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Abstract
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Historical context

® VAE [Kingma and Welling, 2013] Arxived on Fri, 20 Dec 2013
¢ Similar [Rezende et al., 2014] published 27 days later

® 55k vs 7k citations
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Historical context

® VAE [Kingma and Welling, 2013] Arxived on Fri, 20 Dec 2013

Similar [Rezende et al., 2014] published 27 days later

55k vs 7k citations

Lesson 1: don't get scooped

2013: Adam, ResNets, BatchNorm/LayerNorm, etc don't yet exist

VAEs relative to 2010s DL research:
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Historical context

Contribution Year Reference # Citations
“Xavier" /“Glorot” initialisation 2010 [Glorot and Bengio, 2010] 30k
AlexNet 2012 [Krizhevsky et al., 2012] 155k
Dropout 2012 [Hinton et al., 2012] 13k
VAE 2013 [Kingma and Welling, 2013] 55k
VGGNet 2014  [Simonyan and Zisserman, 2014] 161k
Adam 2014 [Kingma and Ba, 2014] 243k
Neural attention 2014 [Bahdanau et al., 2014] 43k
GANs 2014 [Goodfellow et al., 2014] 94k
BatchNorm 2015 [loffe and Szegedy, 2015] 68k
ResNet 2015 [He et al., 2016] 318k
“Kaiming" /"He" initialisation ~ 2015 [He et al., 2015] 30k
Diffusion 2015 [Sohl-Dickstein et al., 2015] 12k
LayerNorm 2016 [Ba et al., 2016] 19k
Transformers 2017 [Vaswani et al., 2017] 245k
BERT 2018  [Devlin et al., 2019] 168k
GPT-1 2018 [Radford et al., 2018] 19k
GPT-2 2019 [Radford et al., 2019] 25k
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VAE problem setting

® Observe data x = {x1,...,xy}
® Assume x ~ p(x|6%)
% Learn 6 = argmaxy [Iog (p(x | 9))}
* Sample {xn41,.--,xn+m} ~ p(x|6)
® Model:
® {xq,...,xy} IID
® Sample z, ~ p(z,7 | 9)
® Sample x, ~ p(x,, | zn, 0)

® Observe x,, (z, hidden)
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VAE objective

® How to learn 6 = argmaxy [Iog(p(x | 0))} ?
log (p(x16)) (Log likelihood)

= :Iog p(x,,|9))} (1ID)

_ EN:I :Iog (/ dz, [p(x,,,z,, | 9)])] (Marginalise z,)
:zl_vj g </ dzo|p(zn |) p(X,JZ,,,H)})} (Product rule x,|z,)

= 3" [fog (Eep o 20:0)] )] (p=E)
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VAE objective

® How to learn 6 = argmaxy [Iog(p(x | 0))} ?

Iog< (x]6 ) ZN: [Iog( [ (x,,\z,,,@)])} (Previous slide)

n=1
e Could:
® Fix p(zn |0) = N(2,]0,1) and p(xy|zn, ) = MLP
® MC with z, ~ p(z,|6)
® But:
® Not unbiased (E inside log)
® p(sampled z, reconstructs x,) = tiny = need many samples

® Instead choose* some q(z,|xn, ®) = p(zn|Xxn,#), maximise ELBO
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ELBO derivation

® Expand log likelihood for each datapoint:
log (p(x,,|9)> (Log likelihood)

- / dzn [a(z0lm, 0) g (p(xal6) )| (Marginalise q)
= /dz,, { (zn|Xn, @) log (p Xn, 2n|0) )} (Product rule z,|x,)
P Zn|Xn7
/dz,,[ Zn|Xn7 |og< (Xnyzn|9)>
Zn‘Xna

Zn|Xn7 ):| (X
Zn|Xna

+ q(zn|xn, @) log

QlQ
~
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ELBO derivation

- p(Xn, an)
_ /dzn [q(z,,|Xn, ®) log (q(Zn‘Xm ¢)>
+ q(2n|xn, ¢) log (Mﬂ rom e s
- - p(Xn, 2n|0) ]
_ /dzn q(zn|xn, @) log (q(zn|Xm¢)

(KL definition)

+
e
—
L—
Q
—
B
)
S
N—r
A
N
3
)
=
N— /N

(KL > 0, ELBO v1)
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ELBO derivation

> /dz,7 [q(z,,|x,,, ¢) log (p(x,,,z,,]@))] (From previous slide)

q(zn|Xn7 ¢)
_ p(zn|0)
- | st cros (55 )
+ q(zn|xn, @) log (p(x,,|z,,, 9))] (Product rule* x,|z,)
= —KL{q(zaln, 8) | p(znl6)]
+ B, q(znond) [log(p(x,,yz,,,e)ﬂ (KL and E definitions)
= L(xn,0,0) (ELBO, VAE version)

® NB L shorthand for “ELBO", not “loss”" (we will maximise L)
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ELBO interpretation

L0 0,6) = —KL|a(zabxn: 0) || p(z010)]

Objective function

Regularise z,
+ K q(zn]xn,0) {|Og (p(xnlzn, 9))} (ELBO)

Reconstruct x,

< |og(p(x,,\9)) (Log likelihood)

® Regularise = don't overfit latent for every x,
® Reconstruct = learn accurate generative model

® Together = new samples z, ~ p(z,|0) decode to realistic xj
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VAE challenges

$1mQs:

1. How to define q(z,|xn, ¢) ?

2. How to estimate a(0,5) Using BP?
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VAE challenges

$1mQs:

1. How to define q(z,|xn, ¢) ?
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Latent posterior

® How to choose q(z,|xn, @) ?
® Could learn some q(z,|xn, ¢) separately for every xj
® N large = learn with batches
e Store all g(zn|xn, ) in memory? = Memory O(N) ®

® Learn g(zp|xn, ) from scratch every iteration? Hard+wasteful ®
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Latent posterior

® How to choose q(z,|xn, @) ?

° n n» n
e “Amortised inference” ©
°* EG:

(1, 0) = MLP(x,, 9) (MLP forward pass)
q(Zn ’ Xn, ¢) = N<Zn

u,diag(a)2> (Latent posterior)
® Cost “amortised” into ¢
® Learn good ¢ = have q(zp|xn, ¢) for all x, from MLP

® Assumptions: smooth x, — p(zs|xn,6), MLPs generalise smoothly
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Recognition and generative models

® Recall ELBO:
£(xn,0,6) = ~KL[a(zalx0,6) || p(2010)
+Bey gz 108 (p0lz0 0)) | (ELBO)

e 3 distributions: p(zn|€), q(za|Xn, @), P(Xn|zn, )
° VAE:

p(zn|0) fixed, EG N(2,]0, 1)

® q(zn|xn, @) = “Encoder” / “Recognition” model
® p(xn|zn,0) = "Decoder” / “Generative” model
® Encoder, decoder = neural networks

® NB recognition/generative terminology ~ 18yo [Hinton et al., 1995]
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VAE challenges

$1mQs:

1. How-to-define—glzrbmo)2
2. How to estimate % using BP?
2.1 KL term

2.2 Reconstruction term

Jake Levi (OccaMLab Reading Group)
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Differentiating KL

® Want to differentiate KL term WRT ¢:

£(x0:0,6) = =KL [a(zabxn: 9) || p(z010)

+ B mg(znlot) [Iog (p(xn|zn, 9))] (ELBO)

® Define encoder as diagonal Gaussian:

(6, 0) = MLPenc(xn, ¢) (Encoder forward)
q(zn | xn, @) = N(z,, i, diag(a)2> (Encoder distribution)

® Assume:
p(zn|0) = N(z,/0,1) (Prior distribution)
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Differentiating KL

® Want to differentiate KL term WRT ¢:
£0xm 6, 8) = KL [a(z0lx0,6) || p(z0[6)

+ Eaa(ans) |108(plulzn. )] (ELBO)

9(zn | 30, 8) = N (20
p(zn|0) = N (2]0,1) (Prior distribution)

Ly diag(a)z) (Encoder distribution)

= KL[a(zalxn0) || plznl6)]

N(Zn s diag(0)2)
=, ~q(zolxm0) |l08 N(z,/0,1)

.

Quadratic in z,

Jake Levi (OccaMLab Reading Group) Variational Autoencoders 13 May 2026 19 /55



Differentiating KL

® Want to differentiate KL term WRT ¢:
L(x0,0,9) = —KL|(zalm; 0) || p(z0/6)

+ Bz q(zolxn0) ['og <p(Xn|Zn7 0))] (ELBO)

q(zn | xn, ¢) = N(z,, u,diag(a)2> (Encoder distribution)
p(zn|0) = N (2]0,1) (Prior distribution)

= KL|q(zalxn,9) | p(za10)]

1
=—5 Z [1 + 2log(o;) — MJ? - aﬂ (Closed-form KL ©)
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VAE challenges

$1mQs:

1. How-to-define—glzrbmo)2
2. How to estimate % using BP?
2.1 Kl—term

2.2 Reconstruction term
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Score function estimator?

® Want to differentiate reconstruction term WRT ¢:

£(xn.0,9) = —KL[q(zolx0,6) || p(2010)
+ Esyq(enin) 108 (PO0l20,0)) | (ELBO)

® (an differentiate using SFE:

8(1 [ 2020 x0sd) {'Og (p(xnlzm 9))H
;@5 [/ dzn[ (2n|%n, ) |og(p(xn|zn,9))H (E=[q)

- [z, !ai |zl )] log (Pl 2. e>)] (Swap 0 and [)
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Score function estimator?

dz, 88(;5 [q(zn|xn7¢)} log (p(x,,|zn,0)>] (From previous slide)

Q
N

q(zn|xn, @)

/
/ _q(zn’Xm(b)‘W |Og<P(Xn|Zn79)>] (Xg)
/

dz, | q(zn|xn, <Z>)88¢ {log(q(zn\xm ¢))} log (p(xn\zm 9))]

(e = Vlog(q)])

= Bz, ~q(zalxn0) laaqj [log(q(znlxn, ¢))] log (p(xnlzn, 9))] (f9=E)
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Score function estimator?

0
:>7

¢

o

B zu~q(zolxn0) ['Og (P(Xn!zm 9))H
= EZan (2n|xn,) [8(;5 |:|Og( (Zn‘xm ¢)):| log <P(Xn‘zm ‘9))] (SFE)

® Can MC and evaluate (SFE) with BP

® But (SFE) “exhibits very high variance” [Kingma and Welling, 2013]

(Empirical comparison?)
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Seore-funetion-estimator? Reparameterisation trick!

® Want to differentiate reconstruction term WRT ¢:
£(x0,0,0) = —KL|a(zolx0, 0) || p(z0/6)]
+ Eeya(aine) |08 (p(alz0.0)) | (ELBO)
® Recall encoder = diagonal Gaussian:
(14, 0) = MLPenc(xn, @) (Encoder forward)
9(zn | xm: 9) = N (2

® “Reparameterise” z, as transform of auxiliary noise variable e:

i, diag(a)2> (Encoder distribution)

e ~N(el0,1) (Auxiliary noise sample)
Zp=p+e®o (Reparameterisation trick)
=z, ~ q(zn|Xxn, P) (Desired latent sample)
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Seore-funetion-estimator? Reparameterisation trick!

® Want to differentiate reconstruction term WRT ¢:
L(xn,0,6) = —KL[q(z0l%0,6) || p(z016)]

e q(anbins) 108 (P(al20.0)) | (ELBO)

= aaqs [Ezan(znxn,o) {IOg (p(X” |20, Q)H ]

0

¢
0
- EENN(E\O,I) [84) |:|0g (P (Xn

%iglﬁiﬁ [Iog(p(xn‘uﬂws(l)@a,&))u (MC)

Een(elo, [Iog (P (Xn w+e®o, 9) ) H (Reparameterise)

u—i—a@a,@))]] (Swap 9 and E)
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Evaluating reconstruction term

Eepa(ean) 108 (POn120,0))

1L
~ n Z [Iog (p(x,,
I=1

p+eD oo, 9))] (Reconstruction term)

® Large batch size = can set L =1 [Kingma and Welling, 2013]
® Freedom to choose p(x|zn, 6)

® EG x, is continuous = diagonal Gaussian:
(M(X),O'(X)> = MLPyec(2n, 0) (Decoder forward)

p(xn| zn, 0) =N (x,,

2
1) diag (O'(X)) > (Decoder distribution)
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Evaluating reconstruction term

log (p(x,, | zp, 9))

2
= log (/\/ <x,, 1™ diag (O'(X)> >> (Decoder log likelihood)

() 2
1 1 ni — M .
= log (lll lm(x) exp (2 (XG(Xl)L’> )]) (N definition)

N2
*Z |: log(27) — 2log (a( )> — (W) ] (Expand logs)

O;
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Evaluating reconstruction term

= B, q(zaxn0) ['08; (P(Xn |Zn, 9))}

O
~ %Z —log(27) — 2log (JfX)> - (X'”(Xl;’> WV, L=1)
o

i

® Putting this together. ..
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ELBO estimator

e Now we have a differentiable 4+ unbiased ELBO estimator ©

L(xn.0,6) = —KL[a(znln. @) | p(z0/0)]

Bty |08 (P00l 20,0) )| (ELBO)

L(3n, 0, 6) = % 3 [1 +2log(o;) — 13 — oﬂ

i

0\ ?
+ = Z — log(27) —2|og< (X)) _ (X”’ (X/;i >

gj

(Estimator)
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VAE training algorithm

® For each batch of data {xi, x2,... }:
® For each element x, in the batch:

(14, 0) = MLPenc(xn, ¢) (Encoder forward)

e~ N(g|0,1) (Auxiliary noise sample)
Zp=p+eOo (Reparameterise)
(u(x),a(x)> = MLPyec(2n, 0) (Decoder forward)

E(x, 0, 0) = % S [1+2008(01) — 12 — 3]

i

O
33 |ogzﬂ_2|og(<>)_<m(;;f>
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VAE training algorithm

® For each batch of data {x, x2,... }:
® For each element x, in the batch:

L(xa,0,0) = 22[1+2Iog(a,) w2~ o?|

0\ 2
+ = Z{ log(27) —2|og< (x)), <x,,, (X/;; ) ]

(0.6) < (0.0) = 50525 [Z [~ £ 0. ¢)}] (56D)
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VAE sampling algorithm

z~ N(z|0,/) (Sample latent from prior)
(u(x),o(x)> = MLPyec(z, 0) (Decoder forward)
e ~N(gl0,]) (Auxiliary noise samples)
x=pX) 4@ 0™ (Reparameterise)

® NB don't use g or ¢ during sampling

® Simple, non-iterative, no extra HPs
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® 3 tricks (2 established, 1 innovation*):
® argmaxy [p(x|9)} — argmax, [ELBO]
® Amortised inference q(zp|xp,0)
® Reparameterisation trick* z, = pu+e®o
e Fits into now-standard (then-visionary) DL framework:

® Define model(s) + £
* 9L/dx (BP)
® SGD

Jake Levi (OccaMLab Reading Group) Variational Autoencoders 13 May 2026



™
—
o
(Q\]
)
=
=
e
c
(¢v]
@©
S
oY)
=
X,
0
=
=
N
Q
o

Qarr~NO-=mid>ad
O IrNV=OOW M
AP QR e A~
™M ~AY o =D
RAND>OPDONT~S
MNP DA
CEMT O O8N
ONQO PO e
N T ORI
e R YA o ol S

WO~ AN\ o~
OO A(QYF QO ©
b VeI BT R BN o
W0oeAaQ MmN~
WM QO ~
MNAHS OCVN >
SANGQYeNQN0
s~MHrend N oo
0O HANNC®T~
AG ~ N0

AN~ TwOral
NN o FINYNY D
© =~ M) N =
~ROYO~mHON
OmPe NN N0
~o~NT 8 %o \9
Oemeea~mNY -
Whb 9 NwTooT >
—esmmO M o=
R T R SN

LT TMee e —
DV P TNy
WM~ N9 ®HON
TRe~=N=—adnr
NV @ Ty -y
T MeMOY ol
N ~mM) S rm~
N~ OMaoe\N9m
eeemddrhore
QYT o

(b) 5-D latent space (c) 10-D latent space (d) 20-D latent space

(a) 2-D latent space

Figure 5: Random samples from learned generative models of MNIST for different dimensionalities
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Results [Kingma and Welling, 2013]

NNNNRAQAQYIQIvaasc0006
NNULRALLQLQO LD D000 DPFE
NNQYLRARLLD DD DD DDPREPS
NN RARARL DD D0 0DPPREEE
NNNYYQARARQLQL I 00D PP E
NNNYYAAQARNILL P PPN
NNNNSYCNNNRADDPPNNNR O
e e b e L L R R R S R SR SE SN o)
e 00NN RPRNWNRNENRE 0
e EOONNWOWWWWRRWREEO0
P OOOWWWWRNORMOOO
e rr PO WWWWNWOOOOO
———e—rrr LWL LOOOOO
———_e et LW WLWLLOLOODOOO
—_——e et A NNV LLUOOOOO
—=—m e NN OOQOOO
—=mA AN NN ha®AOQ
SRRy hhahadad]
e L T S S S Y
SNNNNNYEYYNNYNYNNNNOSLLLY

(a) Learned Frey Face manifold (b) Learned MNIST manifold

Figure 4: Visualisations of learned data manifold for generative models with two-dimensional latent
space, learned with AEVB. Since the prior of the latent space is Gaussian, linearly spaced coor-
dinates on the unit square were transformed through the inverse CDF of the Gaussian to produce
values of the latent variables z. For each of these values z, we plotted the corresponding generative
pe (x|z) with the learned parameters 6.
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VAE demo

® VAE implementation: https://github.com/jakelevil996/vae/
blob/main/src/vae/models/vae.py
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https://github.com/jakelevi1996/vae/blob/main/src/vae/models/vae.py
https://github.com/jakelevi1996/vae/blob/main/src/vae/models/vae.py

VAE demo 2D dataset results

Shifted Circle dataset

B
3
3
2 =
1
o
a
= )
- 25
-
s = s

o reconstruct_tem 40 - 75 B ‘w
(c) Seed =1 (d) Seed = 2
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VAE demo 2D dataset results

® Example with learned shared o (not from MLP):

o 100
-2
6x10
-4 ax10
3x1071
-6
— elbo 2x107
— K_tem
-8 —— reconstruct_term
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
o Data )
4] o model

39 /55
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VAE MNIST demo

2000
0
—2000 A
—4000 4 — elbo
— ki_term
—— reconstruct_term

T T T T T T T
0 10000 20000 30000 40000 50000 60000
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VAE MNIST demo

® NB for MNIST:

® Above demo = 100 epochs =~ 30 minutes
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VAE MNIST demo

® NB for MNIST:

® Above demo = 100 epochs =~ 30 minutes
® [Kingma and Welling, 2013] train for >1000 epochs/33 hours !!!
® (lassification: 5 epochs = <30 seconds = >98% test acc

® Discriminative VS generative?
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What's next?

1. Conditional generation [Kingma et al., 2014, Sohn et al., 2015, Yan
et al., 2016]

2. Molecule generation [Gomez-Bombarelli et al., 2018, Jin et al.,
2018, Griffiths and Hernandez-Lobato, 2020, Grosnit et al.,
2021, Maus et al., 2022, Sevgen et al., 2025]

3. Object-centric learning [Watters et al., 2019, Burgess et al.,
2019, Locatello et al., 2020]

4. Discrete latent variables [Jang et al., 2016, Maddison et al.,
2016, Van Den Oord et al., 2017]
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Abstract

Thecvricrasin s of modem dat s o cobiod it e iy of ob-
label information has made semi-supervised leaming one of the pn»hlem&
S oo s mdoe dos S e it

ors

els that allow for effective generalisation from small Isbelled data sets 10 large
unlabelled ones, Generative approaches have thus far been either inflexible. in
ficien or nonscalable W show it dep gemerstive modelsand sy
Bayesian

0 wv\ ide sgaificatimpeo

petitive for semi-supervised lean
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¢ [Kingma et al., 2014]

® Semi-supervised learning:

® LARGE unlabelled dataset {x;,...} ~ p,
small labelled dataset {(xj,y;),...} ~ P
Train classifier

Outperform ignoring {x;,...}

® 3 models proposed:

® M1 = train VAE on x, train classifier on y from z
® M2 (next slide)
® M1+M2 = use z from M1 as x for M2
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e Model:

po(x,y,z) = po(xly, z) p(y) p(2) (Generative model)
q6(z, ¥|x) = qs(z|x) q4(y|x) (Factorised posterior)

¢ Different loss functions for with /without labels:
® With labels:

Iog(p(X,}/)> > Eq,(z1x) [Iog <p(x,y,z)ﬂ

e (2]x)
= Eq, (z1x) [log (Pe(xbf, Z)) + log (P(y))

+ log (p(z)) — log <Q¢>(Z‘X))}
= —L(x,y)
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e With label:
—L(x,y) = Eq,(zx) [|0g<P9(X\yaZ)> + log (P(Y))

+ log (p(z)) - |0g(%(z|x)ﬂ

e Without label:

|og<p(x)> 2 Eqy(y,z1x) ['Og < ple.t.r) ﬂ

q¢(y7 Z|X)

= Eq, (vl {E%(ﬂx) {IOg (pe(x\y, z)) +log (P(y))
+1og (p(2)) ~ log du(z}x)) g (as(710) |

= Eqy(y) [—E(x, y)} +H [%(HX)}
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® With label:
~L0x.9) = Baytae 2 (mi(xly,2) + b (p())
+log (p(z)) - Iog<q¢(z\x))}
® Without label:

“U(X) = B,y | ~L06 )| + 1| a5(v1%)]

e Bound on ML for full dataset:

T=3 o]+ [ue)

(y)~Bi X~ Py

® Total loss: + term to train classifier gy4(y|x) on (x,y) ~ p

Jake Levi (OccaMLab Reading Group) Variational Autoencoders 13 May 2026



® Semi-supervised classification results:

Table 1: Benchmark results of semi-supervised classification on MNIST with few labels.

N | NN CNN TSVM CAE MTC  AtlasRBF [ MI+TSVM M2 MI1+M2

100 2581 2298 16.81 13.47 1203  8.10(£0.95) | 11.82(£ 025 11.97(£1.71) 3.33(£0.14)
600 1144 7.68 6.16 6.3 5.13 - 5.72(£0.049)  4.94(£0.13) 2.59 (£ 0.05)
1000 | 10.7 6.45 5.38 471 3.64 3.68 (£ 0.12) | 4.24 (£ 0.07) 3.60 (£ 0.56) 2.40 (£ 0.02)
3000 | 6.04 3.35 3.45 3.22 2.57 - 3.49 (£ 0.04) 3.92 (£ 0.63) 2.18 (£ 0.04)
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[Gémez-Bombarelli et al., 2018]

% Generate new molecules WY ) Y
with desirable properties . °
3
® Train VAE on SMILES B <3N e P
strings Nl \_Ho
(- __/2 Y
J o2
® SMILES = “Simplified <
3
Molecular Input Line Entry ¢ = R
System” 'aY. -
1 ‘_/
é
. D
i Chemlcal StrUCture % ASCII N1CCN(CC1)C(C(F)=C2)=CC(=C2C4=0)N(C3CC3)C=C4C(=0)0
. [ 'S I T -
string

https://en.wikipedia.org/wiki/Simplified_
Molecular_Input_Line_Entry_System
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[Gémez-Bombarelli et al., 2018]

Train fenc(XSM”_ES) = Zn

Train fyec(zn) = XsmiLES

fencs fdec = CNNs or RNNs

® Train property prediction fyrop(2n) = 7, forop = MLP or GP, m = ...

® “logP" = water-octanol partition coefficient

® “SAS" = synthetic accessibility score

e "QED"” = Quantitative Estimation of Drug-likeness
[

To sample molecules with properties 7*:
© z, = argmin,, [ £(fyop(zn), 7 )| (EG BP through fyop + SGD)

® fyec(Zn) = XSMILES
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[Gémez-Bombarelli et al., 2018]

PoA ot otentspoce. Ovjective

= Vi (3001 VAR (0 VAR (1)

“optmaason Stedy
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Figure 4. Optimization results for the jointly trained autoencoder using S X QED — SAS as the objective function. (a) shows a violin plot which
compares the distribution of sampled molecules from normal random sampling, SMILES optimization via a common chemical transformation with a
genetic algorithm, and from optimization on the trained Gaussian process model with varying amounts of training points. To offset differences in
computational cost between the random search and the optimization on the Gaussian process model, the results of 400 iterations of random search
were compared against the results of 200 iterations of optimization. This graph shows the combined results of four sets of trials. (b) shows the
starting and ending points of several optimization runs on a PCA plot of latent space colored by the objective function. Highlighted in black is the
path illustrated in part (c). (c) shows a spherical interpolation between the actual start and finish molecules using a constant step size. The QED,
SAS, and percentile score are reported for each molecule.
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VAE molecule generation developments

® SMHLES Encode/decode molecular graphs directly [Jin et al., 2018]

® Constrained BO = avoid generating invalid molecules [Griffiths and
Herndndez-Lobato, 2020]

® “Deep metric learning” EG Etr;p|et(xb,x+,x_) = improve VAE latent
space structure = improve BO performance [Grosnit et al., 2021]

® Adapt trust regions to account for input space structure [Maus et al.,
2022]

® Using “pretrained ProtT5nv transformer-based T5 encoder and
decode” in the VAE pipeline [Sevgen et al., 2025]
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