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Goal: Optimize a Black-box Function Efficiently
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Objective function

→ Expensive and complex

→ Black-box function

Function evaluation (O)

Derivative/gradient (X)

Bayesian Optimization
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Goal: Optimize a Black-box Function Efficiently
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Acquisition function

→ scores where to evaluate next

Bayesian Optimization
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Probabilistic surrogate model

→ predicts objective with uncertainty
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→ scores where to evaluate next
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Probabilistic surrogate model

→ predicts objective with uncertainty
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Bayesian Optimization

• Feasible set is often Complex

(structured/discrete)
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Bayesian Optimization

• Feasible set is often Complex

(structured/discrete)

→ Latent Bayesian optimization (LBO)
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Latent Bayesian Optimization

Observed set 𝐗 BO over latent space

Function
Evaluation

Next query ෤𝐱
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• Using a generative model with an encoder-decoder structure (e.g., VAE), 
Bayesian Optimization efficiently optimizes a black-box function in the latent space. 
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Problem statement – Value discrepancy problem

Score: 0.141 Score: 0.390

Score: 0.187Score: 0.478

Score: 0.078Score: 0.424
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Problem statement – Value discrepancy problem

Score: 0.078Score: 0.424

• The value discrepancy problem (y ≠ ොy) occurs due to imperfect reconstruction 
by the encoder-decoder model.
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Problem statement – Value discrepancy problem

Objective score distribution 

before and after reconstruction

Model: SELFIES VAE1

1) Maus, Natalie, et al. "Local latent space bayesian optimization over structured inputs."

Advances in neural information processing systems 35 (2022): 34505-34518.

• The value discrepancy problem (y ≠ ොy) occurs due to imperfect reconstruction 
by the encoder-decoder model.
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Problem statement – Value discrepancy problem

Score: 0.767 Score: 0.243

Model: SELFIES VAE1

1) Maus, Natalie, et al. "Local latent space bayesian optimization over structured inputs."

Advances in neural information processing systems 35 (2022): 34505-34518.

• The value discrepancy problem (y ≠ ොy) occurs due to imperfect reconstruction 
by the encoder-decoder model.
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Problem statement – Value discrepancy problem

Normalizing Flow (NF) 

can resolve it!

Model: SELFIES VAE1

1) Maus, Natalie, et al. "Local latent space bayesian optimization over structured inputs."

Advances in neural information processing systems 35 (2022): 34505-34518.

• The value discrepancy problem (y ≠ ොy) occurs due to imperfect reconstruction 
by the encoder-decoder model.
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NF-BO: Overview 
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Autoregressive Normalizing Flow
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NF-BO: SeqFlow

Same

Encode

Decode
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• Prior Autoregressive Normalizing Flows are applied to continuous data or used with 
imperfect reconstruction on discrete sequences.

• We propose SeqFlow, which perfectly reconstruct discrete sequence data (e.g., text,  SMILES).

𝑔0 −1
𝑔𝐾−1 −1

𝑔𝐾−2 −1
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NF-BO: SeqFlow
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. . .

z0

z0

Token 

To

Embedding

Embedding 

To

Token

x v = zK

v = zK

zK−1

zK−1

z1

z1x

𝑔𝐾−2𝑔𝐾−1

𝑔𝐾−1 −1
𝑔𝐾−2 −1

Encode

Decode
(Left inverse of ℎ, ℎ−1 ℎ x = x)

Proposition 1. If 𝑔 is invertible and ℎ is injective, then 𝑓 = 𝑔 ∘ ℎ is left-invertible, 

i.e., 𝑓−1 ∘ 𝑓 = 𝑖𝑑𝑋, where 𝑓−1 ≔ ℎ−1 ∘ 𝑔−1 and ℎ−1 is the left inverse of ℎ.

Autoregressive Normalizing Flow

Flow

Inverse

• This means x can be reconstructed exactly through these operations.
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z = 𝑔 ℎ x , x = ℎ−1(𝑔−1 z )
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NF-BO: Overview 
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NF-BO: Overview 

~

~

~

(Left inverse of    )

Proposition 2. Let the elements of embedding set ℰ =

{e1, e2, … , e|ℰ|} L2-normalized. Then ℎ x ≔ ex is injective

and its left-inverse is ℎ−1(v) = [argmax
𝑗

sim v𝑖 , e𝑗 ]𝑖=1
𝐿 , 

where sim e𝑖 , e𝑗 = e𝑖
𝑇e𝑗, i.e., ℎ−1 ℎ x = x.

• Our token-to-embedding function and its left-inverse

enable perfect reconstruction.
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Embedding To Token
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NF-BO: TACS - Token-level Adaptive Candidate Sampling

• We present a Token-level Adaptive Candidate Sampling (TACS) that utilize the 
Pointwise Mutual Information (PMI) between each token z𝑖 and the sequence x.
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NF-BO: Experiments - Molecule design tasks

• Practical Molecular Optimization (PMO) benchmarks (Gao, Wenhao, et al.)
• Guacamol benchmarks (Brown, Nathan, et al.)
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NF-BO: Analysis – SeqFlow

Compare SeqFlow to TextFlow1

• We compare our base flow model, TextFlow, with our SeqFlow in two aspects:

• (1) Reconstruction ability, and (2) Optimization performance.

• Both models share the same Normalizing Flow (NF) component.

8 / 10

1) Ziegler, Zachary, and Alexander Rush. "Latent normalizing flows for discrete sequences." International Conference on Machine Learning. PMLR, 2019.
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(1) Reconstruction ability. 

• We evaluate reconstruction ability by measuring the ratio of 𝒚 ≠ ෝ𝒚.

• TextFlow1 fails to reconstruct accurately due to its BiLSTM-based mapping, whereas 

our SeqFlow achieves perfect reconstruction with an invertible function.

NF-BO: Analysis – SeqFlow
8 / 10

The ratio of 𝒚 ≠ ෝ𝒚

1) Ziegler, Zachary, and Alexander Rush. "Latent normalizing flows for discrete sequences." International Conference on Machine Learning. PMLR, 2019.

Task SeqFlow TextFlow

Adip 0.000 0.548

Med2 0.000 0.609

Osmb 0.000 0.630

Pdop 0.000 0.502

Rano 0.000 0.814

Zale 0.000 0.750



MLV Lab

MLV Lab

(2) Optimization performance

• Despite having more parameters, TextFlow1 performs similarly to the 

baselines, as inaccurate reconstruction limits its effectiveness.

• SeqFlow, with fewer parameters and exact reconstruction, outperforms 

TextFlow in Bayesian Optimization tasks.

NF-BO: Analysis – SeqFlow
8 / 10

1) Ziegler, Zachary, and Alexander Rush. "Latent normalizing flows for discrete sequences." International Conference on Machine Learning. PMLR, 2019.

Method SeqFlow TextFlow

Base NF Autoregressive NF Autoregressive NF

Perfect Reconsturction O X

# Params 31M 54M

Adip Score 0.778 0.716

Med2 Score 0.372 0.347
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NF-BO: Analysis - TACS

PMI (Pointwise Mutual-information)

values on each token 𝒊.
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Impact of TACS (Token-level Adaptive Candidate Sampling)

• Model with TACS makes a higher ratio of distinct samples compared to those without TACS.
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Conclusion

✔Normalizing Flow-based Latent Bayesian Optimization (NF-BO)

✔Perfect reconstruction via invertible normalizing flows.

✔Resolves value discrepancy problem in latent Bayesian optimization.

✔Token-level Adaptive Candidate Sampling improves local search efficiency.
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Thank you.

Paper
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