag MMMLU MMLU-ProX ARC-C _ MGSM _ FLORES WMT24vs WMT25

EuroLLM-9B/22B ~ Apertus 8B/70B (despite fewer training tokens, 4T vs
15T).
OLMo-3 worse than both (expected since it’s not a multilingual model).

(Ramos et al., “EuroLLM-22B: Technical Report”, 2026, https://eurollm.io)
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Multilingual Benchmarks (incl. open-weight models)

100 B EurolLLM-22B
B Apertus-70B
OLMo-3.1-32B
75 B Mistral-3.2-24B
@ Llama-3.3-70B
I Gemma-3-27B
50 [ Qwen-3-32B

25

0o — a -
> O & & o |le @

& & EE v

Q‘o\\ N @@\9 v o

There is still a considerable gap, except for MT where EuroLLM-22B is
state-of-the-art or close.

(Ramos et al., “EuroLLM-22B: Technical Report”, 2026, https://eurollm.io)
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Outline

Large Language Models

m The DeepSeek R1 Era: Reasoning
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Chain-of-Thought Prompting

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

A: The answer is 27. x

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have? J

P ~

Cnswer is9. J

(Wei et al., 2022)
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Zero-Shot Chain-of-Thought Prompting

Q: Ajuggler can juggle 16 balls. Half of
the balls are golf balls, and half of the golf
balls are blue. How many blue golf balls
are there?

A: Let’s think step by step. There are 16
balls in total. Half of the balls are golf
balls. That means there are 8 golf balls.
Half of the golf balls are blue. That means
there are 4 blue golf balls. «

(Kojima et al., 2022)

Starting the answer like this triggers the model to switch to “reasoning”
mode.
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Many Possible Prompts to Choose From...

No. Category Template Accuracy
1 instructive  Let’s think step by step. 78.7
2 First, (1) 773
3 Let’s think about this logically. 74.5
4 Let’s solve this problem by splitting it into steps. (*2) 72.2
5 Let’s be realistic and think step by step. 70.8
6 Let’s think like a detective step by step. 70.3
7 Let’s think 57.5
8 Before we dive into the answer, 55.7
9 The answer is after the proof. 45.7
10 misleading Don’t think. Just feel. 18.8
11 Let’s think step by step but reach an incorrect answer. 18.7
12 Let’s count the number of "a" in the question. 16.7
13 By using the fact that the earth is round, 9.3
14 irrelevant By the way, I found a good restaurant nearby. 175
15 Abrakadabra! 155
16 It’s a beautiful day. 13.1
- (Zero-shot) 17.7

(Kojima et al., 2022)
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How to Solve Increasingly Complex Problems?

1012
Scaling up model size makes new ~
skills emerge, but training-time = ot
. . . . >
scaling is just too expensive... §’ 1010
3
3 10
. . E
An alternative is to scale at 108
test-time! 2018 2019 2020 2021 2022 2023

Year

(Treviso et al., 2023)

Instead of larger models, make models produce more tokens before
providing the final answer.

This trend started with OpenAl o1, 03, ..., then followed up by DeepSeek
R1 and many others.
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Training versus Test-Time Scaling

Simple example: What can we do if we have an LLM and a reward model?
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Training versus Test-Time Scaling

Simple example: What can we do if we have an LLM and a reward model?

m We can do RLHF (training time) v'
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Training versus Test-Time Scaling

Simple example: What can we do if we have an LLM and a reward model?

m We can do RLHF (training time) v'

m We can use the reward model to generate preference pairs and do
DPO (also training time) v/
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Training versus Test-Time Scaling

Simple example: What can we do if we have an LLM and a reward model?

m We can do RLHF (training time) v'

m We can use the reward model to generate preference pairs and do
DPO (also training time) v/

m We can generate many samples and use the reward model to pick the
best (at test time!)
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Training versus Test-Time Scaling

Simple example: What can we do if we have an LLM and a reward model?

m We can do RLHF (training time) v'

m We can use the reward model to generate preference pairs and do
DPO (also training time) v/

m We can generate many samples and use the reward model to pick the
best (at test time!)

The latter option is called reranking or best-of-/\.

... it trades off training-time by test-time compute.
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Example of Test-Time Scaling: Best-of-/V

Very simple idea:

Sample N answers from the LLM (may need to increase temperature)
Use the reward model to pick the “best” answer.

... it works very well in practice!
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Example of Test-Time Scaling: Best-of-/N

Very simple idea:

Sample N answers from the LLM (may need to increase temperature)
Use the reward model to pick the “best” answer.

... it works very well in practice!

m Widely used even before LLMs (e.g. in machine translation)
(Fernandes et al., 2022; Farinhas et al., 2023)

m More sophisticated variants use pairwise comparisons, e.g. MBR
decoding (Eikema and Aziz, 2020)
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Example of Test-Time Scaling: Best-of-/N

Very simple idea:

Sample N answers from the LLM (may need to increase temperature)
Use the reward model to pick the “best” answer.

... it works very well in practice!

m Widely used even before LLMs (e.g. in machine translation)
(Fernandes et al., 2022; Farinhas et al., 2023)

m More sophisticated variants use pairwise comparisons, e.g. MBR
decoding (Eikema and Aziz, 2020)

Intuition: from a communication-theoretic perspective, this is a way to add
redundancy to decrease decoding error (Farinhas et al., 2024).
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Communication-Theoretic Perspective of Best-of-/V/

z1 € X(q) v
: > ™ :
: zs € X(q) g? vl
: =2 = 2y :
9——>| Sender p i | Receiver ——> & = g(y1,...,yn)
' oy € X(q) ’ yv_ |
> n

Farinhas, Li, and Martins, “Reranking Laws for Language Generation”, NeurlPS 2024
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A Communication-Theoretic Perspective of Best-of-/
Code generation and machine translation:

T 00 = ) T 00 = )
L —— majority voting 2 —— majority voting
3 = = oracle o = = oracle
© @
8 3
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z 2
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Farinhas, Li, and Martins, “Reranking Laws for Language Generation”, NeurlPS 2024
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A Communication-Theoretic Perspective of Best-of-/
Math and commonsense reasoning:

N~
: Lt P
-20 = self-consistency bt PP

== oracle

-20 =—— self-consistency
= = oracle SOy

Log failure rate (wrt baseline)
Log failure rate (wrt baseline)
4

~e, eeceee
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E " i ~
-5 = self-consistency "~
== oracle

E = ~oagese
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=
= = oracle :.:.rm-..,..

e T e nages

Log failure rate (wrt baseline)
b
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Farinhas, Li, and Martins, “Reranking Laws for Language Generation”, NeurlPS 2024
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Limitations of Best-of-/V and Self-Consistency

m These methods boost performance for relatively simple problems but
they are less effective for problems that are too complex.

m This is because they are limited to the N hypotheses they generate
initially.

m For complex problems, V would need to be too large.

m More sophisticated techniques use some sort of tree exploration (e.g.
Monte Carlo tree search) or sequential “reasoning” (by generating
“thinking” tokens before generating the final answer).
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DeepSeek R1 (Guoetal, 2025)

. Nvidia drops nearly 17% as China’s cheaper
u Released In €a l‘|y 2025 as an Al model DeepSeek sparks global tech

Open'WE|ght mOdel iil::(fv:dm n on Jan. 27, 2025
m A few innovations: a new RL i

algorithm (GRPO), verifiable "

rewards, RL without SFT (R1 Zero), ...

m At the time all reasoning models 20

128

were closed

124

m Caused some disruption in the stock

120

market! 118

12:00 pm 3:00 pm

A CNBCCOTD
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DeepSeek
V3 Base

RL
Reasoning Prompts

Accuracy & Format

DeepSeek
R1Zero

Sampling

Reasoning Prompts

Filter Refine
Accuracy DeepSeek
& Format  V3+Human
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DeepSeek R1 Pipeline

DeepSeek
V3 Base

SFT
Cold Start Long CoT

DeepSeek
R1Dev-1

RL
Reasoning Prompts

Rule-based Reward
& Lang. Consistency

DeepSeek
R1Dev-2

(Guo et al., 2025)
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Rule-based Reward
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R1

Models
Prompts+Responses
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Post-Processing



First Stage: DeepSeek R1 Zero

m Format: <think> ... </think> followed by <answer> ... </answer>

m Binary (verifiable) rewards (RLVR): for math, compare final answer
against ground truth; for code, run test cases.

m Include also a small format reward to encourage using the <think>
and <answer> tags.

m Outcome-based rewards (i.e. based on the final answer) as opposed to
process reward models.

m Doing RL before SFT encourages the model to explore more and
discover novel reasoning strategies.

m Take this with a grain of salt: it’s likely that the model was exposed to
math proofs and code during pretraining!
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DeepSeek R1 Aha Moment

Table 2 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The
model learns to rethink using an anthropomorphic tone. This is also an aha moment for us,
allowing us to witness the power and beauty of reinforcement learning.

Question: If a > 1, then the sum of the real solutions of Va — Va +x = x is equal to
Response: <think>

To solve the equation va — Va +x = x, let’s start by squaring both - - -
(Va—vats) =x* = a-varx =2

Rearrange to isolate the inner square root term:

(@a-x3)?=a+x = a®-2ax*+(x2)2 =a+x = x*-2ax?-x+(a®?-a) =0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum canbe - - -
We started with the equation:
s

First, let’s square both sides:
a-Va+x=x* = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

(Guo et al., 2025)
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Some Emergent Reasoning Capabilities

m Self-verification: the model checks its own work after deriving an
answer. Emerges because self-checked outputs are more often correct.

m Reflection and backtracking (“Wait, let me reconsider”): the model
recognizes wrong paths and restarts with a different strategy.

m Extended deliberation: the response length grows from hundreds to
thousands of tokens. The model is essentially learning that thinking
longer leads to better answers, a learned form of test-time compute
scaling.

On the negative side, reasoning traces are often poorly understandable and
switch between languages.
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Accuracy and Reasoning Length During Training

DeepSeek-R1-Zero AIME accuracy during training DeepSeek-R1-Zero average length per response during training

—— rl-zero-pass@1
—+— rl-zero-cons@16
-~ human participants

20000

17500

15000

12500

10000

Accuracy

7500

Average length per response

2500

[ 2000 4000, 6000 8000 10000 0 2000 4000 6000, 8000 10000
Steps

(Guo et al., 2025)

Reasoning increases context size significantly — cf. first part of the lecture
on long context adaptation and efficient transformers.
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Reinforcement Learning with Verifiable Rewards

The rewards in DeepSeek-R1 are verifiable.
No reward model needed! A simple regex can check the answer.
This allows simplifying many things.

DeepSeek-R1 also replaced PPO by a better RL algorithm:

B “Group Relative Policy Optimization (GRPO)” (shao et al., 2024)

More about this in Zita’s lecture this afternoon!
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Outline

Large Language Models

m What Next?
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From Tokens to Action

LLMs generate textual output for a given input, but they don’t intervene.

Agents perform actions based on observations from the
environment/world.
Action

2=—— @

Observation

Two perspectives on LLMs and agents:

m Agents can use LLMs to help reasoning and planning.
m LLMs can be enhanced to be given “agentic” capabilities.
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Key Components

Planning & Reasoning Memory
ReAct / CoT / Reflexion/etc Episodic, semantic, procedural, etc Environment
l l observe (external world)
—_—
Desktop OS,
LLM Core Web browser,
1 Mobile apps,
Games,
Tools Robots,
Retrieval, Calculator, Code, Search, Read/Write Memory... Databases,
1 act etc
—p

Agent actions: tool call, interaction, response to users

(Credits: Diyi Yang's NLP class)
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Key Components

| Short-term memory | Long-term memory |

Calendar() Memory [ -----F-=----==---- |

Calculator ()

Reflection

€ — - — -

Self-critics

5B

|CodeInterpreter() Tools [« Agent [ Planning

Chain of thoughts

y

Search() :
1
I

ffffff »|  Action Subgoal decomposition |

(https:/lilianweng.github.io/posts/2023-06-23-agent/)

Agents can combine LLM knowledge, reasoning, and planning capabilities
with external tools.
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Toolformer (schick et al, 2023)

m Trains LLMs to decide which

APIs to call, when to call them,

what arguments to pass, and
how to best incorporate the
results.

m Use self-supervised learning
with only a handful of
demonstrations for each API.

m Tools: calculator, Q&A system,
search engine, translation
system, calendar.

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga”, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law [WikiSearch(“Brown
Act”) — The Ralph M. Brown Act is an act of the
California State Legislature that guarantees the public's
right to attend and participate in meetings of local
legislative bodies.| that requires legislative bodies, like
city councils, to hold their meetings open to the public.

(Schick et al., 2023)
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Toolformer (schick et al, 2023)

m Trains LLMs to decide which
APIs to call, when to call them,
what arguments to pass, and
how to best incorporate the
results.

m Use self-supervised learning
with only a handful of
demonstrations for each API.

m Tools: calculator, Q&A system,
search engine, translation
system, calendar.

Your task is to add calls to a Question Answering APl to a
piece of text. The questions should help you get
information required to complete the text. You can call the
APl by writing '[QA(question)]” where 'question” is the
question you want to ask. Here are some examples of API
calls:

Input: Joe Biden was born in Scranton, Pennsylvania.

Output: Joe Biden was born in [QA("Where was Joe
Biden born?")] Scranton, [QA("In which state is
Scranton?")] Pennsylvania.

Input: Coca-Cola, or Coke, is a carbonated soft drink
manufactured by the Coca-Cola Company.

Output: Coca-Cola, or [QA("What other name is
Coca-Cola known by?")] Coke, is a carbonated soft drink
manufactured by [QA("Who manufactures Coca-Cola?")]
the Coca-Cola Company.

(Schick et al., 2023)
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Why Is Reasoning Helpful for Agents?

Obs t [ You are cooking a dish and seeing salt is out...

| —

Reasoning

Actt [ Turn right J
Obs t+1 [ You see a cabinet and a table... }
Act t+1 [ Open cabinet J

(Credits: Diyi Yang's NLP class)
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Orchestrator

In some scenarios it is useful to have an orchestrator to divide the task into
subgoals and coordinate with multiple systems.

@ Task

The attached image
contains a Python script.
Run the Python code
against an array of strings,

listed below. Output of the
script is a URL containing
C++ source code, compile,
run and return the sum of
the third and fifth integers ..

v
| £} Orchestrator

v
Orchestrator creates a
dynamic/task-specific

plan

- B FileSurfer

-*[T" @ ComputerTerminal

Execute code

<[> Coder

Analyze Python code from image

Access Image, extract code
archive_prefix = "htps:/web archive.org/weby20230¢
urindices - X
ur = archive_prefis " foinar(]} for | In urLindices)
printlur)

- %@ WebSurfer

Navigate to url, extract C++ code

5
[ <> Coder

Analyze C++ code

6
I %Q ComputerTerminal

Execute code

4 rosettacodeorg & © +

Return final result

© Task Complete!

https://www.microsoft.com/en-us/research/publication/

magentic-one-a-generalist-multi-agent-system-for-solving-complex-tasks/

André Martins (IS

Transformers & LLMs LxMLS 2026 165/180


https://www.microsoft.com/en-us/research/publication/magentic-one-a-generalist-multi-agent-system-for-solving-complex-tasks/
https://www.microsoft.com/en-us/research/publication/magentic-one-a-generalist-multi-agent-system-for-solving-complex-tasks/

Agents Can Be Used In Many Domains and Environments

Coding agents

Gaming agents

Mobile agents

Web/app agents

Computer agents

Robotics
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Example: Coding Agents

m Environment: project code repos, filesystems, IDEs, ...

m Observation space: code files, exe outputs, docs, errors, commit
history, ...

m Action space: code edits, file search/view, test updates, ...

O Issue > ( @ Language Model ) EL Unit Tests

data leak in GBDT due to warm 3
start (This is about the non- Pre PR PostPR Tests

histogram-based version of... 11 Generated PR

join_struct_col
+20 -12 EEEN
O Codebase B sklearn vstack_struct_col
W sklearn/ D regs.txt DO gradient_boosting.py
B examples/ [ setup.cfg O helper.py

D READMErst [3 setup.py M utils =]

9

dstack_struct_col

matrix_transform

AR A YA

euclidean_diff

SWE-bench (Jimenez et al., 2023)
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Example: Web/App Agents

m Environment: web browsers/apps

m Observation space: screenshots, HTML, historical actions, ...

m Action space: browser/app controls (click, type, scroll, drag, hover, ...)

f Self-hosted fully functional web applicalionsw

Feedback

Toolbox Knowledge resources
K ‘WebArena J

“
Tell me how much I spent on
food purchase in March 2023

\_/

O “m. @ ¥ | @0 _

OneStapShop CMS reddit GitLab 01’

¢ Create a ‘NolanFans' repo,
listing Nolan's Oscar-winning
films in a README file »

&

LE « 92 | T

X

Functional Functional
Success Failure

WebArena (Zhou et al., 2023b), https: //webarena.dev/og/
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Example: Computer Use Agents

m Environment: desktop operating systems

m Observation space: screenshots, accessibility trees, historical action, ...

m Action space: keyboard/mouse controls (click, type, drag, shortcuts)

OSWorld (Xie et al., 2024), https://os-world.github.io/
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Many Topics Not Covered in This Lecture

Retrieval-augmented generation (RAG)

m Tools and agents only covered very superficially

Deep research, Al for science, ...

Vision-language-action models, world models, ...

Pretraining and midtraining optimization

m Evaluation

Reinforcement learning — Zita’s lecture this afternoon!

Multimodal LLMs — Desmond’s lecture on Saturday!
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Outline

Conclusions

André Martins (IST) Transformers & LLMs



Conclusions

m LLMs went through several stages, from pretraining and finetuning to
prompting, reasoning, acting, ...

m Increasing the model size and training compute is not the only way to
drive progress.

m Test-time scaling can be effective—models can “reason” at inference
time and explore multiple paths to reach a solution.

m Challenge: we need to accommodate very long context lengths.

m Compressing the KV cache, using sparse attention, or hybrid
architectures are potential solutions.

m We can also combine retrieval with generation through RAG or use
external tools.

m Very active research on models with agent capabilities (code agents,
Web agents, embodied agents, ...)
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Thank you!

Questions?
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