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Attention Is All You Need

Zero-Shot Text-to-Image Generation
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AudioLM: a Language Modeling Approach to Audio
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https://docs.google.com/file/d/1cWoOvLYjGXLQz9Mzdrd7OYk7aPjJ4wSW/preview

Transformers (vaswani et al, 2017)

ggK+ citations
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In-context learning

inner loop -

outer loop

Learning via SGD during unsupervised pre-training

5+ 8 =13
7+2=09
1+08=1
3+4=7
5+ 9 =14
9 +8 =17

sequence #1

Bujusea] 1xaju09-u|

gaot => goat

sakne => snake

brid => bird

fsih => fish

dcuk => duck

cmihp => chimp

sequence #2

Buluies| 1xaju09-u|

WV

thanks => merci

hello => bonjour

| 1X21U09-U|

mint => menthe

Buiuses

wall => mur

otter => loutre

bread => pain

sequence #3

GPT-3 (Brown et al., 2020)



Unifying multi-modality as a single language model

to write. There's just so
much to answer.

Gato (Reed et al., 2022)



LLMs

NLP
Speech
Vision
Games
Controls
Robotics

Al for Science

AutoML



AutoML

Figure source: https://www.automl.org/talks/



AutoML

Traditional ML pipeline
e Data preprocess pipeline
e feature engineering
e  Select a model family

e Hyperparameters

selection
e  Model training

e FEvaluation

Figure source: https://www.automl.org/talks/



AutoML

Reference: https://www.automl.org/talks/

AutoML
e Hyperparameter
optimization (HPO)
e  Neural Architecture
Search (NAS)

e Meta-learning



Optimization in AutoML

A" = arg min L()\y Dirain; Dvalid)
AEA

Hyperparameter optimization (HPO)
o A hyperparameter values

Neural Architecture Search (NAS)

o A\ network architecture

Meta-learning

o A optimization algorithm, model initialization, etc



Optimization in AutoML

\* = argmin L(\, Dirain, Dvalid)

Hyperparameter optimization (HPO)

O

AEA

A hyperparameter values

Neural Architecture Search (NAS)

O

A network architecture

Meta-learning

O

L: optimization algorithm, model initialization, etc

Gradient-free optimization
Black-box optimization (BBO)

Bayesian optimization
Reinforcement learning
Evolutionary strategy
Genetic algorithms



What can LMs do
for AutoML?

Transformer architecture

e Powerful modeling

Add & Norm
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Go beyond BBO
e [everage textual
information
e More natural interface

for AutoML

R
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Outline

Basics of language modeling
and transformers

Transformers for optimization

Large language models for
optimization

Vision and opening questions
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O U tl I n e e Basics of language modeling

and transformers



The Transformer: Attention is all you need
(Vaswani et al., 2017)

Je suis arrivé .."
Output

e Encoder-decoder architecture
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The Transformer: Attention is all you need

(Vaswani et al., 2017)

e Encoder-decoder architecture

e Attention-base sequence model

o  Scaled Dot-Product Attention

T
Attention(Q, K, V) = softmax(———)V
( ) (\/d_k)
Q el
softmax( EH} ) @ ) EEH
Vg

-

(Figure source: jalammar.github.io/illustrated-transformer)
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The Transformer: Attention is all you need
(Vaswani et al., 2017)

Encoder-decoder architecture

Attention-base sequence model

Scaled Dot-Product Attention

o

o

Multi-Head Attention

l MatMul I

Mask (opt.)

Q K

NI

MultiHead(Q, K, V) = Concat(heads, ..., head, )W ©
where head; = Attention(QW2, KWX, VW)

-~

L 1
Scaled Dot-Product
Attention

1L — 11

l Linear I,Jl Linear 'JI Linear I,J
\_V K Q /

Je suis arrivé .."

Output

Probabilities

Add & Norm

Feed
Forward

Add & Norm

“l arrived at the .."

Gt Moim Multi-Head
Feed Attention
Forward Nx
Nx >ﬂ | Add & Norm
Add & Norm Masked
h Multi-Head Multi-Head
Attention Attention
J \. —
Positignal @_@ @ Positional
Engdding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

“<start> Je suis arrivé .."



The Transformer: Attention is all you need
(Vaswani et al., 2017)

e Encoder-decoder architecture
e Attention-base sequence model
e Positional encoding - representing the order of the sequence

PE(p05,2i) = sin(pos/ 100002i/dmode.)
PE(pos,2i+1) = cos(pos/lo()()o?i/dmdel)

N
ENCODER #0
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Transformers inputs

100s of hidden units

. Text ‘embedding dimension’

—_—

o  Tokenizer: sentence - token ids

Inputs tokenize

“| arrived at the ..” 2 40, 5284, 379, 262, ... 100008

Ex cool ‘:‘512 Words

o Embedding table: token ids - embedding vectors

40> ©5284> €379> €2620 +*- pr——
“Embedding Weight Matrix’

40, 5284, 379,262, ... 2 Inputs = [e



Transformers inputs

o Text
o  Tokenizer: sentence - token ids
“| arrived at the .." = 40, 5284, 379, 262, ...
o Embedding table: token ids - embedding vectors

40, 5284, 379,262, ... > Inputs = [e,, €., €300 €,c0s -]

[ Lmea.r Prolectlon of Flattened Patches ]
T 1 T T ]
—»III%‘# Ry

e Images

. E (Dosovitskiy et al, 2020)

EEG
|
RaN

1 | 1 | 1 1 1 1

. Linear Projection
e Audio

— ?—ulii
6 7 8
MP 1ch Splt wyhowrlpn. (Gong et al, 2021)

e Discrete features: One-hot encoding

100s of hidden units
‘embedding dimension’
—

Inputs tokenize

10,000s

Ex cool : 512 words

e E

Lookup Table
‘Embedding Weight Matrix’

Continuous features: Normalization (linear, mu-law, Riemann distribution)

(Chen et al, 2022; Reed et al, 2022; Muller et al., 2023)



Transformers outputs: representation learning

Use raw output (L x d’) in any way

Directly into downstream models
Take single slice (e.g. embeddings)

(L x d’) Output Tensor

T

Encoder

T

(L x d) Input Tensor (Text, Images, Audio, etc.)




Transformers outputs: answer generation

Multi-step decoding: 1 forward pass = 1 new token

Decoding Methods

e Ancestral Sampling o 5 0. o .
o Temperature sampling ’ ’ ’ ’ Py

Top-K Sampling T

Nucleus Sampling

e Max likelihood sequence ( , ! |i jL
o Beam Search | Possible Decoder
I Encoders I
D

O O O




Transformers pre-training

Yi YoY3 Ys Ys

00000
e Causal language modeling (e.g. GPT, PaLM) £= it

L= Z log P (y;|Decoder(y1:i—1)) OODOO

O  E.g.log P(“Thank you for inviting me to your party last week”) ODDOD
<S> Y, Y, Y3 Yy

Decoder



Transformers pre-training

e Causal language modeling (e.g. GPT, PaLM)
L= Z log P (y;|Decoder(y1.i—1))

i
o E.g. log P("Thank you for inviting me to your party last week”)

[ ] Masked |anguage mOdeling (e.g. BERT (Kenton and Toutanova, 2019))

L= Z log P(y;|Encoder(ymasked))

i€masked set

o E.g. log P("* * for inviting * * * * last *" | “Thank you * * me to your party * week")

Decoder

Encoder

Yi YoY3 Ys Ys

0000
0000
OO000

<S> Y Yy Y3 Yy




Transformers pre-training

e Causal language modeling (e.g. GPT, PaLM)
L= Z log P (y;|Decoder(y1.i—1))

i
o E.g. log P("Thank you for inviting me to your party last week”)

[ ] Masked |anguage mOdeling (e.g. BERT (Kenton and Toutanova, 2019))

L= Z log P(y;|Encoder(ymasked))

i€masked set

o E.g. log P("* * for inviting * * * * last *" | “Thank you * * me to your party * week")

e Hybrid objective (e.g. T5 (raffel et al, 2020))

L= Z log P (y;|Decoder(Encoder(x), y1:;—1))

7

¢ E.g. log P(“<X> for inviting <Y> last” | “Thank you <X> me to your party <Y> week”)

Decoder

Encoder

Yi YoY3 Ys Ys

asuen
00000
OO0O00

<S> Y Yy Y3 Yy




Downstream applications

e Fine-tuning e Prompting
o  Fine-tuning parameters on new data o  Give task description and new data
o  Supervised FT as context in the input

o Reinforcement learning FT (RLHF)

loutre de mer
menthe poivrée

girafe peluche fromage

!
Py # LM

T T

sea otter =>

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

plush girafe => girafe peluche

cheese => prompt



©) Google DeepMind

Outline

e Transformers for optimization



Optimization in AutoML

\* = argmin L(\, Dirain, Dvalid)

Hyperparameter optimization

O

AEA

A hyperparameter values

Neural Architecture Search (NAS)

O

A network architecture

Meta-learning

O

A: optimization algorithm, model initialization, etc

Gradient-free optimization
Black-box optimization (BBO)

Bayesian optimization
Reinforcement learning
Evolutionary strategy
Genetic algorithms



Iterative optimization as sequence modeling

z* = argmin f(x)
zeX

e An iterative optimizer

Az, f(il?t), he = 441



Iterative optimization as sequence modeling

z* = argmin f(x)
zeX

e An iterative optimizer

f
Az, f(il?t), he = 441

@

A

6 0



Iterative optimization as sequence modeling

z* = argmin f(x)
zeX

e An iterative optimizer

Az, (1), he = e




Iterative optimization as sequence modeling

z* = argmin f(x)
zeX

e An iterative optimizer

f f f

Az, f(xt), by = Te 41

©
00




Iterative optimization as sequence modeling

x*

= argmin f(x)
zeX

An iterative optimizer
Az, f(x), he = @1

Sequence-input optimizer
(Chen et al., 2017)

A X4, Y16 — Tt41

f

!

/

4 | 4 |
\
© © © Q) ©) oww
A A J
\

Model

J

} Input




Iterative optimization as sequence modeling

z* = argmin f(x)
zeX

e An iterative optimizer

Az, (1), he = e

-~ ! N
e Sequence-input optimizer
(L2L (Chen et al., 2017)) @ @ Kir @ Xt @/ OUtpUt
\§ 4 Y
A X1:4, Y16 = Te41 |

N
e Function surrogate fy, , v, (Tt+1) A Model
(Santoro et al., 2016)
A X1, Y1, Tl = Y1 - : /




Meta-learning Learning per task
adapt in context adapt via parameters




Meta-learning Learning per task
adapt in context adapt via parameters

Surrogate

Optimizer




Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning surrogates

Optimizer

f($t+1,X1:t,Y1:t)

e What's the input sequence (context)?
e How to encode the input?

Encoder

e HPO surrogate
o x:hyper-parameters, y: metric
O Context: sequence of observations (x, y),

Decoder




Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning surrogates

Optimizer

f($t+1,X1:t,Y1:t)

e What’'s the input sequence (context)? . . - TR,
e How to encode the input?

Encoder

(z1,y1)(x2,y2)(3,y3) T4 zs5

e HPO surrogate
o x:hyper-parameters, y: metric 2
O Context: sequence of observations (x, y),
@) PENSs (Muller et al., 2021; Muller et al, 2023)
e: = Linear(x¢, yt)

Decoder



Meta-learning surrogates
f(@eg1, X1:4, Y1:2)

e What’'s the input sequence (context)? . . - TR,
e How to encode the input?

e HPO surrogate (@1, 51) (22, y2) (23, ¥3) T4 s
o x;hyper-parameters, y: metric
o Context: sequence of observations (x, .,
@) PENs (Muller et al., 2021; Muller et al, 2023)
e: = Linear(x¢, yt)

D

Lol

“Inference is more than 200x faster than MLE-II
and 1000x to 8000x faster than NUTS”

10°

Negative Log-Likelihood

HHH‘ T IHHI\| T \IHIH‘ T \HHH‘ T \HHH| T }HHH‘
1072 107! 100 10t 102 103
Training time per task (s)

— NUTS — SVI -9 PEN (4M Datasets)

Surrogate

Optimizer

Encoder

Meta-learning
adapt in context

Learning per task
adapt via parameters




Meta-learning surrogates
f(@eg1, X1:4, Y1:2)

e What's the input sequence (context)?
e How to encode the input?

e HPO surrogate
o x:hyper-parameters, y: metric
O Context: sequence of observations (x, y),
@) PENSs (Muller et al., 2021; Muller et al, 2023)
e: = Linear(x¢, yt)
O OptFormer (Chen et al, 2022)
et = [Emb,s,...,Emb,p, Emb,, ]

} } b----4 1

(z1,y1)(x2,y2)(3,y3) T4 zs5
D
20 0 pg® 0 2O PO p® f0

QQ-00  QOQ-O0

Surrogate

Optimizer

Meta-learning
adapt in context

Learning per task
adapt via parameters

Encoder

Causal Transformer

O COI00-00; - 1I00-00

. | y
Task info  Param config | n® pz(l) Py O | Ip](') pz(l) @ O

Metadata Trial 1 Trial ¢

Decoder




Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning surrogates
f(xt‘l_]., Xl:t, y1:t) Optimizer

e What’'s the input sequence (context)? . . - TR,
e How to encode the input?

Encoder

e HPO surrogate (m1,91) (22, 92) (23, y3) T4 s
o x;hyper-parameters, y: metric
O Context: sequence of observations (x, y),
@) PENSs (Muller et al., 2021; Muller et al, 2023) 2O p" p® 0 O pO  py® O

e: = Linear(x;, ) QOO0 QO-00

o OptFormer (Chen et al, 2022)
et = [Emb,s,...,Emb,p, Emb,, ]

D

Causal Transformer

O COI00-00; - 1I00-00

< 1.0 GP Taskinfo ~ Param config : 2,V p,®  py® fO | | PO p® e fO

E 0.8{ = OptFormer Metadata Trial 1 Trial ¢ N
CE- [T
SVo6 o
°3 p P . o
o 0.4 Better predictive likelihood and uncertainty 8
2O . . 1

S o2 calibration than the GP o
[9)

9] £

& 0.01¥

0.0 0.2 04 0.6 0.8 1.0
CDF level F



Meta-learning surrogates
f(@eg1, X1:4, Y1:2)

e What's the input sequence (context)?
e How to encode the input?

4 } { 1 1
1 |
e HPO surrogate (@1, 51) (22, y2) (23, ¥3) T4 s
o x;hyper-parameters, y: metric 2
O Context: sequence of observations (x, y),
@) PENSs (Muller et al., 2021; Muller et al, 2023) 2O p" p® 0 O pO  py® O

e: = Linear(x;, ) QOO0 QO-00

Surrogate

Optimizer

Encoder

o OptFormer (Chen et al, 2022)
et = [Emb,s,...,Emb,p, Emb,, ]

Causal Transformer

o TabPFEN (Hollmann et al,, 2022) Metadata
[ Context: sequence of data points inx,

“vields a 230% speedup on CPU and a 5700x%
speedup using a GPU with comparable performance”

O COI00-00; - 1I00-00

. Ta b u I a r d a t a Taskinfo  Param config :

p,® Pz(l) Py O | Ipl(') pz(l) p? fO

Trial 1 Trial ¢

Meta-learning Learning per task
adapt in context adapt via parameters

Decoder




Meta-learning
adapt in context

Meta-learning surrogates
f(mt‘l_].? Xl:t7 y1:t) Optimizer

Learning per task
adapt via parameters

q(-|z4, D)q(:|zs, D)

e What's the input sequence (context)? \ A

e How to encode the input? —
} } } 1 1

e HPO surrogate (@1, 51) (22, y2) (23, ¥3) T4 s

o x:hyper-parameters, y: metric
O Context: sequence of observations (x, y),,
@) PENSs (Muller et al, 2021; Muller et al, 2023) 2O p" p® 0 O pO  py® O
— Linear(x., 1) Q-0  QOQ-Q0
O OptFormer (Chen et al, 2022)
= [Emb,1,...,Emb,p, Emb,,|

D

Causal Transformer

O COI00- OO| .OO OO

® Tabular data Taskinfo  Param config : p,® p,® PP /(1) | pl(') P, @ O

o TabPFEN (Hollmann et al,, 2022) Metadata Trial 1 Trial ¢
[ Context: sequence of data points inx,

.
°® - /
M et a I e a r n I n g General -Purpose In- Context Learmng Transformer

O Context: sequence of observations (x,y), ,
o  GPICL for image classification (Kirsch et al, 2022) S
€t = MLP(yt,1 , Xt) e Q @ @ Third query set

Encoder




Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning surrogates
f(mt‘l_]., X]_:t, y1:t) Optimizer

e What's the input sequence (context)?
e How to encode the input?

e HPO surrogate
o x:hyper-parameters, y: metric
O Context: sequence of observations (x, y),,
@) PENSs (Muller et al., 2021; Muller et al, 2023)
e: = Linear(x¢, yt)
O OptFormer (Chen et al, 2022) L
et = [Emb,s,...,Emb,p, Emb,, ]

Task

memorizationJ Learning to learn
| —— Seen MNIST

1
1
—— Unseen MNIST 1
| —— Unseen FashionMNIST :

Instance
memorization

o
o

e Tabular data

o TabPFEN (Hollmann et al., 2022)
[ Context: sequence of data points inx,

I
w»

I
IS

o
W

e
N

e Meta-learning
o Context: sequence of observations (x,y), ,
o GPICL for image classification (Kirsch et al, 2022)
er = MLP(y;—1,%¢)

(A
N

y

Accuracy improvement within sequence

2 26

Number of tasks ——

N
=}



Learning surrogates per task
f(@t41,0)

What's the input sequence (context)?
How to encode the input?

NAS predictor

O
o

Context: nodes in an architecture X,y
TNASP (Lu et al, 2021)
en = Embo, + MLP(L),

@)

@ Op types

@)

Meta-learning Learning per task
adapt in context adapt via parameters

Surrogate

Optimizer

&) .
QW Connection | {2
(in)




Meta-learning Learning per task
adapt in context adapt via parameters

Learning surrogates per task
f($t+1, 0 ) Optimizer

e What's the input sequence (context)?
e How to encode the input?

@)

@ Op types

ational Encoding

e NAS predictor

2
e} Context: nodes in an architecture x, @ oo

O INASP (Luet al, 2021) 6 Connection
en = Embop,, + MLP(L),, @x@ §

“Rank 2nd among all teams in CVPR 2021 NAS
Competition Track 2: Performance Prediction Track”



Learning surrogates per task
f(@t41,0)

e What's the input sequence (context)?
e How to encode the input?

()
e NAS predictor ()

O  Context: nodes in an architecture x, @ @
O INASP (Luetal, 2021)
en = Embo, + MLP(L), () (@)

e Tabular data

o FT-Transformer (Gorishniy et al, 2021)
u Context: features in one observation in X,

Meta-learning
adapt in context

Surrogate

Optimizer

Learning per task
adapt via parameters

Op types

Connection § Eeiks

eq = Linear(z4)

To

[CLS]

[cLs]

g
= Predict =[]

> Transformer =

Feature
Tokenizer

UL
|




@ Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning optimizer Y

I
xt (Xlt_:l? yl:t—l) [@@ @@ ] Optimizer e(Xrie-1,Y1e-1)

e What's the input sequence (context)?
e How to encode the input?



@ Meta-learning Learning per task
adapt in context adapt via parameters

M | ' imi
eta-learning optimizer A

) ) )
xt(xl:t—ly}’l:t—l) [@@ 00 ] optimizer | FRH1 Y1)

e What's the input sequence (context)?
e How to encode the input?

e Population-based Optimizer Iterate
o Evolutionary strategy (Lange et al, 2022) Q l | )
{z;}Y, {£i}}h
Sample = Evaluate = Update,
N(m’o'ID) m,0 —m,o




N
Meta-learning optimizer Y
Te(X1:4-1,Y1:6-1)

? f f f ? f o Te(X1ie—1, Y1it-1) [
(OO0 00 J o

e What's the input sequence (context)?
e How to encode the input?
[

Population-based Optimizer
o  Evolutionary strategy (Lange et al, 2022)

| | |
— / Rank Evaluations\ —_— Mean Am
By Performance — . )
~

-

0

)

Weight

0

Std Ao
0.0 e
—_— 0 5 10 15 Qg (\/ij(wj -m)’—o
\ Rank / - © :

i




N
Meta-learning optimizer Y
Te(X1:4-1,Y1:6-1)

? f f f ? f o Te(X1ie—1, Y1it-1) [
(OO0 00 J o

e What's the input sequence (context)?
e How to encode the input?
[

Population-based Optimizer
o  Evolutionary strategy (Lange et al, 2022)

- ~ B
_— f Rank Evaluations\ -

Mean Am
By Performance
—~

(e

o
)

Weight
o
=
1
]

.

() —
\J

Std Ao
0 N . 2 /
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Meta-learning Learning per task
adapt in context adapt via parameters

Surrogate

Meta-learning optimizer

fEt(Xl:t—l,YLt—l) [é)

O
O
O
O
O

] Optimizer

e What's the input sequence (context)?
e How to encode the input?

e Population-based Optimizer
o  Evolutionary strategy (Lange et al, 2022)

[ ] Context: population in a generation
() G ) s (e 3) /

wy,...,wy = Transformer(yy,...,yn)
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Meta-learning optimizer

CBt(Xlzt—1,Y1:t—1)

What's the input sequence (context)?

How to encode the input?

Population-based Optimizer

o  Evolutionary strategy (Lange et al, 2022)
[ ] Context: population in a generation
(15 1) (g V)5 wees (X 1)
wy,...,wy = Transformer(yy,...,yn)

Learning per task
adapt via parameters

Meta-learning
adapt in context

Surrogate

I
(00 ©

@-—»

Optimizer

Meta-train

(=10D synthetic

Sphere Contour,

Rel. Brax Performance

Meta-test
(4-hidden layer MLP)
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Meta-learning optimizer

xt(Xlzt—l,Y1:t—1)

ANy

Surrogate

Meta-learning
adapt in context

Learning per task
adapt via parameters

o
O+
O
O

O

O

e What's the input sequence (context)?
e How to encode the input?

e Population-based Optimizer
Evolutionary strategy (Lange et al, 2022)

o

o

[ ] Context: population in a generation
(15 1) (g V)5 wees (X 1)
wy,...,wy = Transformer(yy,...,yn)

Genetic algorithm (Lange et al, 2023)

Context: population in a generation
Replace crossover and mutation with
Transformers

Optimizer

T4 (X1:0-1, Y1:6-1)

Evaluate
children
population
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Meta-learning optimizer Y
L T O N

Lt (Xl t—1,Y1:t—1 ) [ @@ @@ ] Optimizer LI

e What's the input sequence (context)?
e How to encode the input?

e Hyperparameter optimizer

(OptFormer, Chen et al., 2022; Krishnamoorthy et al,, 2022)
2 p®  p® O p,® p,O P [0

o Context:
(1) metadata (task info + parameter config) O O OO O O O O

€metadata = LextTokenizer(m)

(2) sequence of observations (x, ), , Causal Transformer

B o O C00-00; - 100-00

Task info  Param config | p(l) Y P f(l) | | p(t) P O

Metadata Trial 1 Trial ¢



@ Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning optimizer Y
' 1 () ()
Lt (Xl t—1, Y1 it—1 ) [ @@ @@ ] optimizer | SO Vi)
e What's the input sequence (context)?
e How to encode the input?
e Hyperparameter optimizer
(OptFormer, Chen et al., 2022; Krishnamoorthy et al,, 2022)
o  Context:
(1) metadata (task info + parameter config)
(2) sequence of observations (x, y),,
O  Predict functions as a surrogate
________ ‘{___________"r______\



@ Meta-learning Learning per task
adapt in context adapt via parameters

Meta-learning optimizer

Surrogate

Ol
O
Ol
O

' 1
Lt (Xl t—1,Y1:t—1 ) [ @@ ] Optimizer LI
e What's the input sequence (context)?
e How to encode the input?
e Hyperparameter optimizer
(OptFormer, Chen et al., 2022; Krishnamoorthy et al,, 2022)
o  Context:
(1) metadata (task info + parameter config)
(2) sequence of observations (x, y),,
O  Predict functions as a surrogate
O  Predict parameters as an optimizer Vo -‘{ S



Transformers as an optimizer

iL’t(Xlzt—l,YLt—l)

e What's the input sequence (context)?
e How to encode the input?

e Hyperparameter optimizer
(OptFormer, Chen et al., 2022; Krishnamoorthy et al,, 2022)
o  Context:
(1) metadata (task info + parameter config)
(2) sequence of observations (x, y),,

O  Predict functions as a surrogate
O  Predict parameters as an optimizer

O  Test time: HPO algorithm
m  Sample x,

Meta-learning Learning per task
adapt in context adapt via parameters

Surrogate

A
I N N S
[ @ @@ ] Optimizer

TRAINING MODEL
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Transformers as an optimizer Y

I
xt (Xlt_:l? yl:t—].) [@@ @@ ] Optimizer -1, ¥1:0-1)

e What's the input sequence (context)?

e How to encode the input?
“Imitating 7 HPO algorithms with prompting”

algorithm: "Random Search", ...
algorithm: "Regularized Evolution", ...
algorithm: "Hill Climbing", ...
algorithm: "GP-UCB", ...

e Hyperparameter optimizer
(OptFormer, Chen et al., 2022; Krishnamoorthy et al,, 2022)
o  Context:

10 Grid Search i Shuffled Grid Search 10 Random Search 10 Eagle Strategy
H : < o | T | slom
(1) metadata (task info + parameter config) £ T — orgetpoiey]] £ ool 5[ R | —
. £ s0| \  — OptFormer Sos i g Sosl!
(2) sequence of observations (x, y) 2 \ 2 o 2 =
1:¢ 1] g 3 3
£ £0.6 i 206
] s ] ]
E E E E
2 204 = Target policy 204 = Target policy 204 = Target policy
g g ~— OptFormer g ~—— OptFormer z —— OptFormer
M M o o o o
O Predict functions as a Surrogate B 70 40 60 8 100 %% 20 40 60 80 100 "% 20 40 60 80 100 %0 20 40 60 80 10
Trial Trial Trial Trial
O Predict parameters as an optimizer _ 10, Regularized Evolution Hill-Climbing B
S ] S e S
Sos Sos = 5
2081, B e E
: : I 3 i 3
O  Test time: HPO algorithm Hoof 206 g
E | E E
| | Sample X 204 = Target policy 204 = Target policy 204] — Target policy
! i ] === OptFormer ﬁ { === OptFormer ﬁ === OptFormer
©0.2 @ 0.2 ©0.2
20 40 60 80 100 20 40 60 80 100 0 20 40 60 80 100

Tral Trial Trial
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Transformers as an optimizer Y

I
xt (Xlt_:l? yl:t—l) [@@ @@ ] Optimizer -1, ¥1:0-1)

e What's the input sequence (context)?
e How to encode the input?

e Hyperparameter optimizer

(OptFormer, Chen et al., 2022; Krishnamoorthy et al,, 2022) 5 0.9
o  Context: E
(1) metadata (task info + parameter config) =

(2) sequence of observations (x, y),, - 0.8]
S
©

O  Predict functions as a surrogate
O  Predict parameters as an optimizer

Random Search

O  Test time: HPO algorithm
m  Sample x,
m  Sample x + rank with y prediction 0 >0 40 60 80 100
m  Multi-step planning (Dery et al, 2022) Trial




Transformer-based AutoML

Still in early days yet SOTA performance in many areas

Meta-learning
adapt in context

Surrogate f(Tey1,X1:4, Y1:0)

Learning per task
adapt via parameters

f(xt—i—h 9)

Optimizer Tt(X1:6-1, Y1:t—-1)

Tt+1(0)
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Outline

Large language models for
optimization



Language as an interface for AutoML

End-to-end pipeline understanding User-based system interaction
(Singh et al, 2021) (Tornede et al, 2023)



https://arxiv.org/abs/2306.08107
https://arxiv.org/abs/2106.13743

AutoML Data

£
ts.mnist

(x_test, y

(I

""name'': ""convnet on cifar10'",

vation=tf.nn.relu),

"metric": "accuracy", f s.D : ation=tf.nn.softmax)

n, y_train, epochs=5)
-test, y_test)

Textual Data Structural Data Numeric Data
Hyperparameter Name Classifier Architecture Hyperparameter Value

Task Description Evaluation Code Objective Value



To tokenize or not? Case Study: NAS

Manual Encoding Hypothetical Token Encoding
e Fixed length encoding e Exploits length-independence
e Domain-specific e Train over multiple tasks

Low transferability?

Input Path Ensemble of
Architectures  Encodings  feedforward

@ ‘ networks LM

&

@ E P

B i

@ @ |

AR
@g E {Opl: Conv3x3, Op2: Conv5x5, ..}
@ . o
S

O,

{Nodel: Node3, Node2: Node4, ..}
(BANANAS, White et al, 2021)



https://arxiv.org/abs/1910.11858

AutoML Challenge: Tokenizing Numbers

Token-based numerical understanding is still poorly understood.

“ 241 - (-241) +1

241 - (-241) +1is equivalent to 241 + 241 + 1, which simplifies to 483 + 1. So

241 - (-241) + 1is equal t€484) wrong!

(ChatGPT, 2022 Version)



Numerical Tokenization methods

How to tokenize 0.45?

Positional: [*0’, ‘.’ , ‘4’ , ‘5']

Scientific: [Y4’, M.’ , ‘57, Y%7/ 107, ‘A7, -
Word: “Zero point four five”

(Custom) Scientific: ['<+>’, ‘<45>', ‘<E-2>']
(Custom) Normalize and bin: [<45>]

Some References

Linear algebra with transformers - TMLR (Charton, 2022)
Towards Learning Universal Hyperparameter Optimizers with Transformers - NeurIPS (Chen et al, 2022)
Investigating the Limitations of Transformers with Simple Arithmetic Tasks - ICLR Workshop (Nogueira et al,

2021


https://arxiv.org/abs/2112.01898
https://arxiv.org/abs/2205.13320
https://arxiv.org/abs/2102.13019
https://arxiv.org/abs/2102.13019

AutoML Challenge: Tokenizing Numbers

Standard Tokenizations Custom Tokenizations
(Positional, Scientific) e Controllable properties (fixed
e Easier interface w/ pretrained length, output locations, etc.)
LLMs e FEasier to decode + deserialize
e Requires less string preprocessing o Explicit numeric
e Unnatural representation for distributions computable
models e Hard to interface w/ pretrained
e Difficulty parsing outputs (esp. LLMs (esp. Decoder-Only)
multiple numbers) o Low transfer w/ other tasks

(., o, 2, .., 7, 8", '97] [<0>, '<1>', .., '<100>', <E-0>, .., <E-2>]




AutoML Challenge: Tokenizing Mathematical
Structures

Tokenizing complex mathematical structure is still poorly understood.

How to tokenize:
e DAGs / NAS graphs?

o = n n!
e Combinatorial (ex: n-choose-k, permutations) k] k-'(n _ k)'

e Space constraints (ex: simplex)




AutoML Challenge: Constrained Decoding

How to enforce numeric / mathematical output at decoding-time?

What is 2+7? Just give me the answer only.

2+7=09.

| also ran a Python code to calculate the same thing and got the same answer:

Python

def add_two_numbers():
"""This function adds two numbers and returns the result."""
first_number = 2
second_number = 7
sum = first_number + second_number
return sum

print(add_two_numbers())

(Bard)




AutoML Challenge: Constrained Decoding (Custom LM)

[ Softmax & Cross Entropy ]

Vocabulary logit masking WP, _ - — -
e Sample subset of tokens at each step o ﬂ [j [: l
o Ex: Sample digits only Logmf.DC]DD[:JD [:]

Tio-mask]? T (o-mask]? Tixpupl

Non-LM Decoding

e Use custom sampler or NN w/ encoder output
o Ex: MLP output




AutoML Challenge: Constrained Decoding (Text APl only)

Prompt engineering

[ ]
o Requires advanced regexes

Fine-Tuning

e Show training examples of correct format

Embedding Service + Custom Decoder

e String -> Tensor

LLM

“This is a string”

Ex: “Just give me a number”, “Convert your reply into format...”

[ 7@ AL T

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
make lunch. So they had 23 -
20 = 3. They bought 6 more
apples, so they have 3+ 6=9.

/

\ Language
model \

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George

Q: Can Geoffrey Hinton have a
ion with George i

Give the rationale before answering.

Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

)

Embedding

Vector

Custom
Decoder
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Outline

e Vision and opening questions



“ChatGPT Moment” of AutoML

Providing hints

e User: "Hey | have an objective function f(x) of the form f(x) = A*sin(x) where A is unknown. Can you help
me obtain the argmax given previous evaluations ..?"
o Al “Sure thing. Here are my first few proposals: .."
e User: “I'm training a CIFAR-10 model...”
o Al “I'l keep this in mind and only predict accuracies within [0, 100].”
e User: "My objective has an upper bound of 1.0. Use this fact to improve predictions?”

Controlling Algorithm Behavior

e User: “Can you comprehensively explore the search space for the first 50 trials, then exploit for the last
50 trials?”

Subjective Metrics
e User: “The cookie recipe you suggested tasted terrible. Can you give a better recipe with less salt?”
Flexible Search Space Description

e User: "My search space is the disk xA2+yA2 <=1. Make suggestions (x,y) only in this region?
e User: “Search space are subgraphs of G with at most 10 edges.”



Dataset

Code

Multi-modality in AutoML

AEES BROE TREE @S T NN
= F e B ad o
o= AR - o
Bl - fe) o]
(a) ImageNet . (c) Aircraft (d) Birds ‘ E 45
HE = HEEE BEES SEEE _8
NE DEDSD CHEE (a0 asl x
EEE o+ Fm HHEE SIS ESRG N
Ef PEHIE EEEE EaE.. RSB o
() Quick Draw (g) Fungi (h) VGG Flower (i) Traffic Signs () MSCOCO <
Normal Cell Reduction Cell
import tensorflow as tf AutOML—GatO
mnist = tf.keras.datasets.mnist
(x_train, y_train), (x_test, y_ test) = mnist.load_data()
x_train, x_test = x_train / 255.0, x_ 2 0
model = tf.keras.models.
tf.keras.layers.Flat
tf.keras.layers.
tf.keras.layers. t ) " " " .
])tf.keras.layers. : =tf.nn. 5 name": gan]_d 500 iters -
)
f(x) = az® 4 bx + ¢ | "2022-05-18"
| "parameter": {
model.fit(x_train, y_train, epochs=5) " nwe. " 1 "
model.evaluate(x_test, y_test) name 2 learnlng—rate ’




Unified String API for AutoML

A The Problem with LangChain (minimaxir.com)

268 points by minimaxir 48 days ago | hide | past | favorite | 92 comments

Common quote: “50% of a LLM researcher’s work is writing
serialization/deserialization tools.”

Relatively easy for other LLM subfields:

e Text: Human eval, multiple choice eval
e Code: Python eval ()

Not so much for AutoML:

"parameter'': {

""name'': "convnet on cifar10",
"metric'': "accuracy'',
"goal": "MAXIMIZE",

"algorithm'': ""random_search",

"name": "opt_kw.lr",
"type": "DOUBLE",
"min_value": 1le-6,
"max_value": le-2,
"scale_type": "LOG"

}

""parameter'’: {

"name": "opt_type",
"type"™: "CATEGORICAL",
"categories": ["sGD", "Adam"],
}

"trial" {

"parameter": {
"opt_kw.lr™: 0.0021237573,

e Hyperparameters: (learning rate=0.5, batch size=0.6)

e Graphs: ‘adj list’ = {3: [0,2,5], 7: [1, 2],

JSON is too restrictive / long.

O S |




Leverage Massive Data

An experiment is “just” an (x, y) pair...

Collect all experimental data from humankind?

e Concrete example: All saved AutoML databases so-far
e Already in comp-bio community!
o “Given chemical X, what value is its Y property?”

What other AutoML Data can we collect?

~ . Hugging Face

c4D
[»  Text Generation

ries:  100M<n<1B

Q like

Fill-Mask

sks:  language-model

found

[\?:io



LLM Benchmarks for AutoML

Blaeldox Optimization with Hints
e “f(x) is a quadratic polynomial with unknown coefficients.”

f(x) =az®+ bz +c

Multi-trial optimization over new domains
e Ex: Programs, Combinatorics, Constraints

def Setup():
s2 = 0.001 # Init learning rate.

def Predict(): # v@ = features
sl = dot(ve, vl) # Apply weights

def Learn(): # v@ = features; s0 = label
3 =s@ - s1 # Compute error
4 = s3 * s2 # Apply learning rate.
V2 = v0 * s4 # Compute gradient.
vl = vl + v2 # Update weights.



https://blog.research.google/2020/07/automl-zero-evolving-code-that-learns.html

AutoML Benchmarks for LLMs

Beyond the Imitation Game: Quantifying and extrapolating
the capabilities of language models
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Multi-trial conversations
e Loop: “This cookie recipe tastes Y. Can you give me a better
recipe X?"

Numeric + Combinatorial Understanding
e “Previous evaluations (x,y) were ... of quadratic f(x). Predict
f(x=5)?"
o “Give me 90%-confidence interval on prediction?”
o Tool use? .

time



Questions?



