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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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() wvalid design space
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() wvalid design space

4 ) 8 )

DISCRETE (e.g., @ = {a1,...,a,}) CONTINUOUS (e.g., 2 = [0,1]")
_ y _ ‘ Y
~ 10°" drug discovery

~ 10°” material design

unknown or hard to represent and search
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() wvalid design space

4 ) 8 )

DISCRETE (e.g., @ = {a1,...,a,}) CONTINUOUS (e.g., 2 = [0,1]")
_ y _ ‘ Y
~ 10°" drug discovery

~ 10°” material design

unknown or hard to represent and search

- (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
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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
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From Generative Modeling to Generative Discovery

Generative Modeling

Learn generative prior from data
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From Generative Modeling to Generative Discovery

Generative Modeling

Learn generative prior from data

l

Current Status

Generative model in-distribution reward-adaptation to improve average behavior
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From Generative Modeling to Generative Discovery

Generative Modeling

Learn generative prior from data

l

Current Status

Generative model in-distribution reward-adaptation to improve average behavior

This talk
@ : :
Generative Discovery
\ Generation of rare events (structures) of exceptionally high-value and far beyond existing data

w,
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This talk:

Foundations of Generative Discovery Beyond the Data

Part 1 Part 11 Part 111
Tail-Aware Reward Data Debiasing and Out-of-Distribution
Adaptation Hidden Mode Discovery Flow Modeling

\
pre N . ‘
pl {,//‘ ‘\%\"’" 1} (
@/ CLo

Q*

CVaR]_4(pT)
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This talk:

Foundations of Generative Discovery Beyond the Data

-~

\_

Part 1

Tail-Aware Reward
Adaptation

~

a

CV&R{— 3 (r)

/

Riccardo De Sant

Part 11

Data Debiasing and
Hidden Mode Discovery

Part 111

Out-of-Distribution
Flow Modeling
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Dittusion and Flow Modeling

noise
distribution

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field ub"c
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Dittusion and Flow Modeling

noise 1 PTE
distribution

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field ub"c
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Dittusion and Flow Modeling

noise

re
distribution Up

X0 ~ Po

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field ub"c
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Dittusion and Flow Modeling

noise

distribution up re

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field ub"c
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Dittusion and Flow Modeling

noise
distribution

/\LV\

Generation via learned vector field

Sample noise Xy ~ p; — Follow learned vector field ub"c
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Reward-Guided Flow Adaptation

noise
distribution

Xo~po e

Velocity field as a policy
TP (X, t) := uP"C( Xy, 1)
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Reward-Guided Flow Adaptation

noise
distribution
Xo ~ Po Pre
Velocity field as a policy Marginal density induced by 7" ¢
ﬁ Te
(X, 1) = w0 (X, 1) P =pT = pdata
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Generative Optimization via Flow Adaptation

noise
distribution

Flow Reward-Guided Adaptation

S argmax  Eonpy [f(@)] — oKL (p] | p7)
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Generative Optimization via Flow Adaptation

noise
distribution 7-‘-*

Po

Closed form reward tilted distribution

* f(z)

T € argmax Egopr [f(2)] — aKL(pT || p1"°) j—> p1 (z) o< exp (T) -py ()
70

in-distribution density reweighing

Flow Reward-Guided Adaptation
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Generative Optimization via Flow Adaptation

noise
distribution

Po

Flow Reward-Guided Adaptation

m" € argmax  Epopr [f(2)] — oKL(pT || p

T

pre
1

)

Riccardo De Sant

Example Methods.
FlowGRPO (RL, gradient-free)
Adjoint Matching (Control, gradient-based)

Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Tail-Aware Reward Flow Adaptation: Reterences

-

\_

Flow Density Control: Generative Optimization
Beyond Entropy-Regularized Fine-Tuning

|Riccardo De Santi, Marin Vlastelica, Ya-Ping Hsieh, Zebang Shen, Niao He, Andreas Krause]

Spotlight NeurIPS 2025 at ICML 2025 BioGen Workshop

-

Efficient Tail-Aware Generative Optimization
via Flow Model Fine-Tuning

|Zifan Wang, Riccardo De Santi, Xiaoyu Mo, and Michael M. Zavlanos, Andreas Krause, Karl H. Johansson]
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I[s Expended Reward Maximization Good for Discovery?

43x~p7f [f (ZE)]

Flow Reward-Guided Fine-Tuning

S argmax  Egnpy [f(2)] - aKL(p | P77

Optimizes average sample quality
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Discovery Pipeline in Chemistry and Biology
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Discovery Pipeline in Chemistry and Biology
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Discovery Pipeline in Chemistry and Biology

\

Average reward adaptation is often a
bad objective for discovery.

2.6 Million

Small Molecules
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Risk-sensitivity for Quantitative Finance

A

VaR/, (pT)
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Risk-sensitivity for Quantitative Finance

£ |
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Risk-sensitivity for Quantitative Finance

CVaRé (p7)

o AR NS
Al - O
arive s
s n-“ < . B o

= ‘

o T
s

'if;'@;l

VaR/, (pT)

CVaRg (P1) = Banpr [f (2) | f(2) < VaRg (#1)

Expected value of left (bottom) 3 quantile

Foundations of Discovery Beyond the Data via Flow and Diffusion Models

Riccardo De Sant



Risk-5ensitive Flow Steering tor Discovery

CVaR{ _3(p7)

VaR{_ 3 (r1)
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Risk-5ensitive Flow Steering tor Discovery

CV&R{— 3 (r)

VaR{_ 5(P71)

Valid high-value rare events X (potential) discoveries

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Risk-5ensitive Flow Steering tor Discovery

CV&R{— 3 (r1)

VaR{_ 5(P71)

CVaR{_4(p]) := Epnpr[f(2) | f(x) > VaR{_,(p])

Expected value of right (top) 1 — 5 quantile

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Reward Tail-Aware Flow Steering tor Discovery

CVaR{_g(pir) = Kpnpr fla) | flz) 2 VaR{_B(p?)]

Expected value of top 1 — 5 quantile

—‘L_.f

VaR{_ 3 (p1)
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Reward Tail-Aware Flow Steering tor Discovery

CVaR{_g(pir) = Kpnpr fla) | flz) 2 VaR{_B(p?)]

Expected value of top 1 — 5 quantile

—‘L_.f

VaR{_ 3 (p1)

Tail-Aware Reward-Guided Flow Fine-Tuning

m* € argmax CVaR;_g(p])
708
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Reward Tail-Aware Flow Steering tor Discovery

CVaR{_g(pT) = Kpnpr fla) | flz) 2 VaR{_B(p?)]

Expected value of top 1 — 5 quantile

—‘L_.f

VaR{_ 4 (p])

Tail-Aware Reward-Guided Flow Fine-Tuning

m* € argmax CVaRi_g(p])
708

I

Sacrifices average sample reward for top samples
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Reward Tail-Aware Flow Steering tor Discovery

CVaR{_g(pT) = Kpnpr fla) | flz) 2 VaR{_B(p?)]

Expected value of top 1 — 5 quantile

—‘L_.f

VaR{_ 3 (p1)

Tail-Aware Reward-Guided Flow Fine-Tuning

m* € argmax CVaR;_g(p])
708

I

Sacrifices average sample reward for top samples

'

Higher chances to discover truly exceptional designs
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Reward Tail-Aware Flow Steering tor Discovery

CVaR{_g(pT) = Kpnpr fla) | flz) 2 VaR{_B(p?)]

Expected value of top 1 — 5 quantile

—‘L_.f

VaR{_ 3 (p1)

Tail-Aware Reward-Guided Flow Fine-Tuning

Prior regularization to
X T T re
T C arg;nax CVaRi_p(pT) — aKL(pT [ p7") T’ generate valid structures

I

Sacrifices average sample reward for top samples

'

Higher chances to discover truly exceptional designs
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Reward Tail-Aware Flow Steering as Distributional Fine-Tuning

Expect Reward Conditional Value at Risk
4" TT —_—) f TC
4 ~opT ()] CV&Rl—B (1)
Linear functional Non-Linear functional

How to fine-tune a generative model to a nonlinear functional?
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How to Maximize CVaR via RL

CVaR{_,(pT)
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How to Maximize CVaR via RL

CVaR{_,(pT)
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How to Maximize CVaR via RL

CVaR{_,(pT)
CVaR First Variation

| 0CVaR] () _ (f(x) ~VaR]_,(p))

g 5
!

Can use RL fine-tuning
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How to Maximize CVaR via RL

CVaR{_,(pT)
CVaR First Variation

| 0CVaR] () _ (f(x) ~VaR]_,(p))

g 5
!

Can use RL fine-tuning

P1 Gradient of CVaR First Variation
1{/(z) > VaR{_,(p7)}
Vr = 5 P

!

Can use gradient-based fine-tuning

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Flow Density Control (FDC)

Init: 7Tg = "¢
For k=1,..., K:
G = CVaR{_; — oKL

0G(p1" ")
I'k T 1
g
p71"'k—1
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Flow Density Control (FDC)

Init: 7Tg = "¢
For k=1,..., K:
G = CVaR{_; — oKL

~0G(p*TY)
L . o1
0P,
p717k;—1
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Flow Density Control (FDC)

Init: 7Tg = P"e
For k=1,..., K:

0G(p1* ) G = CVaR{_; — oKL
Tk =
p71Tk—1

Return 7T = 7T

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Flow Density Control (FDC)

Init: 7T 1= P’ e

For k=1,..., K

Set Vi = VCSQ(ZZ;::l) B 1{f(x) > VaR{_B(pZ)}
0p; 5

Fine-tune 7Tk via standard reward-guided fine-tuning;:

Tk < argmax E,.pr [re(2)] — mKL(pT [ 1)
-

Return 7T :=— T

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Flow Density Control (FDC)

Init: 7T 1= P’ e

For k=1,..., K

Set Vi = V(sg(ﬁ:il) B 1{f(x) > VaR{_B(pZ)}
0p; 5

Fine-tune 7Tk via standard reward-guided fine-tuning;:

Tk < argmax E,.pr [re(2)] — mKL(pT [ 1)
-

Return 7T :=— T

Takeawa
~

1. CVaR functional is a better objective for discovery
2. CVaR optimization can be reduced to standard RL ﬁ—b But FDC requires K iterations!

\—
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TFFT: dual CVaR Fine-Tuning in One Step

Tail-Aware Reward-Guided Flow Fine-Tuning

n* € argmax CVaR;_g(p7) — oKL(pT || p]' ")
708
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TFFT: dual CVaR Fine-Tuning in One Step

Tail-Aware Reward-Guided Flow Fine-Tuning

n* € argmax CVaR;_g(p7) — oKL(pT || p]' ")
708

, 1
CVaR,_g(p]) = min {t + 3 Comopr |[(f(T) — t)+]} CVaR variational formulation
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TFFT: dual CVaR Fine-Tuning in One Step

Tail-Aware Reward-Guided Flow Fine-Tuning

n* € argmax CVaR;_g(p7) — oKL(pT || p]' ")
T

1

CVaR,_g(p]) = It%ilél {t + 3 Comopr |[(f(T) — t)+]} CVaR variational formulation

First solve a scalar threshold problem:

[exp ( (f(x) —t)+ )} } 1-dim opt. problem

t* = arg min {t + alog & pre (e.g., GD / line-search)

teR
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TFFT: dual CVaR Fine-Tuning in One Step

Tail-Aware Reward-Guided Flow Fine-Tuning

n* € argmax CVaR;_g(p7) — oKL(pT || p]' ")
708

, 1

CVaR,_g(p]) = min {t + 3 Comopr |[(f(T) — t)+]} CVaR variational formulation

First solve a scalar threshold problem:
. . ) (f(z)—1t)L 1-dim opt. problem
t" = arg ﬂ%lél {t + alog L mop? T [exp ( af3 )} } (e.g., GD / line-search)

Then fine-tune flow once:

() = ——— 7" c argmax Epopp [1(2)] — oKLG || pf)

70

~ 2 lines of code!
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CVakR Flow Adaptation for De Novo Molecular Design

GEOM-Drugs Node Features

* Position (C)
 Atom Type (D)
 Formal Charge (D)

9= (X,A,C,E)

Edge Features
 Bond Type (D)

Flow over 3D molecular conformers

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



CVakR Flow Adaptation for De Novo Molecular Design

GEOM-Drugs Node Features
* Position (C)
 Atom Type (D)

g = (X A C'lz)  Formal Charge (D)

Edge Features
 Bond Type (D)

Flow over 3D molecular conformers

Training time  FT calls &[] R-CVaRy g|7] Validity SA score

Pre-trained 0 0 21.941 91 161.5+106 87.4% o 129, 1.64+0.02
AdjOiIlt M. T 1 29.8::0.58 167.1 7 29 78°3%:t1.01% 7.66::().()2
FDC (K=3) ~ 3T 3 29-7--0.85 172.5 11.8 82.7%::0.47% 7.56--0,()2

TEFFT ~ 1 27.112 29 183.4 15 5 85.7%+0.50% 7-70+0.04

Reward = Negative energy computed via GFN1-xTB, Validity = RDKit Sanitizer

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models 66



Tail-Aware Fine-Tuning for Molecular Design: GEOM-Drugs

Pre-trained

840 826 755
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Tail-Aware Fine-Tuning for Molecular Design: GEOM-Drugs

Pre-trained

Adjoint Matching

891 852

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Tail-Aware Fine-Tuning for Molecular Design: GEOM-Drugs

Pre-trained

Adjoint Matching

~2X

FDC
higher-rewards

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Tail-Aware Fine-Tuning for Molecular Design: GEOM-Drugs

Pre-trained

Adjoint Matching
FDC
2012
TFFT _ ~5X
- high d
5059 3937 1032 igher-rewards

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



This talk:

Foundations of Generative Discovery Beyond the Data

Part 1

Tail-Aware Reward

Adaptation

CV&R{— 3 (r1)

Riccardo De Sant

-~

Part 11

Data Debiasing and

~

Hidden Mode Discovery

Part 111

Out-of-Distribution
Flow Modeling
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Exploration via Flow Adaptation: Key References

-

The Importance of Non-Markovianity in
Maximum State Entropy Exploration |

[Mirco Mutti*, Riccardo De Santi*, and Marcello Restelli] e | \

K Outstanding Paper Award at ICML 2022
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Exploration via Flow Adaptation: Key References
-

Provable Maximum Entropy Manifold Exploration
via Diffusion Models

[Riccardo De Santi*, Marin Vlastelica®, Ya-Ping Hsieh, Zebang Shen, Niao He, Andreas Krause]

ICML 2025

Flow Density Control: Generative Optimization
Beyond Entropy-Regularized Fine-Tuning
[Riccardo De Santi, Marin Vlastelica, Ya-Ping Hsieh, Zebang Shen, Niao He, Andreas Krause]

Spotlight NeurIPS 2025 at ICML 2025 BioGen Workshop

g
g The Importance of Non-Markovianity in
Maximum State Entropy Exploration |

|[Mirco Mutti*, Riccardo De Santi*, and Marcello Restelli]

K Outstanding Paper Award at ICML 2022
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Generative Modeling vs Discovery

structures
commuon in

noise —pre /— nature

distribution
e \

Generative modeling priors approximately match the frequency of available structures

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Generative Modeling vs Discovery

structures
commuon in

noise —pre /— nature

distribution
e \

X-ray Cryst. Generative modeling

Models trained on PDB are collapsed to static structures.

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Generative Modeling vs Discovery

structures we
wish to

/— discover

noise re '
7-‘-29

distribution
e \

Discovery requires to generate rare, new structures

F structures we
_________ \, wish to

discover

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Data Debiasing leads to Hidden Mode Discovery
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Data Debiasing leads to Hidden Mode Discovery

Key Hypothesis: Foundation models learn rich
representations, capturing valid low-probability modes.

P69441 TM-score

!

Iy .

-

o o
3

S ® v w’
il N ar -
o e

0.66 . | .
0.e6 0.74 082 090 0.98

4AKE
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Data Debiasing leads to Hidden Mode Discovery

Key Hypothesis: Foundation models learn rich
representations, capturing valid low-probability modes.

P69441 TM-score

0.98 +—
"‘.’
& \, &° 0.90 - .
L .a-
e s
¥ 0.82 Rk
—
o 080 0 O < |
0.74 7 ‘. ‘.Do;o L
° .o. "0' =
0.66 . . .
0.66 0.74 0.82 090 0.98
AAKE
e

Finite-budget sampling rarely leads to samples from
low-probability modes!

— hidden modes when generating samples

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Flow Density Control for Entropic Expansion

KL-regularized Entropic Expansion

m* ¢ argmax H(pT) — aKL(pT || p]"°)
Tr

|

Increases diversity

Avoid invalid regions
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Flow Density Control for Entropic Expansion

KL-regularized Entropic Expansion

m* ¢ argmax H(pT) — aKL(pT || p]"°)
Tr

|

Increases diversity

Avoid invalid regions

Motivation:

¢ entropy allows to re-distribute density over the model’s hidden modes

e KL-regularization prevents transport to likely invalid regions

— access novel regions where the model places insufficient mass
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How to Increase Flow Entropy via RL

H
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How to Increase Flow Entropy via RL

H

Entropy First Variation (Surprise) . L
surprise as 1ntrinsic

OH (pT) reward function
L= — —log (p7
S == g (P1)
_ OHPT)
f < 5 T
P1
1
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How to Increase Flow Entropy via RL

H

Entropy First Variation (Surprise) . L
surprise as 1ntrinsic

- O0H (p7) reward function

— = — log (p7
/ SpT g (p1)

OH(pT) l

Log likelihoods are hard to estimate!

(currently does not scale)
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How to Increase Flow Entropy via RL

H

Entropy First Variation (Surprise) . L
surprise as 1ntrinsic

- O0H (p7) reward function

= = — log (p7
/ SpT g (p7)

OH(pT) l

Log likelihoods are hard to estimate!

(currently does not scale)

p1 l

We can fully bypass log-likelihood estimation!
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How to Increase Flow Entropy via RL

H

Entropy First Variation (Surprise) . L
surprise as 1ntrinsic

OH (pT) reward function
| = — = —log (p7
52?1 ( 1)
_ OH@T)
fo= 00
1
Closed-form Gradient of Surprise
™ V[ =—Vlog (pT)
P1
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How to Increase Flow Entropy via RL

H

Entropy First Variation (Surprise) . L
surprise as 1ntrinsic

OH (pT) reward function
f= o log (p7)
;. OH (pT)
opT
Closed-form Gradient of Surprise
score neural
- vf = —V 1Og (p?) ~ —Ss" (‘, 1) EEEE— approximator
P1 (e.g., denoiser network)
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How to Increase Flow Entropy via RL

H

Entropy First Variation (Surprise) . L
surprise as 1ntrinsic

OH (pT) reward function
= = — log (p7
f SpT g (p7)
;. OH (pT)
- op]
Closed-form Gradient of Surprise
score neural
- Vf=-—Vlog (p?) ~ —s" (‘, 1) —_— approximator
P1 l (e.g., denoiser network)

Can use any gradient-based reward-guided FT method.

Key: linearizing entropy leads to intrinsic reward f (i.e. surprise) for standard RL fine-tuning
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Flow Density Control (FDC)

Riccardo De Sant

\_

Init: 7T 1= P’ e

For k=1,..., K
0G(py" ™)

Tk—1

0P,

Set ka . — v

= —(1+a)s;* ' —s5; 7

Fine-tune 7Tk via standard reward-guided fine-tuning;:

Tk < argmax E,pr [fr(2)] — mKL(T || pi~")
T

Return 7T — Tk

1. Data Debiasing | Mode Discovery | Exploration can be tackled via KL-regularized entropic expansion

2. KL-regularized entropic expansion can be reduced to RL via negative score as reward gradient

~
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Data De-Biasing or Mode Discovery via FDC

Pre-trained generative model

- 0.05

- 0.04

- 0.03

Density

0.02

0.01

. 0.00
0.0 0.2 0.4 0.6 0.8 1.0 g 1

Time pPRE

P(sample z in main mode) ~ 1
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Data De-Biasing or Mode Discovery via FDC

Pre-trained generative model Expanded generative model

1 005 FDC | 0.030

004 -_— 0.025

0.020
- 0.032 z

c 0.015 5

a a

002 0.010

0.01 0.005

J 0-00 0.0 0.2 0.4 0.6 0.8 100 05 0000

Time pERE Time piPc

P(sample x in main mode) ~ 1 P(sample x in main mode) ~ 0.5
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Mode Discovery via FDC: Molecule and Protein Design

GEOM-Drugs 0.9
2 oa FDC achieves higher conformer diversity
% e of drug-like molecules
0.6 *+rrr—r—rrrrrrrrrre

480 490 500 510 520 530 540
Conformer Vendi
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FDC: Theoretical Guarantees

Assumption (Informal, Exact estimation and optimization).

pre

1. Exact score estimation, i.e., s* “(-,1) = V, log p;

2. Reward fine-tuning is solved exactly.
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FDC: Theoretical Guarantees

Assumption (Informal, Exact estimation and optimization).

pre

1. Exact score estimation, i.e., s* “(-,1) = V, log p;

2. Reward fine-tuning is solved exactly.

pre

Theorem (Informal, One-step convergence). Fine-tuning a pre-trained model 7 ~ for entropy-maximization

via FDC leads to a model 7 such that:
H(pi) — H(py) =0

where p7 = pf is the marginal distribution induced by the optimal exploratory policy m* € arg max H(p7)
TE
with A = {7 : pT € P(Qpre) }-

~

,

Riccardo De Sant
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This talk:

Foundations of Generative Discovery Beyond the Data

K Distributional Generative Optimization \

Part 1 Part 11 Part 111
Tail-Aware Reward Data Debiasing and Out-of-Distribution
Adaptation Hidden Mode Discovery Flow Modeling

\ CVaR!_,(p})
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Flow Density Control for Distributional Fine-Tuning

Control of tail behavior is essential for discovery (e.g., diversity, tail-aware optimization)

noise
distribution

— - o - . . . -

How to represent new task? F How to preserve prior information? 7D

Distributional Generative Optimization

T € argmax F (pT) — aD(pT || ")

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Flow Density Control for Distributional Fine-Tuning

NON-LINEAR GO

APPLICATION FUNCTIONAL F /D LINEAR GO
CONVEX GENERAL
REWARD OPTIMIZATION [ 14, 55] Eympr [r(z)] v v v
2 Ty . n
M/é\IIFOLD EXPLORATION [12] H(p") == — E [logp(z)] X y /
EN. MODEL DE-BIASING z~p
CVaRj(p"™) = E [r(z)|r(z) < q5(p")] X v v
How to represent new task? RISK-AVERSE OPTIMIZATION AP
Egznpr[r(z)] — Var(p™) X X v
—_— NOVELTY-SEEKING OPTIMIZATION SQ53(p™) = ]Eﬂ[r(:z:) | (z) = q5(p"™)] X X v
s (LE.[2@e@T - )
OPTIMAL EXPERIMENT DESIGN z~pT X v v
s(-) € {logdet(-), _Tr(')—la —Amaz ()}
DIVERSE MODES DISCOVERY —E[Dgr(p™?|| IE p™"F)] X X v
LOG-BARRIER CONSTRAINED GENERATION Egnp=[r(z)] — Blog ({p™, c) — C) X v v
. KULLBACK-LEIBLER DIVERGENCE [14, 55] Dgr(p™ || p* re) = / ™(z) log prf “) dzx v v v/
How to preserve prior p (@)
. . RENYI DIVERGENCES || pPTe) = 1 pPre) =P d v
information? D 1177) Og/ ! X *
OPTIMAL TRANSPORT DISTANCES Wy (p™ || pp"‘e) — inf d(z,y)P ] X X v
YEL(p™,pP7¢) (Z,y)~Y
—_ D r( ) )
MAXIMUM MEAN DISCREPANCY MMDy (p™ || pP7¢) = ||ptpr — pprre||s p = E [k(z, )] X v v
TP
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Flow Density Control: Theoretical Guarantees

Distributional Generative Optimization

T € argmax  F (pT) — aD(pT || p7"°)
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Flow Density Control: Theoretical Guarantees

Distributional Generative Optimization

a Y

m* € argmax |F (p7) — oD (p] || p7")

70 \ D

|

G(p7)
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Flow Density Control: Theoretical Guarantees

Distributional Generative Optimization

T € argmax | F (pT) — aD(pT || p7"°)

.
/

-
1

|
\

( concave, idealized assumptions, /K iterations: general (e.g., non-concave) assumptions: )
L—1 pi = D1
G(}) — GpT) <~ Drcr (i [P - |
P1 stationary point of G.
L -relative smoothness, [ -relative strong convexity ) ’

N / (Asymptotic convergence via mirror flows)

(Finite-time convergence via Nesterov relative
smoothness and strong convexity framework)

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



The Dream: Discovery via Generative Optimization

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

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

!

Pre-trained generative model 7T

!

Adapt T to optimize [

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.

Discovery problem

argmax f(x)
r € (2

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



The Reality: Generative Optimization Limitation

valid design space § ‘ generable set of pre-trained gen. model Qpre
Sub-optimality gap!

Generative models
/ / _/ generalize locally over

Qp”f’e C ) training data.

Discovery problem

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

argmazx f(x)
xr € ()

2ore C )
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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
() ()

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



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

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



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,

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Next: Out-of-Distribution Flow Modeling

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

(2re C €2

Discovery requires the machine to expand its action space (i.e., learn what actions are possible)

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



This talk:

Foundations of Generative Discovery Beyond the Data

Part 1

Tail-Aware Reward

Adaptation

CV&R{— 3 (r1)

Riccardo De Sant

Part 11

Data Debiasing and
Hidden Mode Discovery

-~

Part 111

Out-of-Distribution
Flow Modeling

~
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Constrained Entropic Flow Expansion: Key Reterence

Verifier-Constrained Flow Expansion for Discovery Beyond the Data

|[Riccardo De Santi*, Kimon Protopapas®, Ya-Ping Hsieh, and Andreas Krause|

ICLR 2026
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Mode Discovery via Regularized Entropic Expansion

Pre-trained generative model
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Mode Discovery via Regularized Entropic Expansion

Pre-trained generative model Expanded generative model

- 0.05

- 0.04

0.01

0.00 |
0.0 0.2 0.4 0.6 0.8 1890 05

Time piRE Time pfdC
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Mode Discovery via Regularized Entropic Expansion

Pre-trained generative model Expanded generative model

invalid — R SR ST T

— FDC

0.0 0.2 0.4 0.6 0.8 1o 05
Time proC

Extends on invalid region

Stretching the models “creative power” via entropic expansion might increase density in invalid regions

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Verifier-Constrained Flow Expansion

Fragmented molecules
(hallucinations)

Low-probability modes can be
Key idea: use verifiers to constraint s p y

: : : due to generalization errors
expansion over valid regions

Verifier
v:X —{0,1}

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Verifier-Constrained Flow Expansion

noise
distribution

Po

Verifier-Constrained Entropic Expansion

m* € argmax H(pT) — aKL(pT ||p] ) s.t. Exeprlv(z)] =1
m

I I

KL-reg. entropic expansion verifier constraint

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



(Local) Verifier-Constrained Flow Expansion (L-FE)

Init: 7T = e
For k=1,..., K
0G(p1 "~ x m
et Vi =V 52(151;{_1 ) - —(14a)s;" " + 5,7
1

Expansion Step
Fine-tune 7x—1 via standard reward-guided fine-tuning:

Tk <— argmax E,pr [fx(2)] — nKL(pT | pi ")
T

Return M 1= Mg

continued pre-training to obtain a better generative prior for downstream discovery tasks
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(Local) Verifier-Constrained Flow Expansion (L-FE)

Init: 7T 1= P

For k=1,..., K

0G(p1" ")

SEt ka — v 5p7.(.k 1 _ —(1—|—C() Tk—1 _|_87Tpre

Expansion Step
Fine-tune 7x—1 via standard reward-guided fine-tuning:

Tk <— argmax E,pr [fx(2)] — nKL(pT | pi ")
T

Fine-tune 71 to enforce verifier constraints:
Projection Step

Tk <— argmax By [log v(w)] = neKL(p1 P

Return M 1= Mg

continued pre-training to obtain a better generative prior for downstream discovery tasks
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Mode Discovery via Constrained Entropic Expansion

Pre-trained generative model Verifier-Constrained Expansion

invalid S S S S Y S S

[ | oos L-FE - 0.040
— - 0.035
0.04 - 0.030
0.032 - 00252
§ - o.ozoé
0.02 0.015
001 0.010
| 0.005
0.00 0.000
Time piRE Time pL-FE

L-FE prevents expansion on

invalid region
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Flow Expansion for De Novo Molecular Design

- A GEOM-Drugs

(weak) verifier = interatomic distance bound

validity metric = RDKit Sanitize + interatomic distance bound
g y

09 Diversity  Validity (%)
2 s : "N PRE A76 79
S X FDC 508 66
0.7 .FDC
L-FE 529 82

o
o)

480 490 500 510 520 530 540
Conformer Vendi
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Flow Expansion for De Novo Molecular Design

-

\_

A GEOM-Drugs

(weak) verifier = interatomic distance bound

validity metric = RDKit Sanitize + interatomic distance bound

Riccardo De Sant

,
0.9 - Diversity  Validity (%)
>, "l PRE 476 72
;E *PRE / FDC 508 66
0.7 7 .FDC
L-FE 529 82

0.6 [EESEeSSEESEElSGEE LRSS G
480 490 500 510 520 530 540
Conformer Vendi

Flow Expansion can increases diversity and validity of pre-trained generative models

Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Out-ot-Distribution Flow Modeling: Key Reference

\_

~

Active Flow Expansion for Out-of-Distribution Discovery:
from Theory to Molecules

|[Riccardo De Santi, Bruce Lee, Cristian Perez Jensen, Kimon Protopapas, Sophia Tang, Cheng-Hao Liu,

Pranam Chatterjee, Yisong Yue, Andreas Krause]

/
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Dittusion and Flow Modeling: Standard Pre-training

noise
distribution

LLo

Distribution Matching: Standard Flow Pre-training

learn 0 s.t. p? X Pdata
q l /

Implement via e.g., Flow /Score Matching

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Limitation of Standard Pre-training for Discovery

Q*
Po /
noise / Ho
distribution
r A
Distribution Matching: Standard Flow Pre-training
learn 0 s.t. p? X Pdata
N y
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Limitation of Standard Pre-training for Discovery

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

/

Q*
Po /
noise / Ho
distribution
r A
Distribution Matching: Standard Flow Pre-training
learn 0 s.t. p? X Pdata
N y
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Limitation of Standard Pre-training for Discovery

Valid design space
How to formalize poor coverage of generative prior?

OV ={re X v(r) =1}

/

Q*
Po /
noise / Ho
distribution
r A
Distribution Matching: Standard Flow Pre-training
learn 0 s.t. p? X Pdata
N y

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Generable Set

Valid design space
T N ={rxe X v(x)=1}

N
\
\
\

Q*

Po

noise
distribution

2 ~
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}

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



Generable Set

Valid out-of-distribution region Valid design space
0F =0\ —— O C O /ﬂ*:{xe»c:m)l}
Q*
Po
noise
distribution
é )

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

( )
. 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

Foundations of Discovery Beyond the Data via Flow and Diffusion Models



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
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Generable Set Expansion for OOD Flow Modeling

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

Generable Set Expansion: Out-of-Distribution Flow Modeling
learn 0 s.t. Q) ~ Q°
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

T

Ly ~ Ty
0 T
Agent Black-box verifier

Po

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

Black-box noisy binary verifier feedback

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

OPc = (9() — 04 ng C le
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Generable Set Expansion for OOD Flow Modeling

Black-box noisy binary verifier feedback

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

OP'® = 0y — 601 — ng C le C
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Generable Set Expansion for OOD Flow Modeling

o Black-box noisy binary verifier feedback
T T 62
| Ly ~ Ty
Agent Black-box verifier
"~
Po / Yt € {07 1}
pre __ T T
0 =0y —> 01— --- Qeogﬂ91g”'
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Generable Set Expansion for OOD Flow Modeling

T Black-box noisy binary verifier feedback
T T 62
| \ . Ly ~ Ty
Agent Black-box verifier
"~
pO / Yt € {07 1}
0P =0y —+0, = — Q, CQ, C...C
0 1
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Generable Set Expansion for OOD Flow Modeling

T 03 Black-box noisy binary verifier feedback
T T 05 \
\ Y., Ty~ T
Agent Black-box verifier

"~

Po / Yt € {07 1}
pre e T T e T

0" =0y =0, — - —= 0 (g, €8y C--- Ty
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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
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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
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How to self-generate data for expansion? Key Challenge

PTe
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How to self-generate data for expansion? Key Challenge

f New data points are sampled from main modes

Model collapse

PTe
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How to self-generate data for expansion? Generative Uncertainty Sampling

inference-time distribution

v

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

next data point
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How to self-generate data for expansion? Generative Uncertainty Sampling

verifier uncertainty estimate on Z’

inference-time distribution

v v

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

noised flow representation

Z, = ¢,(X)

next data point
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How to self-generate data for expansion? Generative Uncertainty Sampling

verifier uncertainty estimate on Z’

inference-time distribution

v v

L1 7 ﬁt c arg max £qu [O-t (¢§($))] — BKL (q ‘|p§t)

q
/ !
next data point \

noised flow representation current-model (i.e., prior)
Zt = ¢t (X) regularization
S S
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How to self-generate data for expansion? Generative Uncertainty Sampling

verifier uncertainty estimate on Z’

inference-time distribution

v v

L1 7 ﬁt c arg max £qu [O-t (¢§($))] — BKL (q ‘|p§t)

q
/ !
next data point \

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

® [ everages flow-learned representation for etficient active learning

e Trades-off high uncertainty and prior signal
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Active Flow Expansion (ActFlow)

Init: Initial flow model g, black-box verifier ¢, iterations 1", Dy <— ()
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Active Flow Expansion (ActFlow)

Init: Initial flow model g, black-box verifier ¢, iterations 1", Dy <— ()

Fort=0,1,...,71 — 1:

Update surrogate uncertainty o; from D,

Self-generate:

ve1 ~ i € argmax By g o0 (04(2))] — AR (6" )
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Active Flow Expansion (ActFlow)

Init: Initial flow model g, black-box verifier ¢, iterations 1", Dy <— ()

Fort=0,1,...,71 — 1:

Update surrogate uncertainty o; from D,

Self-generate:

ve1 ~ i € argmax By g o0 (04(2))] — AR (6" )

Query verifier Yt+1 — ?NJ(QUH_l)

Diy1 < Dy U{(Ts41,yt11)}

0;11 < UPDATEFLOW (0, Dy 1)

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

é Y

Key (Informal) Assumptions.

* Calibrated verifier uncertainty model
* Generative uncertainty sampling oracle

* EBM update abstraction

approximate and local acquisition function maximization

r N
Assumption (Generative uncertainty sampling oracle). At round ¢

generative uncertainty sampling returns & such that z; = @(x¢):

1
o¢(2t) > aixel%}gat(z), a > 1.
t

\ | _J

\ current latent generable 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 H > 1. Then, with

Q, \?
~ €

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

R?I(SO) 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 aninteger H > 1. Then, with maximum information gain

2 1 _
> (cw%Tj—> e maxSlogdet(Z + () K )

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

R?I(SO) 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 aninteger H > 1. Then, with maximum information gain

2 1 _
> (cw%Tj—> e maxSlogdet(Z + () K )

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

Rf (Sp) C Q7. ﬁ—» generable representation (i.e., latent) set
\
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

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

Fix € > 0 and aninteger H > 1. Then, with maximum information gain

2 1 _
> (cw%Tj—> e maxSlogdet(Z + () K )

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

Rf (Sp) C Q7. ﬁ—» generable representation (i.e., latent) set
\

Rfl (So) H-fold recursive application of one-step reachability operator over learned flow representation

R.(S):={z€ Z:32 € Ss.t.s(9(z") — LsLyd(2,2") — € > h}
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Theoretical Guarantees for Out-of-Distribution Flow Modeling

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

Fix € > 0 and aninteger H > 1. Then, with maximum information gain

2 1 _
> (cw%Tj—> e maxSlogdet(Z + () K )

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

Rf (Sp) C Q7. ﬁ—» generable representation (i.e., latent) set
- \

So C §2; subset of pre-trained model generable set containing valid designs

Rfl (So) H-fold recursive application of one-step reachability operator over learned flow representation

R.(S):={z€ Z:32 € Ss.t.s(9(z") — LsLyd(2,2") — € > 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 H > 1. Then, with

Q, \?
~ €

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

Allows to identity structural conditions and statistical complexity for:

— ~

generable set on X

R?I(SO) g QT *

e X,T
O C QX

valid design space
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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

2
T > (0472}* ) 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_] (SO) g QT *
- y
Distribution matching Design space coverage
0 ~ O*
P1 = Pdata —_— (2 ~ ()
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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
X ' 1
<. 80 ActFlow allows to actively expand
% = - Pre pre-trained biochemical flow and
A\ > ] . . .
N 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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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

Riccardo De Santi Foundations of Discovery Beyond the Data via Flow and Diffusion Models



This talk:

Foundations of Generative Discovery Beyond the Data

Part 1 Part 11 Part 111
Tail-Aware Reward Data Debiasing and Out-of-Distribution
Adaptation Hidden Mode Discovery Flow Modeling

\
pre N . ‘
pl {,//‘ ‘\%\"’" 1} (
@/ CLo

Q*

CVaR]_4(pT)
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