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Al Comes to The Nobels

THE NOBEL PRIZE
IN PHYSICS 2024

John M.
Baker Hassabis Jumper

John J. Hopfield Geoffrey E. Hinton
“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

“for computational  “for protein structure prediction”
protein design”

THE ROYAL SWEDISH ACADEN IENCES THE SCIENCES

“For me, this story highlights how far Al has come and
how much more potential there is to explore.”
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New Promises of Diffusion Models

Generative Al imagines new protein structures
“FrameDiff” is a ional tool that uses g ive Al to craft new stability ai
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Foundation of Diffusion Models
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Let’s Insert Some Intermediate Layers
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A Revolution - Diffusion Model

* Sequential transformation in high-D
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Forward Process - Noise Corruption
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Backward Process - Sample Generation
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Backward Process - Sample Generation
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Forward and Backward Coupling
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Forward and Backward Coupling
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Forward and Backward Coupling
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Neural networks: U-Net, transformer
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Decomposition of Diffusion Models
‘ODE Fast sampling

1
SAXT = SIXT + Viegpr— (X))
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Decomposition of Diffusion Models

Flow models ODE ODE Fastsampling
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From P(x) to P(x|y)

* Text-to-image generation (Black et al., 2023)

Prompt Alignment: a raccoon wa.vhmg dishes ——

!\‘

* Protein generation with biochemical properties (Watson et al.,
2023; Gruver et al., 2023)
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Adding Guidance to Diffusion Models

* Conditioned sample generation

Conditional Score Brownian

Classifier guidance (Dhariwal & Nichol, 2021)
Classifier-free guidance (Ho & Salimans, 2022)
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A Glimpse of Influence in 3D Gaussian Mixture
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- Y. Wu, M. Chen, Z. Li, M. Wang, Y. Wei. “Theoretical Insights for Diffusion
Guidance: A Case Study for Gaussian Mixture Models”, ICML 2024.
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Classifier-Free Guidance

* Limitations of classifier guidance

[Discrete label and external training]

* Classifier-free guidance introduces a mask signal

.-
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T=id

Ignore label to extract common features

S2(z,y,t) Respect label to find specific information

Trained together
Share parameters
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Modeling Diverse Data
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Practical Data Is High-D And Complex

* ImageNet resolution: D = 224 x 224 x 3
Curse of Dimensionality &

* Sequential data enlarges the dimension heavily
* also introduces spatial-temporal dependencies

Diffusion Samples Frame 0
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Correlation between frames
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Practical High-D Data Is Low-Dimensional
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Practical High-D Data Is Low-Dimensional
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How Diffusion Model Finds Structures?

* Dynamic evolution

Backward dX; = 5 .zlpgz_JT _t_(‘f(_‘__)} dt +dw,

Score Function Brownian
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How Diffusion Model Finds Structures?

* Dynamic evolution

Backward dX; = 5 .zlggz_)T -t-(f(f-)} dt +dw,

Score Function Brownian

« Start from high-D but land in a manifold?

Manifold
(degenerate) 3
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Score Function Adapts to Data Structures

* Linear subspace data
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* Score decomposition
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Score Function Adapts to Data Structures

* Linear subspace data
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* Score decomposition
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Score Function Adapts to Data Structures
* Linear subspace data
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Score Function Adapts to Data Structures

* Linear subspace data
x=Az with 2~P, zeR‘

* Score decomposition

i
Vlogpe(z) =4V logpi (4 Tz )N— '1
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Diffusion Model Efficiently Learns Low-D Data

Theorem
v" Score function can be learned efficiently at the rate

O (n_ﬁ)

v Underlying distribution is learned at the same rate.

-- M. Chen, K. Huang, T. Zhao, M. Wang. “Score Approximation, Estimation and
Distribution Recovery of Diffusion Models on Low-Dimensional Data”, ICML 2023
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Diffusion Model Efficiently Learns Low-D Data

Theorem
v" Score function can be learned at the rate

16 (n—M)
v Underlying distribution is learned at the same rate.

Take-home message:

v" Accurate in learning data distributions

v’ Efficient: no curse of dimensionality

v Generalizable to manifold data (Tang and Yang, 2024)

-- M. Chen, K. Huang, T. Zhao, M. Wang. “Score Approximation, Estimation and
Distribution Recovery of Diffusion Models on Low-Dimensional Data”, ICML 2023
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Sequence Data with Dependencies

» We consider A
X1, XhN ~ gP(M()77(7 )’A) e R”

0=hy <--- < hy =H sampling times
w(-) time varying mean function

° ’}/(', ) covariance function (kernel) 7 Zb Brownian motion
A = Cov[X;] marginal covariance matrix
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Sequence Data with Dependencies

* We consider A
X1, XhN ~ gP(/"()v’Y(v )?A) e R”

* 0=hy <---<hy=H sampling times
* u(-) time varying mean function

By

* 7(-,-) covariance function (kernel) * 2D Brownian motion

A = Cov[X;] marginal covariance matrix

Simplification
v 5(-,-) only depends on time gaps, i.e.,
Y(t1,t2) = g(|t1 — ta|)



Description of Spatial-Temporal Dependencies

* We stack data together as a vector in RPY, whose distribution
is Gaussian

w(hi)
N :
w(hn)

JoA=

’Y(hl,hl)A, e ,’Y(hl,hN)A ])

’Y(hNy hl)Aa oo 7’7(hNa hN)A
Y¥(h20, h2o) - A

Y(h7o, hoo) - A

Temporal dependencies Spatial dependencies
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Description of Spatial-Temporal Dependencies

* We stack data together as a vector in whose distribution
Huge dimension?

.. ,’y(hl,hN)A ])
(b o)A

is Gaussian
(hl) A(h1, A)A, .
N . | reA=
hN hN7h1 A
v(h20, h2o) -
v¥(h70, hoo) -

Tempora\ dependencwes

Spatial dependencies
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Proper Score Network Learns Dependencies

* We simulate a Gaussian process with 128 length
« Diffusion model with transformer learns very well!

learned temporal dependency spatial dependency truth temporal dependency
shown in estimated kernel of samples at the i-th time step shown in kernel of Gaussian Process
shown in covariance inatrix o

learned at 20th truth at 20th

learned at 70th

truth at 70th

0 20 40 60

time step
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Represent Score via Algorithm Unrolling

—_———
Score

Funrl:tion L. .4

1
'Vlogpt(vt)-l— arg mm Li(s) = 58 s' (af(I‘ ®A)+ otZI) s—(vi—auu)'s
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Represent Score via Algorithm Unrolling

— - — -

‘I 1
*Viogpi(ve) = arg mm Li(s) = (at (T®A) +Uz21) s—(vi—auu)'s

Score

Function L -

' o)
Gradient 0 —mVLi(s Si 1) K
Descent ( ) S bl(' Y Sz(' )
|

31



Represent Score via Algorithm Unrolling

Score
Function

Gradient
Descent

Network
Algorithm
Unrolling

— - — -

1
;_Vlogpt(vt)_!: arg Srer]}glN Li(s) = §ST (a}(T®A)+07T)s — (v — ap)'s

- — e —

S

Input X; ¢
Embedding €;

Iterate g(0)
erate sl

Mean H;

—eVL(5")

(1),

S5

N

Jj=1 ?

Approximate One GD Iteration

=Nt Z (!?f,jASJ Linear Offset

1

Multiplication Transformer Transformer
Module Block 1 Block 2
Attn T FFN T
Embedding Input Mean

Repeat /{ Times

S

(K)



Represent Score via Algorithm Unrolling

l_'_'_l 1 T
'V log pi(vi) =arg_ mm Li(s) = (ozt(I‘®A)+atI)s—(vz—aty,) S

L.——. 2

Gradient 0 —mVLi(s ) 1) K
Descent ( ) n 51(' Y _>SE )

Score
Function

— ,FUASJ Linear Offset

l‘f 1

Embedding €;

'
'
'
'
Network () Multiplicati Transf Transf L]
. . 0 ultiplication ansformer ansformer ~(1) ~(I{)
Iterate —»
Algorithm crates; Module [ | Block1 [ | Block 2 Si IS
Unrolling ! o —
Mean M, AttnT FFNT :
Embedding Input Mean .
'

Repeat /{ Times
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Diffusion Model Learns Gaussian Process

Theorem
v" Score function can be learned efficiently at the rate

o (\/dependency—decay - sequence-length - D3)

n

v" Gaussian process distribution is learned at the same rate.

-- H. Fu, Z. Dou, J. Guo, M. Wang, M. Chen. “Diffusion Transformer Captures
Spatial-Temporal Dependencies: A Theory for Gaussian Process Data”, 2024
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Diffusion Model Learns Gaussian Process

Theorem
v" Score function can be learned at the rate

~ (\/dependency—decay - sequence-length - D3)

(@)
n

v" Gaussian process distribution is learned at the same rate.

Take-home message:
v"Weak dependence on the length of sequence
v" Adaptive to spatial-temporal dependencies

-- H. Fu, Z. Dou, J. Guo, M. Wang, M. Chen. “Diffusion Transformer Captures
Spatial-Temporal Dependencies: A Theory for Gaussian Process Data”, 2024 32



Leverage Diffusion Models



Rethinking Optimization

x € argmax f*(-)
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Rethinking Optimization

x € argmax f*(-)
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Nonconvex
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Rethinking Optimization

x € argmax f*(-)

A
A
?3::‘:“0"’ 70

Nonconvex

Generate solution
r~P(| f7(-) > a)
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Rethinking Optimization

x € argmax f*(-)

Nonconvex

Generative Optimization
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r~P(| f7(-) > a)
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Rethinking Optimization

x € argmax f*(-)

A (S
85 ,,::N:‘em\.
\

2\
\

Nonconvex

Generative Optimization

Generate solution
r~P(| f7(-) > a)

High-D

Conditional distribution

34



Rethinking Optimization

x € argmax f*(-)

A (S
85 ,;::e\\\\:‘w\.
\

2\
\

Nonconvex

Generative Optimization

Generate solution

z ~PC() > a)

-~

Guidance

High-D

Conditional distribution
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Problem Setup: Offline Reward Maximization

* Given a training data set, generate new z

* Training data set
LI

unlabel {xj }nunlabel P
Diabel = {Ti, ¥ = f*(2:) + € 1124

> ¢€; is observation noise
» f*is reward function
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Problem Setup: Offline Reward Maximization

* Given a training data set, generate new z

* Training data set
Label

unlabel {wj }nunlabel P
Diabel = {Ti, ¥ = f*(2:) + € 1124

> ¢; is observation noise
> f*is reward function

U Example: a large collection of unlabeled protein structures;
only a few has measured properties.
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Problem Setup: Offline Reward Maximization

* Given a training data set, generate new z

* Training data set
Label

D = {5 i o
Diabel = {xi, yi = [ (xs:) + € }ioepe

> ¢€; is observation noise

> f*is reward function Off-policy bandit problem

(Jin etal., 2021; Nguyen-Tang et al., 2021)

U Example: a large collection of unlabeled protein structures;
only a few has measured properties.

35



Meta Algorithm

Label
— Reward Model
.

Diabel

Step 1: Reward Learning
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Meta Algorithm

Label

— Reward Model
[

Step 1: Reward Learning

Pseudo-label

e — ]

Step 2: Pseudo Labeling
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Meta Algorithm

Label Pseudo-label
=5 Reward Model
[
il
Step 1: Reward Learning Step 2: Pseudo Labeling

Conditional Score
O P(- | reward)

f "
e 1

Conditior;al Diffusion

Step 3: Conditional Diffusion Training
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Meta Algorithm

Label

= Reward Model
[

Step 1: Reward Learning

Conditional Score

O P(- | reward)
res ‘i
% <

oditional "Diffusion

Step 3: Conditional Diffusion Training

Pseudo-label

e — ]

Step 2: Pseudo Labeling

reward = a

——)
Diffusion Model
new

Step 4: Guided Generation

36



How Far Are We from The Targeted Reward

* Let a be the target reward of generation
SubOpt(a) = a — Generated Average Reward
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How Far Are We from The Targeted Reward

* Let a be the target reward of generation
SubOpt(a) = a — Generated Average Reward

(Reward estimation error) o (Reward distribution shift)

(Conditional diffusion error) o (Diffusion distribution shift)

Target
Training Diabel

37



Case Study: Subspace Data + Linear Reward

Theorem
v" The sub-optimality satisfies

SubOpt(a) = ( Trace d108(Mtabe1) + min{a, d} - %(D’d))

1/6
n
l=2be) Tynlabel

where £, = (XTX + M) /maa TOr X the data matrix, A >0, and =. is the
covariance matrix of Py(- | reward = a).

-- Z.Li, H.Yuan, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. “Diffusion
Model for Data-Driven Black-Box Optimization”, NeurlPS 2023 38



Case Study: Subspace Data + Linear Reward

Theorem
v" The sub-optimality satisfies

SubOpt(a) = (H’I‘race 12 dlog Miabe) min{a, d} - %(D’d))

1/6
mn
................ fabel Mynlabel

where £, = (XTX + M) /maa TOr X the data matrix, A >0, and =. is the
covariance matrix of Py(- | reward = a).

-- Z.Li, H.Yuan, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. “Diffusion
Model for Data-Driven Black-Box Optimization”, NeurlPS 2023 38



Case Study: Subspace Data + Linear Reward

Theorem
v The sub—optimality satisfies
Sub0Opt(a) = Trace 12 dlog Miabel) +imin{a, d} - @ poly(D d)
Nlabel : SO
N unlabel

where £, = (XTX + M) /maa TOr X the data matrix, A >0, and =. is the
covariance matrix of Py(- | reward = a).

-- Z.Li, H.Yuan, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. “Diffusion
Model for Data-Driven Black-Box Optimization”, NeurlPS 2023 38



Case Study: Subspace Data + Linear Reward

Theorem
v The sub—optimality satisfies

............. d_k;_,;_. (s
SubOpt(a) = ,/Trace 12 i label) | |
label \ .

where £, = (XTX + M) /maa TOr X the data matrix, A >0, and =. is the
covariance matrix of Py(- | reward = a).

-- Z.Li, H.Yuan, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. “Diffusion
Model for Data-Driven Black-Box Optimization”, NeurlPS 2023 38



Case Study: Subspace Data + Linear Reward

Theorem
v" The sub-optimality satisfies
(4

............. d_lo_(n_; PRI
Sub0Opt(a) = O !”Trace (E;lEa) . M!—i—i ;
I Nlabel | - 3
~
where £, = (XTX + M) /maa TOr X the data matrix, A >0, and =. is the
covariance matrix of Py(- | reward = a).

% Match optimal off-policy bandit learning with representation
Iearning (Jin et al., 2021; Nguyen-Tang et al., 2021)

-- Z.Li, H.Yuan, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. “Diffusion
Model for Data-Driven Black-Box Optimization”, NeurlPS 2023 38



Advantages of Generative Optimization

v Meta algorithm provably generates samples of high reward
and fidelity, in nonparametric settings.

~ 2
Suwpt(a):o(m() W 4 ka(a) - mj&t?’)

--H.Yuan, Z. Li, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. "Diffusion Model for
Data-Driven Black-Box Optimization”, Major revision at Management Science
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Advantages of Generative Optimization

v Meta algorithm provably generates samples of high reward
and fidelity, in nonparametric settings.

~ 2
SubOpt(a) = O (ma) o E 1 ky(a) -nunigiz?)

Generative optimization in offline:

v Off-policy bandit optimality

v High-fidelity to intrinsic structures

v Efficiency: no curse of dimensionality
v Generalizable to human preferences

--H.Yuan, Z. Li, K. Huang, C. Ni, Y. Ye, M. Chen, M. Wang. "Diffusion Model for
Data-Driven Black-Box Optimization”, Major revision at Management Science 39



Application 1: CIFAR Reward Optimization

Avg. reward
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Application 1: CIFAR Reward Optimization

Avg. reward
0.754
0.50
0.254
0.00 1 +
-0.25 4 .
. 1 2 4 8 16
Train avg. Target reward

Reward improves

40



Application 2: Generative Optimization in RL

* Reinforcement learning

Q-function Action

\Agent/\fnvironment
Beliman a Interaction
equation \_/

Policy Feedback
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Application 2: Generative Optimization in RL
* Reinforcement learning

Q-function Action

\Agent/_\fnvironment
[}

Beliman a Interaction

equation — \_/\

Policy Feedback

* Generative optimization (Decision diffuser, Ajay et al., 2023)

constraints £ TDreem Diia ° ° a satisfy =
s T ° constraints
| @ ) .
skills & @@ ° L

compose
3 —_— skills
jectories 8enerateq 3 @

Jabelled 2 trajecty,;

08

\

41



Hopper Control

Avg. reward

120

Match SOTA

100

1 Decision-Diffuser

S OO
® ol B3

--- caL
L
ot
™
MOReL
Diffuser
I | -
s y s s
o
« 8 o

Target reward
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Inspirations and Future Directions



Control/RL Perspective on Diffusion Model
* We design backward process to be Markovian

Noise Data

Backward O

VI(:}ng_t % %
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Control/RL Perspective on Diffusion Model
* We design backward process to be Markovian

Noise State Data

M /\
Backward O W o 1
4 Og PT—t
: Policy ”i ﬁ
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Control/RL Perspective on Diffusion Model
* We design backward process to be Markovian

Noise State Data

M /\
Backward O W VI
— 0g pr_t
Policy i g

* Reward choice is task dependent

» Fidelity metric for image generation

> Satisfactory level for product design

» Biochemical property for protein synthesis
» Etc.

44



Diffusion Model for Control/RL

* Conditional diffusion models as a rich class for parameterizing
policies and transition kernels

« Diffusion for practical RL with impaired observability (Chen et
al., 2023)

Real-Time Action Policy
ap ~ Th(-|Sh—ds @h—d, - - -, Ah—1)

Agent Environment
Time h [}
Observation a Delay

Sh—d M — (Sh4157Re1)
Gh—ds -+, Qh—1 -~ («Aj)) {ugi) 4—/\

Missing ‘_/ A
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Diffusion Model for Generative Optimization

Guidance

S
Conditional D
Diffusion Ofﬂ i nhe new
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Diffusion Model for Generative Optimization

Guidance

Conditional

Diffusion

Offline
L/

Online

Finetune = Evaluation
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Diffusion Model for Generative Optimization

‘ Guided Diffusion
g sg + G

Pre-trained Diffusion

E[xo\ﬂft]

Compute Gradient Guidance G
Va (y — 9" Elwo|z])”

@G radient Query
S g

--Y. Guo, H. Yuan, Y. Yang, M. Chen, M. Wang. “Gradient Guidance for
Diffusion Models: An Optimization Perspective”, NeurlPS 2024 46



Diffusion Model for Generative Optimization

‘ Guided Diffusion

&g so+ G

Pre-trained Diffusion v H Ig h— D d ata

]E[xo\xt]

Compute Gradient Guidance G
Ve, (y — 9" Elzo|a:])?
[}

Gradient Query

--Y. Guo, H. Yuan, Y. Yang, M. Chen, M. Wang. “Gradient Guidance for
Diffusion Models: An Optimization Perspective”, NeurlPS 2024 46



Diffusion Model for Generative Optimization

‘ Guided Diffusion

5 5o+ G

Pre-trained Diffusion v H Ig h—D data
v’ Efficient adaptation

]E[xo\xt]

Compute Gradient Guidance G
Ve, (y — 9" Elzo|a:])?
[}

Gradient Query

--Y. Guo, H. Yuan, Y. Yang, M. Chen, M. Wang. “Gradient Guidance for
Diffusion Models: An Optimization Perspective”, NeurlPS 2024 46



Diffusion Model for Generative Optimization

‘ Guided Diffusion

9 so + G JEET
t G |
Pre-trained Diffusion v ng h-D data
Elxzo|z: . . .
Fud v Efficient adaptation
Compute Gradie[lt Guidance G v Esca pe from bad |oca|
Va(y —g-;IE[mOLTt])Z optima and saddle points

Gradient Query

--Y. Guo, H. Yuan, Y. Yang, M. Chen, M. Wang. “Gradient Guidance for
Diffusion Models: An Optimization Perspective”, NeurlPS 2024 46



Diffusion Model for Generative Optimization

‘ Guided Diffusion

A ki, >
G |
Pre-trained Diffusion v ng h-D data
Elxzo|z: . . .
Fud v Efficient adaptation
Compute Gradie[lt Guidance G v Esca pe from bad |oca|
Ve, (y = 9" Elzo|2.])” optima and saddle points

v" Connecting to DRO

@G radient Query
v g

--Y. Guo, H. Yuan, Y. Yang, M. Chen, M. Wang. “Gradient Guidance for
Diffusion Models: An Optimization Perspective”, NeurlPS 2024 46



Diffusion Model for Discrete Data

* Gaussian noise may not be suitable for discrete data
t=2

[ ] t=0 [ [ e t=1
=1 /\‘%Z%
Q [ ] [ [ ]
t=0
[ L ] o L J
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Diffusion Model for Discrete Data

* Gaussian noise may not be suitable for discrete data
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* Discrete diffusion jumps inside data support as “corruption”
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Diffusion Model for Discrete Data

* Gaussian noise may not be suitable for discrete data
t=2

[ ] t=0 [ [ ] e t=1
=1 /\‘%Z%
Q [ ] [} [ ]
t=0
[ L ] o L J

* Discrete diffusion jumps inside data support as “corruption”

» Integer optimization
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Diffusion Model for Discrete Data

* Gaussian noise may not be suitable for discrete data
t=2

[ ] t=0 [ ] [ ] @ t=1
=1 /\‘%Z%
Q [ ] [} [ ]
t=0
[ L ] o L J
t=3

* Discrete diffusion jumps inside data support as “corruption”

» Integer optimization
» Protein generation

47
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