mcBrLab Lilibil;

®™ Stanford EAIN Sﬁvzﬁsg

University

Primer on LLMs for biology

James Zou

James Zou

WWW.james-Zou.com ' jamesz@stanford.edu




mcerLab Lilibil;

Al generated text are all around us: peer reviews

ICLR conference reviews 2020-2024
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Large spikes in words that are more likely to be used by
LLMs than by human reviewers.
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James Zou

Many reviews are substantially written by LLM
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Increasing use of LLMs to write papers

Estimated % of LLM generated text in papers
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Outline

|. Tutorial on how to build large language models.

2. Language models for biology.

James Zou
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Language models pre-2017: word embeddings

They are functions (parametrized as neural networks) mapping text into
vectors such that the vector geometry captures semantic meanings.

Input text Vectors (aka embeddings)

A [ L o] E
1he 0.056 0.043 0.051
cat 0.072 0.076 0.1
dog 0.088 0.099 0.028
Murse 0.03 Q018 Q.058
doctor 0.097 0.093 0.035
king 0.013 0059 0.024

queen 0.087 0.072 0.029
arrd AT AMRAA 0 ANE

James Zou
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Can then use these vectors for downstream tasks
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Language models pre-training via mad libs

1 would like to say a few more words about the
ADJECTIVE

most important invention of the twentieth century. I am not
referring to S_C_iE—nCE or even to the discovery of
AN INVENTION

science . The most im ¢r+c|n+ invention,
A FOOD ADIECTIVE

in my epinion, is the sneaker. If it were not for sneakers, our

Jives would be dirty, cold, and
PART OF BODY [PLURAL)

James Zou m]%&rﬂbf& . Snecakers keep me from skidding if the
ADIECTIVE

_._.ﬂkL are slippery, and when I run, they keep me

FLURAL NOUN

from stubbing my 'FDG I'

FLURAL NOUN
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Pre-trained language models
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Language models pre-training via mad libs

I would like to say a few more words about the
ADIECTIVE

most important invention of the twentieth century. I am not

referring to ___ SCIENCE  or even to the discovery of
AN INVENTION

ECj_en':e . The most im l?l"l'f.'ln+ invention,
A FOOD ADIECTIVE

in my opinion, is the sneaker. If it were not for sneakers, our

lives : )
FART OF BODY (FLURAL) would be dirty, cold, an

James Zou migerabfe . Sneakers keep me from skidding if the
ADIECTIVE

rﬂcks and when I run, they keep me
PLURAL NOUN Are: Uppsry. s AP

from stubbing my 'FDG‘I-

FLURAL NOUN
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What is learned during mad libs training?

Stanford University is located in California. [Trivia]

Iput___ fork down on the table. [syntax]

The woman walked across the street, checking for traffic over  shoulder. [coreference]
| went to the ocean to see the fish, turtles, seals, and . [lexical semantics/topic]

Overall, the value | got from the two hours watching it was the sum total of the popcorn
and the drink. The movie was ___. [sentiment]

uman (2018)

James Zou

3
=100 '
Milfign Billien
L]
13y.0. BERT RoBERTa GPT-3 Chinchilla
Human (2018) (2019) (2020) (2022)

Jesse Mu C5224N
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Pretrained LLM are not aligned with human intent

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

COMPLETION o

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 & year old.

James Zou
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Instruction finetuning

Ploase answer the following question,
Whiat i5 the bailing paint of Nitrogen?
k.

Chain-of-thought finetuning

Answoer the following question by
reasonang shep-by-step.

The cofeteria had 23 apples. If they
usisd 20 for lunch and bought & mare,

how marry apples do they have? Language

G Can Geoffrey Hinton hive a
comversation with George Washinglon?
Give the raticnale before answering.

Step 2:aligning LLM to user intent with instruction fine-tuning

The cafetena had 23 apples
onginally. They used 20 1o
miake hanch. 30 they had 23 -
20 = 3, Theiry bowght & mone
apples, 5o they have 3+ 6= 9.

Gealfrey Himon i a British-Canadian
COMPUIss SCemist born in 14T, Geange
Washinglon died in 1799, Thus, they
could nat have had a comersation
together, 50 the answer i “no”,

Chung et al. 2022
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Step 2:aligning LLM to user intent with instruction fine-tuning

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

Sure! Here's an explanation of the moon landing for a G-year-old in simple ten

ronauts from Earth traveled in a special spaceship called Apolla
the moon, which is a big ball in the sky that w at night, When

they got there, they stepped out of their spaceship and became the first pecple ever to walk

on the moon. It was a huge adventure and a really big moment for everyone on Earth!

James Zou

Give the rationale before answering |_together. Sa the answer & "no".

Chung et al. 2022
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Step 3: Reinforcement learning with human feedback

Shepl
Colleot demonstration data,
and train & supervised palicy,

A prompd is P
aamped Trom our \'.}

prompt dalaset i

A lnbadar

s it tha
ciesirnd output
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Thits data is usid
o fir-iuing GPT-3
with suporvised
lnarnirdg

Step?

Callect comparison data,
and train o riward model

& prampt and
sinviral rrddel
ouiputs e
samped

A Labolar famka
the outputs from
bt 16 warsl

Thes data is used
ta train o
e ikl

Sbep S
Optimize a policy against
the roveard modol using
reinforcemant lparning.

A naw prompt
I8 spirgHod ficen
Ehar dinlaisl

Theo policy
GinIFALTR
an cutput

Tha eaweard modal
calcalatos a
rerwvard Bor

Ehar pulput
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Eha paolicy
edirg PP,




mcerLab Lilibil;

Examples of RLHF benefit

Training lenguage maodols (o follow instr
with Bumun feedback

Lo Dlpmg” BT Nalamy’ D Al Dl L Wkseright'

Pk Mikkin” g Py Sisitind Arwal Kot Shama s Rip

T e
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S lais® e

James Zou

Presapl:

Creaie a shopping bt from this recige:

Trum the crds off succhisa Ot succhini in hall lenpilnise; sodop oul jadp, loaving 12-in shelb, Fiscly
chap pulp. In o skillet, cook beel, secchind pulp, caion, mubeooms and poppens. over mediom heat unil
mest i fo longer pink; drain. Remove from the heat. Add 12 oup cheese, kepchip, s and pepper; mis
well, Sposee inta b pucchini shell, Place in a geoased 130953 haking dish. Sprialbe with remaining
chevse.

Labeler desmonsieation

wochini, beed, cpion, mebeoom, peppers, choese, koichup, sall, popeser

G T3 1TSH commplition:

Bake, uncoversd, a1 507 for 20-2% minuies or untl zacchind is iender and cheese b meliod

Enstruct T 1758 completion:
Fake. uncovered. ai Y507 for 20-15 minuics.

- B ucchinm squadk, emds trimmed

- 1 pound ground beol

- 1 cup finely chigped macchin palp
1 szl ofizcm, <harprped

« & ounces diced mimbrooer

1 vwot rad o8 grees peppet, divad
172 cup grated cheese

- 15 cup ketchop
Sal and popper (o fasie

- 1 cuj aheddad checws
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Language models pre-training via mad libs

1 would like to say a few moere words about the
ADJECTIVE

most important invention of the twentieth century. I am not
referring to SCIENCE  or even to the discovery of
AN INVENTION

science . The most im ﬂ'l‘+ﬂn+ invention,
A FODD ADILCTIVE

in my opinion, is the sneaker. If it were not for sneakers, our

lives :
T RN aTH would be dirty, cold, and

James Zou mIS_E'I!‘EIb}'E . Sncakers keep me from skidding if the
ADIECTIVE

rocks are slippery, and when I run, they keep me
FLURAL NOUN

from stubbing my 'FDD'I'

PLURAL NOUN
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What is learned during mad libs training?

Stanford University is located in California. [Trivia]

Iput___ fork down on the table. [syntax]

The woman walked across the street, checking for traffic over ___ shoulder. [coreference]
| went to the ocean to see the fish, turtles, seals, and . [lexical semantics/topic]

Overall, the value I got from the two hours watching it was the sum total of the popcorn
and the drink. The movie was ___. [sentiment]

James Zou
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Step 3: Reinforcement learning with human feedback

Stepl
Collwot demonstration data,
and train & supoervised policy,

A prompk is
aampkil rom dur
perompl dataset

A lababar
cemanstiies tho
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£ firsp-inng GRT-3
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larmnirsg

Siepd
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angd train & nivward modol
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snvdr il irded
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samphed

A Labolar fanks
the outputs from
bt 1 e il

Thisk data is used
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e ekl

Sbep 3
Optimize a policy against
thie reward modol using
reinforcemant learning,

A naw prompt
I8 sargHod fioem
the datasel

Tha policy
GnIFALE
an gutput
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el e pdate
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Systems of Al agents

Components

soluiions

Tim's CoT i il

HLOON G CoRRes s

Zaharia et al. 2024
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Examples of RLHF benefit

Prespt:
Creaie a shopping b from this recige:
Trim the crdi off sudcbisa Dt rucclisi in hall kengiwise; seoop oul jeip, laviag 172-in sbelb. Fincly
chop palp. In a skillet, cook beell socchini pulp, onion, mubeooms and poppons over mediom beat urniil
meal i o longer pink; drain. Remove from the beat. Add 172 cup choese, ketohugp, sadi and pepper; mix
Training language maodels to fallow instructi wedl, S mﬁtﬂﬁu\\. shelh :n:.u-in.,,-muum...-l haking dish xp‘:'.ﬂl; with remaining
with Bumun feedback cheese.

Labeler desmormieation

wochini, beed, cpion, mebeoom, peppers, choese, Ecichup, salt, popeser

Fomals bkl Clong Py Seniblel ipereal  Kotwrisa thema ks Rip GPT-3 1758 completion:

Eake, uncoversd, at 1807 for 2028 minuies or umil zscching is iender and cheese b meliol

Loy Sapnmy” Bl W' N Baay’  Deiege e’ Carvell L W alasrighe

[ S = ] T R e LT S S

o e et e struet GFT 175E completion:

S hake Pp— [kake. uncovercd. st 350° for 23-25 minoies.

« B rucching squash, ends rimmed
= 1 puaund ground bocd
James Zou 1 up oty chogped sncehi pulp
- 1 szl osican, churfrped
« K ounces doed minbroo
- 1 smet 1od ¢ grece pepper, dived
172 cup grated cheese
- 15 cup ketchup
Sal and pepper (o tasie
- 1 cup shieddad cheeie
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Step 3: Reinforcement learning with human feedback

Siepl
Collect demonstration data,
and trabn & supervised policy.

& prompd i P
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prompl datasot e LT
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£ fireining GPT-5
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Step 2:aligning LLM to user intent with instruction fine-tuning

Instruction finetuning

What i5 the Bailing point of Nitrogen?

e

[ Pleasa answer the following question,

Chain-of-thought finetuning

Angweer thee following question by

repsoning step-by-step

Thir cofeteria had 23 apples. If they

used 20 for lunch and bought & mare, \

how many apples do they have? Language

model

Multi-task instruction finetuning (1.9% tasks)

ion to unseen tasks

Q: Can Geoffrey Hinton have a
comersation with George Washinglon?

Give the raticnaly before answering

The calfetena had 23 apples
originally. They used 20 1o
make lunch. 5o they had 23 -
20 = 3. Thery bought & mone
apples, so they have 3+ 6= 9,

L

Geolfrey Himon i a Brtish-Canacdian
COMPUTET SCemist born in 14T, Geonge
Washingion ded in 1799 Thus, they
could nat have had a comersation
together, 50 thi angwer i “no”,

Chung et al. 2022
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Systems of Al agents

Components

James Zou

Zaharia et al.
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The new frontier: mixture of agents (MoA)

Best performances are
achieved by system of
multiple agents rather
than one model.

James Zou

2GSE
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The new frontier: mixture of agents (MoA)

“Synthesize and refine all the

responses from previous agents”
[Prompa] [Imtermedinte Chitput ] [Imermediate Output] [Intermediate Cutpu |

|G E
s
James Zou —[I]m}

Layer !

!
[Fimal Cupat]

.

-

Wang et al. 2024
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MoA of open-source agents outperforms GPT4o

AlpacaEval @ Leaderboard

An Automatic Evaluator for Instruction-fllowing Languige Models
Long-controled {LC] win sates alovisls wng banen. of (T4, But & may o modeis Protones o & ool

¥}

Version: ApacaEval | AlpacaEval 2.0 Filer: | Community | Verfled

Adprar T8+GPT-4 Turbo (0409] =
CPT-4 Omnd (0513) =
G4 Turbo (05 ™

GRT-4 Proview (1006 *

Wang et al. 2024
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The new frontier: mixture of agents (MoA)

“Synthesize and refine all the

responses from previous agents”
[Intermedinte Cuiput] [Intermedinte Output] [Intermediate Output]
- ‘

] [Final Chupaut]
EILE CYEH|C |

: ‘-”'1.7 I—
James Zou —[E-»

Wang et al. 2024
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MoA of open-source agents outperforms GPT4o

AlpacaEval @ Leaderboard

An Automatk: Evaluator for instnuchion-fllowing Language Models
Ling-controled 1.5 win e slovise 'wep bakes of (774, et f may e modeis Brotoes o i ululs

0

Version:  Apacatval | ApacaEval 2.0 Filer: | Community | Veriled

Adgreer TB+EPT-8 Turbo (D403) =
GPT-4 Omni (0513 =

GIPT-4 Twrbo (005 ™

wi-Lamge Proview ©

Eneewn-TH (nism_beamas iG] =

G4 Preview (1106) =

Wang et al. 2024
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The new frontier: mixture of agents (MoA)

“Synthesize and refine all the

responses from previous agents™
| Prompa) [Imtermesinte Caput] [Imtermedite Output] [Imtermeediate Output]

“\
1 — [Final Cmpat |

Fiaias rI_P hH

James Zou
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LLM summary
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Outline

|. Tutorial on how to build large language models.

2. Language models for biology.

James Zou
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Applying language modeling to biology

Transter Learning Direct Prediction Embedding Analysis

James Zou

- m’:ll ESM, TCRRBert, Geneformer etc.

Simons, Swanson, Zou Nature Methaods in press
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What are possible representations for a gene?

Muclectide sequences

TGCTCTTGTT GCCCAGGCTG
GAATGCAATG GCCTGATCTC
TGCTCACTGC AACCTCCACG
TCTCAGGTTC AAGCTATTCT
CCTGCCTCAG CCTCCCAAGT
AGCTGGGATT ACAGGTATGA
GCAACCATGC ATGGCTAATG
TTTGGATTTT TAGTAGAGAC
TAAATTTTAG TAGAGACTAGA
TTTTAGGTTT CACCATGTTG
GTCAGGTTGG TCTGGAACCC
James Zou TGACCTCAGG TGATCAGCCC

Ji et al. (2021); Poli et
al. (2023); ...
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James Zou

Muclectide sequences

TGCTCTTGTT GCCCAGGCTG
GAATGCAATG GCCTGATCTC
TGCTCACTGC AACCTCCACC
TCTCAGGTTC AAGCTATTCT
CCTGCCTCAG CCTCCCAAGT
AGCTGGGATT ACAGGETATGA
GCAACCATGE ATGGCTAATG
TITGGATTTT TAGTAGAGAC
TAAATTTTAG TAGAGACTAGA
TTTTAGGTTT CACCATGTTG
GTCAGGTTGGE TCTGGAACCC
TGACCTCAGS TGATCAGCCC

Jiet al. (2021); Poli &t
al. (2023); ...

Gene expression data

Theodoris el al. (2023);
Cui et al. (2023); ...

What are possible representations for a gene!

Text descriptions
foragene &

COD24 (CD24 Moleculs) is a
Protein Coding gene.
Diseases associated with
CD24 include Erythroleukemia
and Multiple Sclerosis. Among
its related pathways are
Nervous system
development and L1CAM
interactions. Gene Oniology
(30 annotaticns related to
this gene include protein
kinase binding and
carbohydrate binding.

Our proposal: leverage
LLMs directly
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GenePT: natural language embeddings of genes and cells

Text descriptions
for a gene %

CD24 (CD24 Molecule) is a
Protein Coding gene.
Diseases associated with
CD24 include Erythroleukemia
and Multiple Sclerosis. Among
its related pathways are
Hervous system
development and L1CAM
interactions. Gene Ontalogy
(GO0 annotations related to
this gene include protein
kinase hinding and
carbohydrate binding.

0.5
-0.8

ChatGPT

0.4
0.7
0.1

-0.2

0.3

LLM embeds each gene's text
description into a vector,

Gena
clustering

Gene-geng
interaction

Protein
network

Function
prediction
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GenePT embeddings predict gene perturbations

Perturb-seq
Pooled gRRA Brary

f(embed(perturbed gene)) Replogle Replogle Tian
K562 RPEI CRISPR-a
0.65

James Zou l GenePT  0.52 0.66
scGPT 024 0.46 0.53

Geneformer 041 0.64 0.64
GEARS 0.28 0.52 -
Pearsen corr

1D E E e

Predict expression of other genes
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Enhancing protein models by projection into semantic space

Protein models learns from sequence Much knowledge about proteins also
correlations captured in text
13

pix) = np{j,|l|...ﬁ 1 Hpag w Xp ) % POSOGT - A2_HUMAN
=1 e

A | s

James Zou

W, Chang and Zou, 2024
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Enhancing protein models by projection into semantic space

ProteinCLIP: projecting protein models into
natural language w/ contrastive learning

EN gt e, i (har

£ImERen protein

LIF projection
+——%
=4 Be.-| =

_i

Leaaned O -‘ izt 1

James Zou

Mutational 4
cffects /

Fundiion Pratein-protein
inberaCliang
Homalogy

—

| Praotein encoder (froper)

B
S

W, Chang and Zou, 2024
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ProteinCLIP improves prediction of mutation impact

TSME - b g

Mutation scan
experiments

Better prediction W, Chang and Zou, 2024
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ProteinCLIP improves prediction of protein interactions and homology

Predicting protein-protein interactions Remote homology detection

PRI pitfomand o CATH retripval performance by moded

LR Frroded aote

| 0.P0 @mE pkM wish Probeinil B
7 SLM = PoterClin

= pLM ol tho nhelf

sS4

o0&

Toe- 1 sécuracy

i
E
i
]
]
i
i
£
5
a
]

James Zou

W, Chang and Zou, 2024
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Language models for biology

Language as the

Bio LLM primer Mixture of agents GG rrinebility

Simans, Swanson, Zou Wang et al. arXiv 2024 W, Chang, Zou arXiv 2024
James Zou Nat Methods in press Chen and Zou. 2024

Thanks: Yiqun Chen, Howard Chang, Kevin YWu, Elana Simons, Kyle Swanson, Julin Wang, Jue Wang.
Funding: Chan-Zuckerberg Biohub, NSF CAREER, Sloan Fellowship, AWS, Google.




