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The Problem Variational Search Distributions Experiments
VWe consider a variant of the active search prob|em [1], where we wish to find members We cast the estimation of p(X‘y > 7') as 4 Sequeﬂﬁa| OpﬁmizaﬁOﬂ pl’Ob|€m. A suitable Fitness |andscapeS — fixed 7 for |eamiﬂg p(X’y > 7')
(designs) of a rare desired class in a batch sequential manner with a fixed black-box objective for a round, ¢, is to minimize a divergence, _ _
evaluation (e.g. experiment) budget. We call sequential active learning of a conditional o = argmin D[p(x|y > 7)||q(x|¢)] . (2) 74T | % Soe ERT sox EW
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generative model of these designs active generation.
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If we use the reverse Kullback Leibler divergence, we can cast this as maximizing the
evidence lower bound (ELBO),
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Examples of rare designs are compounds that could be useful pharmaceutical drugs, or
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highly active enzymes for catalyzing chemical reactions. VWe assume the design space 3 1£iif~f _
Is discrete or partially discrete, high-dimensional, and practically innumerable. LrLpo(@) = Eq(x|¢)[10gp(y > 7|x)] — Dxrlg(x]9)||p(x|Dy)] (3) T 4ogzz 223 ﬁ
Contributions of this work: we assume access to a prior distribution over the space of designs, p(x|Dy), that may be B Y I B B N R B R
1. formulate active generation objective for discrete design spaces, informed from the data at hand (or pre-trained). o1l £ o E rowon e E e NEa

2. present a variational inference algorithm, VSD, which solves this objective, We note the relationship between log p(y > 7|x) and the probability of improvement (PI) e ClEe oo 22

3. show that VSD performs well theoretically and empirically, acquisition function in Bayesian optimization (BO),
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4. connect active generation to other generative methods for discrete BBO.

Recall (budget)

Recall (budget)
Recall (budget)

log p(y > 7|x) & log p(y > 7|x, Dy) = log Eyyx vy Lly > 7l = logapi(x, Dy, 7). (4)
Here 1 : {false, true} — {0,1} is the indicator function and p(y|x, Dy) is typically esti-
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Formulating Active Generation mated using the posterior predictive distribution of a Gaussian process (GP). ol B _ L L R
We plug in log Pl in place of the expected log likelihood, and refer to this strategy as e T
We are given a design space X, which can be discrete or mixed discrete-continuous and GP-Pl. We rewrite the ELBO accordingly, o] T @ Ev
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high dimensional, and where for each instance that we choose x € X', we measure some . .
5 . . LeLso(¢, 7, D) = Eyxjg)[log apr(x, Dy, 7)] — Dxi[q(x|0)||p(x[Dy)] - (5) =
corresponding property of interest (so-called fitness) y € R, o S . fae| e = c
fx) o The method that maximizes the objective in Equation 5 we call VSD. 5 ] . 8 10 3
y — el X _|_ 67 . . . . . . . s S == o
: black-box function | H , t) q ; R We use black-box variational inference [2] for optimization of our ELBO. This uses a o T e
I M -DOX N N . Xperimen «, dNA M remen rror - - - - : - 73007 = poas o= 0 _
Of SOME DIALIEDOX TUNCHON AE.8. thE EXPEHMEN), Jor @ casurement error e € I, Monte-Carlo score function gradient estimator, and allows us to avoid propagating gradi- e ' S I T S B S e
distributed according to p(e) with €] = 0. ents through discrete x Round Rounc
: : : ' (a) DHFR (c) TFBINDS8
Instead of modeling the whole space, X', we are only interested in a set of events based
on fitness, & C X. We wish to learn a generative model, Q(X)’ that only returns samples Class Proba b|||ty Fstimation Figure: Fitness landscape results. Precision, recall and cumulative fitness (higher is better) on three combinatorially
c S, by efficiently querying the black-box function in Egn. 1. For this work we complete datasets. These measures are defined w.r.t. membership in the measured super level-set, 1[y > 7].
consider primarily SSLS. = {x 1 f(x) > 7}, but also Sppo := argmax, fi(x), though we An alternative to GP-PI is to directly estimate the quantity p(y > 7|x,Dy). We do
only have access to noisy measurements, y. this with class probability estimator (CPE) on the labels z = 1y > 7] € {0,1} so Black box optimization — increasing 7 for finding argmax, f.(x)
Our primary task is active learning of the super level-set distribution, p(x|y > 7). ply > 7|x,Dy) = p(z = 1|x, Dy) = my(x), where my : & — [0, 1]. Thisis the same strategy —
used in BORE [3]. The VSD objective using CPE becomes, T T roven
How is Active Generation Different from Bayesian Optimization? T
y p ° £ELBO(¢? 9) — EQ(X’¢> [1Og 7T8<X>] T DKL[Q(X‘¢) Hp<X‘DO)] Y, (é) glls I————I-___I____:E__ T I T T T T glls_ E-—--E———-I..___I____I____I Adalead” _ —F= PEX glls_ I-———I——-_I____I_ T T Adaleadr _—F- PEX
S s o R R g T BORE -+ Random g _______ '; cB:E:sE I \F;:Bdom
N and we use 0} = argming Lcpp(0, D3). CPE-PI allows VSD to scale |Dy| > O(1000). 2] g o T g ey
Model training o @ *
arg;’nin Lxewve (0, D) Sample mean CPE p=0.141 Sample mean CPE p=0.130 Sample mean CPE p=0.983 Sample mean CPE p=0.997 o ] 7
L11]] argmaxaf{xs}, D, 0 g 3 239 49 o500 g oY § 303553 232248549
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- — _ _ o - (a) Independent (b) LSTM (c) Transformer
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e vl 1.0 S i ’F’ 9 ¥ _fr 8 ¥ 05 'E 517 i ° 3o ‘f > ‘?_ 235238339 5_' Figure: Black-box optimization results. Simple regret (lower is better) on GFP with independent and
R o § )7 870 #0B R ALY JT65F3335 58655335 ¢ auto-regressive variational distributions, ¢(x|@).
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Labelled J N\ . _ _
data (o ) 1. “ )P Unla‘;e“f_ddata (a) LSTM Prior (b) Transformer Prior (c) LSTM Posterior (d) Transformer Post.
| B Figure: VSD conditioning an LSTM and transformer trained on MNIST to generate {3,5}. ) X AT N A A —— e
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Experlmentf 50.4- ._\__\___ ------------ E';O.ﬁ- __-:: ..... \.\ _________ ! 50.96_ R
(@) Unmodified Batch BO, argmin, fu(x), select x from a list. Bosl Zos N Sees - S
Model tralnmg COve rgence Rates - CbAS-MF ~ =:=  CbAS-LSTM 0.4 1 GA ~:= CbAS-LSTM \-_----_- | CbASTFM  =:= CbAS-LSTM
argmin Lopr (60, D) argmax Li15o (6, 0;) B[ vt i sy T e 094 {[ 2 vet e Ve
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- = 0 — Theorem 2.1. Let assumptions D.1 to D.5 hold. Then VSD equipped with GP-PIl approaches the roune roune roune
- e : - el B : (@) M =15 (b) M = 32 (c) M = 64
V . - . - X level-set distribution at the following rate:
N B N B Unlabelled data _1/9
[TTT1 [TTT1 generation D[p(x]y > Tt, Dt)HP(X‘?J > Tt, f)] S OIP’(t / ) ' (/) Figure: Ehrlich function BBO results (poli implementation). VSD and CbAS with different variational distributions;
MKTTTL.LFLVGALTQ | 1.2 @% S = {x: f(x) > 7} p(xly > 7) MKTTTL.LFLVGALTS . . - mean field (MF), LSTM and transformer (TFM), compared against genetic algorithm (GA) and LaMBO-2 baselines.
T srrvaaTa | o1 X T L veriTg Corollary 2.2. Let wy be a fully connected Rel. U network. Then, under assumptions in Proposition
MKTYTL..LFLVGTLTQ | 2.8 MKTSTL..LFLVGTLTC . .
IR ® E.2, VSD with CPE-PI achieves:
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