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Generative Models

[Steven Wommack]
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Generative Models for Science
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Generative Models for Science
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2024 Chemistry Nobel Prize

THE NOBEL PRIZE
IN CHEMISTRY 2024

Payawi3 SepyIN :suoielsnj||

Protein structure prediction and design

Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”
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(Generative Medehne Discovery?
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What is Discovery?

black-box function (reward) \

argmax f(x)
x € ()

\» valid design space (e.g., drugs, materials)

(or action space)
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What is Discovery?

black-box function (reward) \

10%° drug discovery a;gén SCE /(@)

2

2

10°° material design \
valid design space (e.g., drugs, materials)

unknown or hard to represent and search .
(or action space)
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What is Discovery?

black-box function (reward) \

10%° drug discovery a;gén SCE /(@)

2

2

10°° material design \
valid design space (e.g., drugs, materials)

unknown or hard to represent and search .
(or action space)

-—P (Generative Discovery
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Generative Discovery Paradigm

Data D = {z;};,
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Generative Discovery Paradigm

Data D = {z;};,
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Generative Discovery Paradigm

valid design space {2 (e.g., protein structures)

Data D = {z;};,
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Generative Discovery Paradigm

valid design space § ‘ generable set of pre-trained gen. model Qpre

Data D = {z;};,

!

Pre-trained generative model 7T

noise
distribution
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The Dream: Discovery via Generative Optimization

valid design space § ‘ generable set of pre-trained gen. model Qpre

Data D = {z;};,

!

Pre-trained generative model 7T

Discovery problem

argmax f(x)
r € (2
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The Dream: Discovery via Generative Optimization

valid design space § ‘ generable set of pre-trained gen. model Qpre

Discovery!
f Data D = {z;};,

!

Pre-trained generative model 7T

!

Adapt T to optimize [

Discovery problem

argmax f(x)
r € (2

Riccardo De Santi Active Generative Models for Out-of-Distribution Discovery: from Theory to Molecules



The Reality: Generative Optimization Limitation

valid design space § ‘ generable set of pre-trained gen. model Qpre

Generative models
generalize locally over
training data.

Discovery problem

argmax f(x)
r € (2
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The Reality: Generative Optimization Limitation

valid design space § ‘ generable set of pre-trained gen. model Qpre

Generative models
generalize locally over
training data.

Especially in natural sciences:

E.g., e Chemistry

Discovery problem ® Biology

® Physics
argmax f(x)

r € ()
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The Reality: Generative Optimization Limitation

valid design space § ‘ generable set of pre-trained gen. model Qpre

Sub-optimality gap!

f/_/

(2re C €2

Discovery problem

argmax f(x)
r € (2
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Generative discovery entails a new exploration problem

argmazx f(x)
xr € ()

2ore C )

Riccardo De Santi Active Generative Models for Out-of-Distribution Discovery: from Theory to Molecules



Generative discovery entails a new exploration problem

argmazx f(x)
r € ()
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Generative discovery entails a new exploration problem

argmazx f(x)
r € ()

classic optimization
(e.g., convex optimization)

f
(2
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Generative discovery entails a new exploration problem

argmazx f(x)

xr € ()
classic optimization decision-making
(e.g., convex optimization) (e.g., bandits, BO, RL)

f f learned
() ()
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Generative discovery entails a new exploration problem

argmazx f(x)

r € ()
classic optimization decision-making generative discovery
(e.g., convex optimization) (e.g., bandits, BO, RL) (e.g., drug design)

f f learned f learned
Q Q Q learned
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Generative discovery entails a new exploration problem

argmazx f(x)

r € ()
classic optimization decision-making generative discovery
(e.g., convex optimization) (e.g., bandits, BO, RL) (e.g., drug design)

f f learned f learned
Q Q Q learned

Discovery requires the machine to expand its action space (i.e., learn what actions are possible)
\_ w,
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How? Out-of-Distribution Flow Modeling

valid design space § ‘ generable set of pre-trained gen. model Qpre

Discovery requires the machine to expand its action space (i.e., learn what actions are possible)
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How? Out-of-Distribution Flow Modeling

valid design space § ‘ generable set of pre-trained gen. model Qpre

(),re C () 1. Formalize OOD generative modeling
2. How? Active Flow Expansion (ActFlow)
3. Guarantees for OOD generative modeling

4. Results on chemical and biological data

Discovery requires the machine to expand its action space (i.e., learn what actions are possible)
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Ditfusion and Flow Modeling: Generation

noise
distribution

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field /6
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Ditfusion and Flow Modeling: Generation

noise
distribution

Lo

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field /6
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Ditfusion and Flow Modeling: Generation

noise
distribution

/\\Mf

X0 ~ Po

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field /6
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Ditfusion and Flow Modeling: Generation

noise
distribution e

T~

X0 ~ Po

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field /6
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Ditfusion and Flow Modeling: Generation

noise
distribution L9

/\/\.

X0 ~ Po

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field /6

Riccardo De Santi Active Generative Models for Out-of-Distribution Discovery: from Theory to Molecules



Ditfusion and Flow Modeling: Generation

noise
distribution

N

X0 ~ Po

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field /6
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Ditfusion and Flow Modeling: Pre-Training

noise
distribution

Distribution Matching: Standard Flow Pre-training

learn @ s.t. p? X Pdata
q l /

Implement via e.g., Flow /Score Matching
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Flow Pre-training tor Discovery: Key Limitation

Q*
Po /\
noise / Ho
distribution
r ~
Distribution Matching: Standard Flow Pre-training
learn 0 s.t. ¢ ~ paata
- y
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Flow Pre-training tor Discovery: Key Limitation

Valid design space
OV ={re X v(r) =1}

/

Q*
Unknown laws of nature
(e.g., chemistry, biology)
Po /
noise / Ho
distribution
r N
Distribution Matching: Standard Flow Pre-training
learn 0 s.t. ¢ ~ paata
N y
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Flow Pre-training tor Discovery: Key Limitation

Valid design space

How to formalize limited coverage? O = {2 € X :v(z) =1}

/

Q*
Unknown laws of nature
(e.g., chemistry, biology)
Po /
noise / Ho
distribution
r N
Distribution Matching: Standard Flow Pre-training
learn 0 s.t. ¢ ~ paata
N y
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Generable Set

Valid design space

T N ={rxe X v(x)=1}
Q*

Unknown laws of nature

(e.g., chemistry, biology)
Po

noise
distribution
( )

Definition (Generable Set). Let (g inducing density p?. For
T > 0, we define its 7-level generable set as:

) = {:L‘E?C':p?(:z:‘) > 7}
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Generable Set

Valid out-of-distribution region

Q7 = Q"\Q, , ,
Valid design space
T N ={rxe X v(x)=1}
Q*

Unknown laws of nature

(e.g., chemistry, biology)
Po

noise
distribution
( )

Definition (Generable Set). Let (g inducing density p?. For
T > 0, we define its 7-level generable set as:

) = {:L‘E?C':p?(:z:‘) > 7}
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Generable Set vs Support

.:_____________________________________________________________________________________________________________________________________________________________ FIICII R II I Supp()rt Supp (p?)
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Generable Set vs Support

Riccardo De Sant

r

Definition (Generable Set). Let [tg inducing density p?. For
T > 0, we define its 7-level generable set as:

) = {$€X:p?($) > T}

................. support Supp(p?)

generable set ()7
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Generable Set vs Support

Riccardo De Sant

( )
. Definition (Generable Set). Let [tg inducing density pj. For
25 T > 0, we define its 7-level generable set as:
k Ti={xe X pl(x) > 71} )

................. support Supp(p?)

generable set ()7

T — 0

Q) ——— Supp(p?)
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Generable Set vs Support

( )
. Definition (Generable Set). Let [tg inducing density pj. For
25 T > 0, we define its 7-level generable set as:
k Ti={xe X pl(x) > 71} )

................. support Supp(p?)

generable set ()7

-

generable set

-

__— region likely to be covered by a finite draw

T~ region where the generative model is reliable (e.g., sufficient validity signal)

V,

Riccardo De Sant

Active Generative Models for Out-of-Distribution Discovery: from Theory to Molecules



Generable Set Expansion for OOD Flow Modeling

Q*
(\\
po /\ \\\\
- e o Q07
noise O 0
distribution
( )

Generable Set Expansion: Out-of-Distribution Flow Modeling

Requires acquiring information

) learn 0 s.t. Q) ~ Q°
about ()" beyond the data | )
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

-
Ly ~ T
0 T
Agent Black-box verifier
"~
Po Yt € {07 1}
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

-
| Ly ~ T
0 T
Agent Black-box verifier
"~
Po Yt € {07 1}

Hpre _ (90 79'0
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

-
‘ Lt ~ T¢
. QF "
' Agent Black-box verifier
"~
Po Yt € {07 1}

Qpre _ (9() 79'0

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

T T
Ly ~ Ty
0 T
Agent Black-box verifier
"~
Po Yt € {07 1}

OPc = (9() — 04 ng C le

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

T T
Ly ~ Ty
Agent Black-box verifier
"~
Po Yt € {07 1}

OP'° = 0y — 601 — ng C le C

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

OF Black-box noisy binary verifier feedback

Ly ~ Ty
S 0* "
Agent Black-box verifier

"

pO Yt = {071}

O = Gy — 0 — - - 0, €5, C -+

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

OF Black-box noisy binary verifier feedback

*. Ty ~ Ty
Agent Black-box verifier
~——
Po / y: €10,1}
0P =0y —+0, = — (g ©Qp C--- C

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

.
T 03 Black-box noisy binary verifier feedback
A T O
/\90 ,\91 P ‘\
. Ly ~ T
Agent Black-box verifier
"~
Po / Y € {O, 1}
pre e T A e T
0" =0y =0, — - —= 0 (g, €8y C--- Ty

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

Ly ~ Ty
7 ™
Agent Black-box verifier
"
Po / ye € 10,1}
O =0y — 01 — --- — O g, SOy C--- CQp

Continual expansion via adaptation on valid frontier samples
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

Ly ~ Ty
T
Agent Black-box verifier
"~
pO / Yt € {07 1}
!
pre _ ~ *
0 —90%91%“'%973 nggﬂglggQngﬂ

Continual expansion via adaptation on valid frontier samples
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How to self-generate frontier samples? Generative Uncertainty Sampling

inference-time distribution

\ 4
Ty11 ~ D¢ € arg max

- q

next data point

generates data
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How to self-generate frontier samples? Generative Uncertainty Sampling

verifier uncertainty estimate on Z’

inference-time distribution

v v
Ti41 ~ Pp € argmax g [Ut (¢s (55))]

/ ! A

noised flow representation

Z, = ¢,(X)

next data point

generates data with high verifier (i.e., laws of nature) uncertainty
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How to self-generate frontier samples? Generative Uncertainty Sampling

verifier uncertainty estimate on Z’

inference-time distribution

v v

Li+1 7 ﬁt c arg max ﬂqu [O-t (¢§($))] — BKL (q Hp%)

q
/ !
next data point \

noised flow representation current-model (i.e., prior)
Zt = ¢t (X) regularization
S S

generates data with high verifier (i.e., laws of nature) uncertainty, yet with sufficient validity prior
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How to self-generate frontier samples? Generative Uncertainty Sampling

verifier uncertainty estimate on Z’

inference-time distribution

v v

Li+1 7 ﬁt c arg max ﬂqu [O-t (¢§($))] — BKL (q Hp%)

q
/ !
next data point \

noised flow representation current-model (i.e., prior)
Zt = ¢t (X) regularization
S S

generates data with high verifier (i.e., laws of nature) uncertainty, yet with sufficient validity prior

— highly informative frontier samples
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ActFlow: Active Flow Expansion

L1 7 ﬁt c arg IIlan ﬂqu [O-t (¢§($))] — BKL (q Hp%)
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ActFlow: Active Flow Expansion

Init: Initial flow model g, black-box verifier ¢, iterations T, Dy < ()

Fort=0,1,...,1 — 1:

Update surrogate uncertainty o; from D,

Self-generate:

L1 7 ﬁt c arg IIlan ﬂqu [O-t (¢§($))] — BKL (q Hp%)
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ActFlow: Active Flow Expansion

Init: Initial flow model g, black-box verifier ¢, iterations T, Dy < ()

Fort=0,1,...,1 — 1:

Update surrogate uncertainty o; from D,

Self-generate:

L1 7 ﬁt c arg IIlan ﬂqu [O-t (¢§($))] — BKL (q Hpﬁt)

Query verifier Yi11 < 0(Xa1)

Dit1 < Dy U{(Teg1,Yer1) )

011 < UPDATEFLOW(60;, Dy 1)

Return [ig .
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

Distribution matching Design space coverage

GN T ~U *
Pl = Ddata —_— g ~

Generative modeling beyond data distribution matching
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

(" )
Theorem (Informal, generable representation set covers reachable set).

Fix € > 0 and an integer I > 1. Then, with

2
Q,
™~ €

By running ActFlow, it holds with probability at least 1 — 0 that after

T verified samples:

Rg_l(S()) g QT *
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

(" )
Theorem (Informal, generable representation set covers reachable set).

Fix € > 0 and an integer I > 1. Then, with

2
Q,
™~ €

By running ActFlow, it holds with probability at least 1 — 0 that after

T verified samples:

Rf (Sp) € Q. ﬁ_’ generable representation set
\_
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

(" )
Theorem (Informal, generable representation set covers reachable set).

Fix € > 0 and an integer I > 1. Then, with

2
Q,
™~ €

By running ActFlow, it holds with probability at least 1 — 0 that after

T verified samples:

Rf (Sp) € Q. ﬁ_’ generable representation set
\_

reachable set given H-fold recursive application of one-step reachability operator over flow representation:

R(S):={z€ Z:32" € Ss.t.s(g(z")) — LsLyd(z,2") — e > h}
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

(" )
Theorem (Informal, generable representation set covers reachable set).

Fix € > 0 and an integer f{ > 1. Then, with maximum information gain

2 1 B
> (a71§%*j—> vfé21f{lgi<€ | §logdet(lt+(kf<:) 1Kt>

captures laws of nature complexity

By running ActFlow, it holds with probability at least 1 — 0 that after
T verified samples:

Rf (Sp) € Q. ﬁ_’ generable representation set
\_

reachable set given H-fold recursive application of one-step reachability operator over flow representation:

R(S):={z€ Z:32" € Ss.t.s(g(z")) — LsLyd(z,2") — e > h}
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

(" )
Theorem (Informal, generable representation set covers reachable set).

Fix € > 0 and an integer I > 1. Then, with

2
Q,
™~ €

By running ActFlow, it holds with probability at least 1 — 0 that after

T verified samples:

Rg_l(S()) g QT *

l

Allows to identity structural conditions and statistical complexity for:

— ~

e X,T
O C QX

valid design space generable set on A
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

(" )
Theorem (Informal, generable representation set covers reachable set).

Fix € > 0 and an integer I > 1. Then, with
\

2
.
T > (OWH T~ ) ActFlow allows to build (generable)

¢ set-theoretic guarantees for out-of-

distribution flow modeling.

By running ActFlow, it holds with probability at least 1 — 0 that after

T™ verified samples: - y
Rg_l (S()) g QT *
\- J
Distribution matching Design space coverage
f Yy

Toward a (learning) theory of (generative) discovery
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ActFlow for Chemical and Biological Generative Discovery

U C
QM9 small GEOM-Drugs
organic molecule drug-like molecule
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ActFlow for Small Organic and Drug-like Molecules

" 1001 % hed y R
Y 300 - Pre Rec-F ActFlow
» 80 - < 75 -
= X
@) = hal
S 60 - < 280 - 2 50 -
QM9 small I Y SN N e S 5.
g 40 / 260 -
organic molecule zZ . I 0
0 200 400 600 800 1000 0 200 400 600 800 1000 20 40 60 80 100
lteration lteration Number of Clusters
0 320 -
9 60 - —&— | i
- 5 1507 300 - 9 Rec-F ActFlow
O —_ S |
S 100 % 4? 40 *Pre
C - - ©
GEOM-Drugs @ > 280 = 50 -
0
druge-lik lecule £ =
rug-1kKe mo > 50 260 -
= 0 -
0 500 1000 1500 0 500 1000 1500 50 100 150
lteration lteration Number of Clusters
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ActFlow for Therapeutic Peptides and Protein Design

Therapeutic Peptide Design Protein Sequence Design
Method Coverage T Diversity 1 FID Validity (%) T Coverage T Diversity 1 FID Validity (%) T
Pre 61.00+0.00 13.73+0.00 0.00+0.00 40.12+0.00 66.50+5.63 12.87+063 0.05+001 70.81+1.12
REC-NF 0.00+0.00 0.00+0.00 0.00+0.00 0.00 + 0.00 63.75+11.45 11.85+034 027+006 67.81+3.11
REC-F 59.67 +17.97 13.62+4.34 3.18+1.77 T71.16+5.22 4950+960 11.67+0.40 0.25+0.04 88.12+1.42

ACTFLOW 358.33 +95.45 58.87 +25.98 59.15+44.31 41.59+10.06 102.75+18.36 42.14+10.85 5.45+3.3¢ 83.74 +2.70

90 , Takeaway ~
_ Rec-F . iActFIon
O\O I 1 .
< 80 \ / ActFlow allows to actively expand
% = - Pre pre-trained biochemical flow and
e ~ diffusion models over OOD regions.
) P t : 60 T T T T T k )
rotein 40 60 80 100 120

Number of clusters
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