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We restrict the connectivity to
make inference and learning

easier.

— Only one layer of hidden units.

— No connections between
hidden units.
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Recap: RBM

E(v,h) Za,,vZ Zb hy — sziwi’jh
i J

In an RBM it only takes one step to

visible units are clamped.
— So we can quickly get the exact

value of :
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Start with a training vector on the visible units. Then alternate between updating
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all the hidden units in parallel and updating all the visible units in parallel.
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Parameter-sharing RBM for Collaborative
Filtering: Treat each user rating vector as a

data point
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Recap: Variational Autoencoder

neural network

neural network
decoder

encoder

X X =d(z)

loss = ||x-x]|]? + KL ,N(O,1)1 = || x-d(2)|]? + KL ,N(0,1)]

Picture Credit: https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73




Recap: Generative Adversarial Network (GAN)

Bl Forward propagation (generation and classification) Bl Backward propagation (adversarial training)
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Input random The generative network The generated distribution The discriminative network The classification error
variables. is trained to maximise the and the true distribution are is trained to minimise the is the basis metric for the
final classification error. not compared directly. final classification error. training of both networks.

Picture Credit:https://towardsdatascience.com/understanding-generative-adversarial-networks-gans-cd6e4651a29
Goodfellow et al., Generative Adversarial Nets. NIPS 2014.




Wasserstein Distance

The Wasserstein distance of p and q is the minimum cost of transporting mass in
converting the shape of a data distribution g to the shape of a data distribution p. It is also
called Optimal Transport Cost or Earth Mover Distance.
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Picture Credit: https://medium.com/@jonathan hui/gan-wasserstein-gan-wgan-gp-6a1a2aaib490




Comparing Wasserstein Distance with KLD and JSD

Vix,y)e P,x=0andy ~ U0, 1)
Vix,y) €0, x=0,0<0<landy~ U,1)

When @ # O:
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Picture Credit:https://lilianweng.qithub.io/lil-log/2017/08/20/from-GAN-to-WGAN. html




GAN

WGAN

WGAN vs. GAN

Discriminator/Critic Generator
wdii 1og D (29) +1og (1- D (G (2)))] }i:; og (D (G ()
Va3 [£@) - f(e (z9))] Vo3 f(e(0))

In WGAN, we have a critic with a scalar output without log



Wasserstein Autoencoder

(a) VAE (b) WAE

Py =z

ANZ|X)

SN SN

VAE reconstruction WAE reconstruction

Both VAE and WAE minimize two terms: the reconstruction cost and the regular-
izer penalizing discrepancy between Pz and distribution induced by the encoder ). VAE forces
Q(Z|X = x) to match Py for all the different input examples z drawn from Px. This is illustrated
on picture (a), where every single red ball is forced to match Py depicted as the white shape. Red
balls start intersecting, which leads to problems with reconstruction. In contrast, WAE forces the
continuous mixture Qz := [ Q(Z|X)dPx to match Py, as depicted with the green ball in picture
(b). As a result latent codes of different examples get a chance to stay far away from each other,
promoting a better reconstruction.

Dwap(Px.Ps) = inf Ep.E X.G(Z)] + A -Dy(Qy, P
wak(Px, Pg) Q(ZI&)EQ Py Egzix) ¢l (2))] + 72(Qz, Pz)

Tolstikhin et al., ICLR 2018: https://arxiv.org/pdf/1711.01558




WAE Solves the Problems of VAE with Overlapping Latent
Space

Picture Credit: https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73




Properties of Wasserstein Autoencoder

D Py Pl = inf Ep,[E X, G4 A D , P
waEk(Px, Pa) ol o oz1x) L¢( (2))] + 7z(Qz, Pz)

Pz Qz z
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WAE reconstruction

If P, is usually chosen as a high-dimensional Gaussian with unit variance N(O, 1), we
essentially encourage each dimension of z from Q, to be independent to encode

different semantic attribute of input data x.

The loss function of (recurrent) WAE maximizes the mutual information between input

data and different disentangled latent factors .
Han, Min, Han, Li, and Zhang, ICLR 2021: https://arxiv.org/pdf/2101.07496



Training of Wasserstein Autoencoder

Dwag(Px.Pg):= inf Ep.E X.GZ)] + A -Dy(Qy. P
wak(Px, Pa) Q(ZI&)EQ Py Egzix) ¢l (2))] z(Qz, Pz)

Algorithm 1 Wasserstein Auto-Encoder Algorithm 2 Wasserstein Auto-Encoder

with GAN-based penalty (WAE-GAN). with MMD-based penalty (WAE-MMD).
Require: Regularization coefficient A > 0. Require: Regularization coefficient A > 0,
Initialize the parameters of the encoder Qg, characteristic positive-definite kernel k.

decoder G, and latent discriminator D.. Initialize the parameters of the encoder Q4,

while (¢,6) ot converged do decoder Gy, and latent discriminator D..
Sample {z1,...,z,} from the training set .

) while (¢, 8) not converged do
Sample {z1,...,2,} from the prior Py . " N o
Susniple 7 From Qa(Zleg) fopd=1, ..., 1 Sample {z1,...,z,} from the tr.alnlng set
Update D., by ascending: Sample {z1,...,2,} from the prior Py

Sample Z; from Qy(Z|z;) fori=1,...,n

% Z log D.,(z:) + log(l _ D7(5i)) Update Q4 and Gg¢ by descending:
=1

1 N A
Update Q4 and G by descending: n Z;c(xi, Go(%)) + n(n —1) ; k(ze, 2;)
n A 2
1 A s sy 2A -
—ZC(.’L‘i,GQ(Ei)) —}\lOgD,y(éz) + n(n_ 1) Zk(Z@,ZJ) 77,2 Zk(zl’z])
= 53 £,
end while end while

Tolstikhin et al., ICLR 2018: https://arxiv.org/pdf/1711.01558
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Disentangled Wasserstein Autoencoder for T-Cell Receptor
Englneerlng (NeurlPS 2023)

s A ; Functional pattern: defines the function (e.g. binding specificity)
Viral infection or tumor ) o )
e . Structural pattern: defines the structural backbone, required to maintain the validity of the protein

W \ -
L ‘ Y MHC : B
: j \t //1\> Functional = Ligand or binding partner -
N * peptide Structural % /
M TCR Pattern learning & = Modification of ﬁ

disentanglement fy | functional pattern

> \ >

peptidep / Template protein Engineered protein
CDR Bﬁ,
Dataset

Positive: known TCR-peptide interaction pairs from databases (VDJdb and McPAS-TCR)
Negative: randomly shuffled TCR-peptide pairs

Objective: modify the binding specificity given a TCR CDR3 and a target peptide, by only altering its functional pattern.

13



Training Optimization

Zg Zs
Input ) Reconstructed O, ‘Pl:li
sequence S sequence
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P
z ¥ U (non-binder template) Modified er u (generated binder)
f yé
Interaction TR N t - ssyrrPvG
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»  Reconstruction 108s L,¢con (x,x") \_  bindersto / (target)

 Classification loss L;s (Y(u, z¢),y) N SSYRRPVGI 7
« Wasserstein loss L, 455 (2, z5), N(0,1))
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Input sequence x

One-hot
encoding

20

Functional
encoder

Linear
embedding

Transformer
encoder
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Disentanglement analysis

zr of positive sequences

zs of positive sequences
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TCR engineering results

Yovalid #mut/len Yopositive valid 1
TCR-dWAE 0.61£0.06  0.49+0.05 |0.23+0.02
TCR-dVAE 0.64+0.05 0.4+0.02 0.16+0.01
greedy 0.02+0.0 0.34+0.0 0.02+0.0
genetic 0.02+£0.0 NA 0.02+0.0
naive rm 0.03+£0.0 0.35£0.01 0.0+0.0
MCTS 0.0+0.0 NA 0.0+0.0
TCR-dWAE (null) 0.85+0.01 0.45+0.07 0.04+0.03
original 0.92 NA 0.01
Miyazawa-Jerningen energy
CTPYDINQM TTPESANL Template  Generated pos
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Learning Disentangled Equivariant Representation for
Explicitly Controllable 3D Molecule Generation (AAAI 2025)

p Predlctlon Head(s) ’Hpmp
Property Encoder ©,

—> Property —>» Regression Loss
E(3)- Equwarlant \

GNN
ﬁ\}
- Q—“
. E(3)-Equivariant
f o’f’ GNN Reconstruction Loss
_) \
¢ JOJ Decoder Dy
3D E(3)-Equivariant ) Reconstructed Molecule
Molecular | GNN
Graph Wassersteln Loss @ Combine
Structure Encoder @

Reconstruction 0SS Ly¢con (%, x") = Lyogerype + Leage T Leoords
Classification loss L5 (W(z,),y)
Wasserstein loss Ly, 455 (2, 25), N(0,1))
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3D molecule x B Reconstructed 3D molecule x’
V: node type (atom))
E: edge type (bond)

R: 3D coordinate

e — = =p Liecon <« =-—

I Node Initialization Pop Focus Node Edge Selection
Molecule I () - -
fragment graph ® - P

| ® @ > ® @ —> <

- K
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|
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| 0D ) I | |
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Lt - - fragment
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Algorithm 1: 3D Molecule Graph Reconstruction in E3AWAE

1: Input: Latent variables z;,, z,
2: Initialize:
{zi}i=1,...n < NodeTypes(zp, z,)
Queue Q « 0
Q.push(RandomSelect({1,---,n})
3DGraph G = {V,E, R}, where V < 0, E + 0, R « 0

3: while Q # () do
4. f < Q.pop()

5: Add node f to graph G

6: isStopNode < False

T while not isStopNode do

8: (i,isStopNode) < PredictEdge(f, G)

9: if not isStopNode and FirstLink(z) then
10: ry = (Tu, Yu, 2u) < PredictCoords(i)
11: V+VU{i},€E+« EU{(f, 1)},

12: R+ RU({r;}
13: Q.push(z)

14: end if

15: MarkVisited( f)

16: end while

17: end while

18: Return: Reconstructed G = (V,€,R)

Node Initialization
| J

® @9
- v

Node Update

®e ?

q
>

Pop Focus Node Edge Selection

' v
Predict Coordinates ~ YeS
-
[ ® ? Y <«
-
.(z,y,Z)

e Focus Node
® Stop Node
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Property-guided generation

Isolated molecule
Asphericity QED SAS logP
MSE/MAE MSE/MAE MSE/MAE MSE/MAE
EDM 0.626/0.455 0.113/0.285 12.395/3.385 5.704/1.903
GEOM HierDiff 0.176/0.406 0.120/0.289 2.618/1.347 4.124/1.572
Ours 0.095/0.246 0.072/0.221 1.563/1.002 4.490/1.630
Cross- EDM 0.109/0.274 0.147/0.309 11.244/3.205 5.715/1.957
Docked HierDiff 0.107/0.268 0.089/0.278 2.364/1.468 5.752/1.897
2020 Ours 0.100/0.259 0.062/0.205 2.356/1.243 4.244/1.644
Disentanglement analysis
10 'oo‘::“ 167 .{ o °3 0.8
a ~
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51 :o DX b 121 o C 0.6 >
%o’ © (X R4 G
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¢ °l 8] ) :0 A §-
-5 1 6 . [ 02 <
2 oe°° '
-10 41 . o o °
~10 0 10 50 -25 00 25 50
] % 75
4 ° o.: e 61 ¢ ° 0:.
24 & ‘.‘ 1 ® ° ot >0
L et e s
%1 ‘-:.' 01 .'.' °°° 00 &
24 —21 o .‘ ') e 25
47 % o °
—4 4 e -5.0
6 oo, ’
5 10 15 4 2 o 2 4
Property Structure

Ligand
Asphericity QED SAS logP

Vina MSE MAE Vina MSE MAE Vina MSE MAE Vina MSE MAE

HierDiff 4255 0125 0296 -4429 0.113 0275 5053 2364 1620 -4293 5938 1855
TargetDiff -5.742 0.117 0288 -5706 0.112 0307 -35479 3369 1604 5501 4509 1946
Ours -5.891 0,102 0.271 -5866 0.086 0.247 -5940 2358 1529 -5827 4376 1.794

Generated molecules
20




Diffusion Probabilistic Model

» Forward process (“noising”): corrupt the data signal into random noise
» Reverse process (“denoising”): generate data from random noise
Train a “noise estimator” to predict the noise added at each step

Reverse/Denoising

Pe(xt1|xt)
@H —@— @2 H

D s

(xt|xt 1)

Forward/Noising

Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics. ICML 2015.
Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851. 21



@_,.

Bi,...,Pr € (0,1) are fixed constants.
ap:=1—p
Qp = Q1 Oy

Pe(xt—1|xt)
-@"5®
K >

Diffusion Probabilistic Model

Reverse/Denoising

PV

N -

S_———

q(x¢|x¢—1)

Forward/Noising

T

q(x1.7|x0) = H q(x¢|xt—1), q(xe|xe—1) = N (xt; v/ 1 = Bexi—1, 51)

t=1

A forward diffusion process starts at some starting point zy ~ g, where g isthe The key idea of DDPM is to use a neural network parametrized by 6. The network takes in two
probability distribution to be learned, then repeatedly adds noise to it by arguments x;, ¢, and outputs a vector iy (24, t) and a matrix 3y (24, t), such that each step in

Tt = /1 — Brzi1 + \/ﬂ_tzt

the forward diffusion process can be approximately undone by z; 1 ~ N (g (z¢,t), Zg (¢, 1)).
This then gives us a backward diffusion process py defined by

where 21, ..., 27 are lID samples from N(O, I). This is designed so that for any po(zr) = N(27]0,1)
starting distribution of o, we have h{n x¢|zo converging to (0, I). po(ze1|22) = N (@01 |10 (20, 2), T (21, 1))

Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics. ICML 2015.
Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851. 22



Diffusion model

For training, we can form variational upper bound that is commonly used for training variational autoencoders:

]N/(X():'I‘)
Eqxo) [— 108 P(%0)] < Eqxoaxaaixg | — 108 ————~| =
ot [ 108 Po(x0)] < Boopatesrixo) [ o8 (I(XI:T|X())]

Sohl-Dickstein et al. ICML 2015 and Ho et al. NeurlPS 2020 show that:

L =E,; | Dxv(g(xr|x0)||p(x7)) + ZP|<|,((/(xf_||xf, Xo)||pg(xz—1|xt)) — log pa(x0|x: )g]
E t>1 G- Ly

where q(x;_1|xX¢, X() is the tractable posterior distribution:

Q(xt—llxh Xp) = N(Xr—|1/7l(xr~ xu)- B!I)~

Va1 V1—050:(1—a;_ ~ 1 —ay_
where iy (x¢, %) := X ]_ txo+ i — e I)Xl and B, := (i 1,‘3:
1—ay 1-—a 1—ay
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Diffusion Model

Since both q(x;_1|x¢, X() and py(x¢—1|X¢)are Normal distributions, the KL divergence has a simple form:

1
L= DI\’[.((I(xf—l’xhx(l)“I)H(xI—l'xl)) = E,, [) >||/11 (x¢,X%0) — po(xy, t || ]
O}

Recall that x; = \/ay X+ /(1 — @¢) € . Ho et al. NeurlPS 2020 observe that:

= 1 3,
e (X¢, X0) = \/1—73—’ <Xt - \/ﬁ'f)

They propose to represent the mean of the denoising model using a noise-prediction network:

1 L)’,‘
) = ——— (% — ———— e5(xy, t
Ho(xq, t) T=35 (Xt o €9(Xy, ))

With this parameterization

.‘“}2
Li-1 = Exgng(xo).c~n01) [20;_)(1 = .:.3:)(1 -y )HF — € \/_r B+ yI=dnt) 1 ]
Xt
Algorithm 1 Training Algorithm 2 Sampling

é repeat 1: x7 ~ N(0,I)

: xo~q(_}(o) 2: fort=1T,...,1do
2- t’“ljifn(lomlf)n({lv--v'—”}) 3 z~N(0,I)ift > 1,elsez =0

: e~ ; o
5: Take gradient descent step on 4 Xe1= ﬁ (xt = \}T:Hee(xt,t)) + 01z

Vi ||€—€e(\/axo +\/1—6ue,t)”2 g: ::3‘:(:'
: X0

6: until converged
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Diffusion Model

Since both q(x;_1|x¢, X() and py(x¢—1|X¢)are Normal distributions, the KL divergence has a simple form:

1
L= DI\’[.((I(xf—l’xhx(l)“I)H(xI—l'xl)) = E,, [) >||/11 (x¢,X%0) — po(xy, t || ]
O}

Recall that x; = \/ay X+ /(1 — @¢) € . Ho et al. NeurlPS 2020 observe that:

= 1 3,
e (X¢, X0) = \/1—73—’ <Xt - \/ﬁ'f)

They propose to represent the mean of the denoising model using a noise-prediction network:

1 L)’,‘
) = ——— (% — ———— e5(xy, t
Ho(xq, t) T=35 (Xt o €9(Xy, ))

With this parameterization

.‘“}2
Li-1 = Exgng(xo).c~n01) [20;_)(1 = .:.3:)(1 -y )HF — € \/_r B+ yI=dnt) 1 ]
Xt
Algorithm 1 Training Algorithm 2 Sampling

é repeat 1: x7 ~ N(0,I)

: xo~q(_}(o) 2: fort=1T,...,1do
2- t’“ljifn(lomlf)n({lv--v'—”}) 3 z~N(0,I)ift > 1,elsez =0

: e~ ; o
5: Take gradient descent step on 4 Xe1= ﬁ (xt = \}T:Hee(xt,t)) + 01z

Vi ||€—€e(\/axo +\/1—6ue,t)”2 g: ::3‘:(:'
: X0

6: until converged
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Diffusion Model with Classifier Guidance

V. Inp(zly) = V, Inp(z) + V. Inp(y|z)

vV e =
score classifier guidance

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (p¢(x¢), Xg(2)), classi-
fier ps(y|z.), and gradient scale s.

Input: class label y, gradient scale s
a7 < sample from N(0,I)
for all ¢ from 7 to 1 do
py X — po(zt), Xo(xt)
xy—1  sample from N (p + sX V,, log ps (y|x¢), X)
end for
return x

For classifier-free guidance, we simply train the diffusion model by presenting both (x,
y) and (x, None)

Prafulla Dhariwal and Alex Nichol. Diffusion Models Beat GANs on Image Synthesis. NeurlPS 2021. https://arxiv.org/abs/2105.05233 26




Diffusion Model with Classifier Guidance

Prafulla Dhariwal and Alex Nichol. Diffusion Models Beat GANs on Image Synthesis. NeurlPS 2021. https://arxiv.org/abs/2105.05233

27



Diffusion Autoencoder

(optional)

(munn] 4— Latent DDIM

Semantic
encoder

For unconditional sampling

Image
(%0)

Conditional DDIM

Stochastic encoder + Decoder

/ \

X7 Image
Encoder path (semantic) - Image =p Zgem
Encoder path (stochastic) : Image X7
Decoder path . (Zsem, XT) =» Image (reconstructed)

Preechakul et al., Diffusion Autoencoders: Toward a Meaningful and Decodable Representation. CVPR 2022.
https://openaccess.thecvf.com/content/CVPR2022/papers/Preechakul_Diffusion_Autoencoders_Toward_a_Meaningful_and_Decodable_Representation_CVPR_2022_paper.pdf



Compositional Generation with Diffusion Autoencoder

Compositionally manipulate multiple attributes in generation

Three attributes: smiling, young, wavy hair.
The middle figure is from unconditional generation.
—> is the + direction.



Compositional Generation with Diffusion Autoencoder

Multi-level manipulation

Given image

Multi-attribute manipulation
Old No eyeglasses Smile Beard + old + No eyeglass + smile

© NEC Laboratories America 2023 NEC Group Internal Use Only




Text-Conditioned Image-to-Video Generation with Latent
Feature Diffusion

subject image rlg?(t) z:;r: é‘g{lpe rlghttz:lremrizwh[[pe to right hand wave  two hand front clap  right arm throw €ross i;r::tm the basketball shooting

—

—_— —

draw circle

draw circle clockwise g
counter-clockwise

draw triangle front boxing baseball swing  tennis forehand swing  two arms curl

— f — —_—

tennis serve two hand push forward lunge hand catch pick up and throw jogging stand to sit

u e
a8




Text-Conditioned Image-to-Video Generation with Latent
Feature Diffusion

Given image I have command All clear Not clear Spread wings

Fold wings Lock wings Up hook Down hook Remove tiedowns

Remove chocks Insert chocks Move ahead Turn left Turn right

Next marshaller Slow down Nosegear steering Hot brakes

Brakes on Brakes off Install tiedowns Cut engine




Text-Conditioned Image-to-Video Generation with Latent
Feature Diffusion

Expression generation

Given image Happiness Disguise Surprise

Neutral

Happiness Sadness Surprise
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Equivariant diffusion model

e Consider the Euclidean group E(3) (translation, rotation, reflection)
o Let f be some function

o gis some E3 transformation, T, and S, are its linear representations

o Equivariant: Ty(f(x)) = f(Tz(x))

o Invariant: f(h) = f(Sy(h))
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Equivariant diffusion model

« Denoising process with equivariant constraints

* The equivariant denoising process produces distributions that are
invariant to transformations

* Increases data efficiency
« Useful in 3D objects like molecules
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Equivariant diffusion model
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Algorithm 1 Optimizing EDM

Input: Data point x, neural network ¢

Sample t ~ U(0,...,T), e ~ N(0,I)

Subtract center of gravity from €(*) in € = [€(®), €(P)]
Compute z; = oy [z, h] + 04€

Minimize ||e — ¢(2z;,t)||?

pleh,...|z7)

Algorithm 2 Sampling from EDM

denoise

Sample z7 ~ N (0, 1)
fortinT, T—1,...,1wheres =% —1do
Sample € ~ N(0,I)
Subtract center of gravity from €(®) in € = [e(®), e(P)]
2

zs = Zt—ils—'gb(zt,t)ﬂ—(ft—»s'é

Qs Qg |50t
end for
Sample z, h ~ p(z, h|zy)

Hoogeboom, Emiel, et al. "Equivariant diffusion for molecule generation in

3d." International conference on machine learning. PMLR, 2022.



Equivariant diffusion model

» Discrete diffusion for categorical data (e.g. atom type, amino acid)

1+1
p(h|z") =C(h|p).p N (ulz§?, o0)du
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g(xe|xi—1) = C(xe|(1 = Be) i1 + Bi/ K),
g(xe|xp) = C(t|Ar o + (1 — @)/ K)

K
q(mt—1|-’13t, mo) — C(wz—1|9post($t,$0)), where 9post(mt,$o) = G/Z Or

and é - [ata:t + (1 — Cl/t)/K] ® [C_Yt_lw() + (1 - dt_l)/K].

Hoogeboom, Emiel, et al. "Equivariant diffusion for molecule generation in 3d." International conference on machine learning. PMLR, 2022.
Hoogeboom, Emiel, et al. "Argmax flows and multinomial diffusion: Learning categorical distributions." Advances in neural information processing systems 34 (2021): 12454-
12465. 37



Controlled Generation of 3D Molecules

* Controlling the equivariant diffusion model for 3D molecule

generation
* Semantic control on diffusion models
* Disentanglement of the embedding space

Node & edge emb. Semanticemb.
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Semantics-guided diffusion model
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Equivariant diffusion model

Semantic guidance for controllable generation
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Original Deterministic Random
noise noise

e
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Preserving the molecular semantics during generation
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Template 0 Interpolated Template 1

(Ours) With egDIffAE
embedding

Without

embedding egbDIM

egDiffAE

egDDIM % - '<',r-‘\’

R = 20 + (1 = DAY, 1P = 2x” + (1 - D)

z® =2z + (1 -2)z®

Smooth interpolation between 3D structures
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a (Target = 87.44) C, (Target = 37.69)

Source Manipulated Source Manipulated Source Manipulated Source Manipulated
70.14 85.31 73.01 87.11 31.28 39.39 28.6 38.52

=

77.21

y=wz+b
yt —b — zTw
S:
wTw
zt =z + sw

Manipulate molecular properties while maintaining the semantics
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Semantics-guided diffusion model

Node & edge emb. Semantic emb.
_______ z
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Semantic guidance for controllable generation
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Preserving the molecular semantics during generation
hestrating a brighter world NEC




Success rate 1

0.25 A Random Diffusion (control)
A>0 mms Random MolDiffdAE (control)
B VAE (2D)+Im
4>0.50_ Cond. Diffusion
Cls. Guidance
MolDiffdAE+Im
0.00 : 1 B MolDiffdAE-ft+Im
SAS- LogP- SAS- SAS-
LogP-
(A) QED+, SAS- QED+, LogP- SAS-, LogP-
) A o~ , §
W0 — 0 | ohro— e | TR TR
QED: 0.61 QED: 0.84 QED: 0.65 QED: 0.90 SAS: 3.16 SAS: 2.32
SAS: 4.44 SAS: 2.91 LogP: 4.36 LogP: 2.25 LogP: 4.04 LogP: 2.17
QED+, Halogen+ QED+, Halogen- SAS-, Halogen+
» .
1 . . @ | -y
B =G0 | Lt~ L |Gy =8
\ - ¥ —
QED: 0.50 QED: 0.82 QED: 0.61 QED: 0.91 SAS: 4.16 SAS: 2.67
LogP-, Halogen+ LogP-, Halogen- SAS-, Halogen-
%} %} /’;’“‘”/‘\M ¢ )z = D =5
//% Ar Vol ¢ - 4¢ - /[ :ﬁr
LogP: 2.79 LogP:1.33 LogP: 3.90 LogP: 1.27 SAS: 3.75 SAS: 2.15

(A) Source

LogP: 3.80
SAS: 2.95

( B) ,OH
0 [/7}
*n—-_nh"\/c

LogP: 4.04
SAS: 3.16

(@ Source

LogP: 3.32
SAS: 2.84
Halogen: 0

(D)

= N
HO
LogP: 3.24

SAS: 4.11
Halogen: 0

Cls. Guidance

4og
G
LogP: 4.10

SAS: 1.75
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T
\““'-—_O}—ﬁ

LogP: 4.66
SAS: 2.19
3D Similarity: 0.78

Cls. Guidance

(N?/\\_—c
3

LogP: 2.98
SAS: 2.99
Halogen: 2
3D Similarity: 0.92

cl

o)
LogP: 4.32
SAS: 2.71
Halogen: 1

3D Similarity: 0.93

MolDiffdAE-ft+bp (ours) Atom/fragment

o Water solubility
) High (LogP-)
s Low (LogP+)
/«) \ Synthetic accssibility
High (SAS-)
LogP: 1.42 Moderate
SAS: 2.04 Low (SAS+)
iilaritye Other
3D Similarity: 0.68 Halogen
Q"\Q—‘"N Objective
o /D Right direction
- N?__’{/c’ Wrong direction
LogP: 2.17
SAS: 2.32

3D Similarity: 0.81

MolDiffdAE-ft+Im (ours)

0
N—TR—

dN cl
3 (0] Z ;
%NJKN
N
LogP: 1.68
SAS: 2.60

Halogen: 1
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o)
/s .
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A3
(o)
LogP: 1.76
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3D Similarity: 0.72
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Efficient multi-objective manipulation
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(1) Binding-preserving manipulation

QED+, LogP-

\ AOPNY (-SG9 N

QED: 0.73 QED: 0.83 QED: 0.58 QED: 0.69
SAS: 3.90 SAS: 3.36 LogP: 1.46 LogP: 0.62

Vina: -8.6 Vina: -8.1 Vina: -6.3 Vina: -6.1

(2) Data efficient binding affinity enhancement
(~1000 positive training data)

DRD2+ | | " .
( - — 1 —r < 1 \Y
: %k@—} _*':Q Asp=0.17 Asp=0.30 Asp=0.49 Asp=0.36

(3) Manipulation of 3D shapes and properties

\ RoG=3.56 RoG=4.15 RoG=3.00 RoG=3.64
DRD2=0.00 DRD2=0.88 DRD2=0.01 DRD2=0.89
e p '%){1 Q QL — SO’ é" o — [ T }—k@‘—' )& ==
i SRS e VAL~
DRD2=0.00 DRD2=0.93 DRD2=0.01 DRD2=0.74 Asp=0.29 Asp=0.53 Asp=0.54 Asp=0.32
RoG=3.74 RoG=3.38 RoG=3.91 RoG=3.26

Efficient multi-objective manipulation
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Robust Design with Latent-Variable Generative Models

P(S|x)p(x|6?)
P(S|o©@)

®* = argmin Drcz, (p(x]3,6)]la(x¢) @

Given a prior data distribution p(x) that can be trained
with a VAE, WAE, or Diffusion Probabilistic Model, how
to sample from p(x | y >= desirable value)

p(x|$,6) =

(1)

_ Challenges: we are moving out of the comfortable zone
= al’g;nln —E,xs,00)log g(x|9)] — Ho 3) of p(x) because y, >= desirable value is rare

1 Algorithm 1. Maximization of a single, continuous property. foracie(X:) is a function returning the expected value of the property oracle.
E (X‘ 6(0) ) [ P ( S | X) log q (XI ¢)] CDFracie (X, 7y) is a function to compute the CDF of the oracle predictive model for threshold . GenProb(x;, z;, ) is a method that
p evaluates the probability of an input in a generative model with parameters 6. GenTrain({(x;,w;)} is a procedure to take weighted
training data {(x;, w;)}, and return the parameters of the trained model. Q is a parameter that determines the next iteration’s relaxation
( 4) threshold; M is the number of samples to generate at each iteration. See main text for convergence criteria. {Xin} is an initial set of

samples with which to train the prior. Any line with an % subscript implicitly denotes Vi € [1...M].

= argmax

o P(S60)

= argmax Ep(x|9(0)) [P(SlX) lOg q(X| ¢)] ; (5) mee:(g):lt %%giglz;?gl(:)}’i?irﬁe(x,'y) GenTrain({x; w; }), GenProb(x;), [Q = 0.9], [M = 100])
«
¢ t+1
(t) while not converged do
IEP(XIB(O)) [P(S |X) log q(XI ¢)] set; < X3, Z; ~ G(¢(t))

scores; < horacle(Xi)

:Ep(x,zw(o) ) [P(S(t) lx) log q(xl ¢)] q « index of Q™ percentile of scores

¥ ® « scoresq
. 90)
0) GenProb(set;, 8'%)
p(x’ Z|9( ) t GenProb(set;, p®))
=]Eq(x,z|¢(t)) (t) P(S( ) |X) log q(X|¢) weights; < weights; ¥ (1 — CD Fogae (X, 7))
q(x? zl()b ) ¢*) =< GenTrain(set, weights)
t—t+1
return set, weights

weights; <
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The End



