-

n

5,2 S ARG

BIE

54318

i

S

[ SN/
SSES

PNES

2024/08/07

==
=

B




£F

« XR3K
« EMETIN A, BI¥PhD=FZR., HEEKREETFAN.,
FER A smFES, E£RERE, Al for Science,

CBIEERIAY HREHEHET BEREL.

* More about me: https://yulaizhao.com/

SCAN ME


https://yulaizhao.com/

£F

« FMENE X . https://arxiv.org/pdf/2407.13734

« {£2&: Masatoshi Uehara*, Yulai Zhao*, Tommaso Biancalani,
Sergey Levine

SCAN ME



https://arxiv.org/pdf/2407.13734

EAR: 3BAHIERR H 5. EHl Y 5]”
=E VN




il "‘EEI'J i

_I:

nZ*?ﬁ% H& Z:JJ
li\E%'JEI']%




fflF. BBR—N"ZRBER"ABFR

Tl 2Ry £
7

&




ATCGTA g CAGGTG

Expression level

l High cell specificity

HepG2

@it

it &

CAGAAA g AATGTG g

*/ \ a

(RER—H

NILE| S A TE]



RY AR




AIERITRT AR
« ENFTRAME

DiscDiff: Latent Diffusion Model for DNA Sequence Generation
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Zehui Li' Yuhao Ni? William A V Beardall! Guoxuan Xia? Akashaditya Das! Guy-Bart Stan! Yiren Zhao?
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Data <——— Generating samples by denoising

fProbability of perturbed data A
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Score function
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One denoising step
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Reverse / Denoising process I
MEHE R pP" e (x)
HHRYITZ x;

Sample noise pr(Xy) = turn into data

Pr(xr)~N'(0,1) S

Pure
noise

Xte1 = Xp + AUXF(L X5 6) +(Ar X 0(D)e
'

Xt | Xt+1

B AE S SDER R RIS IE:
dx;, = f(t,x;,0) + odw,
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Solve RL problem: ten: ZAMR T
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* Neural SDE 23, Uehara et al. 24] efficient

¢ POlICy gradient (PPO) [Black et al. 23; Fan et al. 23] " .
* Soft-Q-learning (Training loss in Gflownets)
* Advantage weighted learning

* Classifier-based guidance (plug-in-play)

Fast/Accurate



2.1.1 PPO (s RESILAC)

<H& 48 (policy gradient) A

* UL B R max)(6) = 15,36*[7”(960)]o Z AT
Vo) (0) = Z Vg 10g g (xe-1 1) - 7(x0)]

» HIEFHIBZE(0010) W EBIBEE BT (Importance sampling):

Po(xe—1]x¢)
Vol(6) = E Vol _ .
0] (6) [t=0 peold(xt—llxt) 2] nge(xt 11xe) r(xg)]

PPOfER (1 — € 1 + €) ¥clipix—I, — . . . .
{ PR IEconservative updates Training Diffusion Models with Reinforcement Learning, 2023




2.1.2 Direct backpropagation ("‘%ﬁd«lﬁ)
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Aligning Text-To-Image Diffusion Models With Reward Backpropagation, 2023
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BRAID: douBly conseRvAtive fine-tuning Diffusion models

7 " Pessimism @
g (softer) ‘iii::>

KL entropies
(harder

Density

Bridging Model-Based Optimization and Generative Modeling via Conservative Fine-Tuning of Diffusion Models, 2024
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Lab in the loop!

Generate x

Q\S\\,NHa
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(e.q., molec% :J }{g

Diffusion model (‘v
Fine-tune

A

- Reward model

Current works focus on computational efficiency

#(online)

Should be costly
v

Get feedback y

(e g., bioactivity)

Data: {xW),y}m_



SEIKO (OptimiStic finE-tuning of diffusion with KL cOnstraint)
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Learning rewards
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Fine-tuning diffusion models

Feedback Efficient Online Fine-Tuning of Diffusion Models, 2024




318 1T 808 SE I S 44 X

FEEE & W BYclassifier-based guidancesiclassifier-free guidance, EIITEEAN

¢




0

O
nes
Dl

BHR—RE
&£ By

RN —A Y

EBAXHX

%1t ]

condition

Adding Conditional Control to Diffusion Models with Reinforcement Learning, 2024




c: prompt

/ Pretrained conditional diffusion: p(x|c) \

Data: {xi, ¢, yi}

y:

compressibility/

Train a classifier
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