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Problem Definition

2

• Find a design 𝒙 that maximizes certain desirable properties.
• For instance: 

• Find a DNA sequence with maximum binding affinity.

• However, evaluation 𝑔 𝒙  is prohibitively expensive.
• For instance:

• Expensive laboratory experiment to measure binding affinity.

• Offline Model-based Optimization (MBO): Given an offline dataset 
𝔇 = 𝒙𝑖 , 𝑧𝑖 𝑖=1

𝑛  where 𝑧𝑖 = 𝑔 𝒙𝑖  with 𝑔(. )  is an unknown oracle 
function, find 

𝒙∗ = argmax
𝒙∈𝒳

𝑔 𝒙

[1] Brandon Trabucco, Xinyang Geng, Aviral Kumar, and Sergey Levine. Design-bench: Benchmarks for data-driven offline model-based optimization. In 
International Conference on Machine Learning, pages 21658–21676. PMLR, 2022.
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Motivation
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Surrogate model-based approaches 
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• Learn a surrogate model ො𝑔 
• Approximate optimal design

𝒙∗ = argm𝑎𝑥
𝒙

ො𝑔

Challenge: ො𝑔 is unreliable in OOD regime

Our approach: ROOT
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• Frame MBO as a distribution translation 
task from low-value to high-value regime

• To enable this translation, we introduce a new 
concept of probabilistic bridge.



Probabilistic Bridge Construction

Given 𝐱0 and 𝐱T, a probabilistic bridge is defined as observations [𝐱1, 𝐱2, … , 𝐱T−1] of a random function 

distributed by Gaussian Process 𝑮𝑷 ψt 𝐱0, 𝐱T , 𝜅𝑡,𝑘𝑰  where ψ0 𝐱0, 𝐱T = 𝐱0, and ψT 𝐱0, 𝐱T = 𝐱T

→This implies a marginal Gaussian:

𝑞 𝐱t|𝐱0, 𝐱T = ℕ 𝐱t; ψt 𝐱0, 𝐱T , 𝜅𝑡,𝑡𝑰

and reveals the backward transition:
𝑞 𝐱t−1|𝐱t, 𝐱0, 𝐱T = ℕ 𝐱t−1; 𝜇 𝐱t, 𝐱0, 𝐱T , ǁ𝜅𝑡−1𝑰

with 𝜇 𝐱t, 𝐱0, 𝐱T = ψt−1 𝐱0, 𝐱T + 𝜅𝑡−1,𝑡𝜅𝑡,𝑡
−1 𝐱t − ψt 𝐱0, 𝐱T  and ǁ𝜅𝑡−1 = 𝜅𝑡−1,𝑡−1 − 𝜅𝑡−1,𝑡𝜅𝑡,𝑡

−1𝜅𝑡,𝑡−1

𝐱T 𝐱T−𝟏 𝐱0

𝑦T−1

𝑦0

𝐱t 𝐱t−1

𝑦𝑡−1
𝑦𝑡

𝑦T

𝑞 𝐱t|𝐱0, 𝐱T

ψt 𝐱0, 𝐱T = 𝐱0 1 − 𝑡/𝑇 + 𝐱T 𝑡/𝑇

𝜅𝑡,𝑡 = min 𝑡, 𝑘 /𝑇 1 − max 𝑡, 𝑘 /𝑇

Forward process: from high-to-low

Brownian Bridge2

[2] Li, Bo, et al. "Bbdm: Image-to-image translation with brownian bridge diffusion models." Proceedings of the IEEE/CVF conference on computer vision and 
pattern Recognition. 2023.



Learning Probabilistic Bridge Model

To learn the target-agnostic transformation, we parameterize:
𝑝𝜃 𝐱t−1|𝐱t, 𝐱T = ℕ 𝐱t−1; 𝜇𝜃 𝐱t, 𝐱T, 𝑡 , ǁ𝜅𝑡−1𝑰

Then 𝜃 is learnt via:        𝜃𝑃𝐵 = argmin
𝜃

𝔼 𝒙0,𝒙𝑇,𝑡 𝐷𝐾𝐿 𝑞 𝐱t−1|𝐱t, 𝐱0, 𝐱T ||𝑝𝜃 𝐱t−1|𝐱t, 𝐱T                                (1)

𝐱T 𝐱T−𝟏 𝐱0

𝑦T−1

𝑦0

𝐱t 𝐱t−1

𝑦𝑡−1
𝑦𝑡

𝑦T 𝑝𝜃 𝐱t−1|𝐱t, 𝐱T

𝑞 𝐱t|𝐱0, 𝐱T → 𝑞 𝐱t−1|𝐱t, 𝐱0, 𝐱T

Backward process: from low-to-high

Given 𝜃𝑃𝐵 and low-value design 𝐱T, we can simulate high-value 𝐱0:

𝐱t−1 = 𝜇𝜃𝑃𝐵
𝐱t, 𝐱T, 𝑡 + ǁ𝜅𝑡𝝐

where 𝝐~ℕ 0, 𝑰  when 𝑡 > 1 and 𝝐 = 0 otherwise.

Challenge: The loss function (1) requires pairs of data (𝐱0, 𝐱T)



Synthetic data generation

Step 1: Fit multiple GPs Step 2: Take GA, GD on each GP

𝛁𝑥 ҧ𝑔 𝑥

−𝛁𝑥 ҧ𝑔 𝑥

High-value region

Final synthetic dataset

Probabilistic bridge

Step 1: Multiple GP posterior mean functions are used as synthetic functions:   
                               ҧ𝑔𝜙𝑠

𝒙 = 𝑘 𝜙𝑠
𝑇 𝐾 𝜙𝑠 + 𝜎2𝐼 −1𝑦    where kernel 𝑘 is parameterized by 𝜙𝑠

Step 2: Find high- and low- value samples of ҧ𝑔𝜙𝑠
 via taking 𝑀 gradient ascent and descent steps: 

𝑋𝑠
+ = 𝒙𝑀

+ = 𝒙0
+ + 𝜂 ෍

𝑚=0

𝑀

∇𝒙 ҧ𝑔𝜙𝑠
𝒙𝑚

+ ቚ
𝒙0

+∈𝐷

𝑋𝑠
− = 𝒙𝑀

− = 𝒙0
− − 𝜂 ෍

𝑚=0

𝑀

∇𝒙 ҧ𝑔𝜙𝑠
𝒙𝑚

− ቚ
𝒙0

−∈𝐷
Eventually, a synthetic dataset 𝑫𝒔:

𝐷𝑠 = 𝑋𝑠
−, 𝑦𝑠

− ; 𝑋𝑠
+, 𝑦𝑠

+
𝑖=1

𝑛𝑔  where 𝑦𝑠
− = ҧ𝑔𝜙𝑠

𝑋𝑠
− , 𝑦𝑠

+ = ҧ𝑔𝜙𝑠
𝑋𝑠

+



Experiment settings

• Benchmark Tasks. 4 real-world tasks from the Design-Bench3 and 3 RNA-
Binding tasks from ViennaRNA4.

• Baselines. 21 widely recognized methods.
• Evaluation Protocol. 128 candidates are generated. The performances are 

recorded at 50th, 80th, and 100th percentiles (8 seeds).

Dataset Size Dimensions Categories Type

Ant Morphology 25009 60 N/A Continuous

D’Kitty Morphology 25009 56 N/A Continuous

TF Bind 8 32898 8 4 Discrete

TF Bind 10 50000 10 4 Discrete

RNA-Binding 5000 14 4 Discrete

[3] Trabucco et al, “Design-Bench: Benchmarks for Data-Driven Offline Model-Based Optimization”, ICML 2022

[4] Lorenz et al, “ViennaRNA Package 2.0”, Algorithms for Molecular Biology 2011



Experiment results
Table 1: Experimental results on Design-bench Table 2: Results Biological RNA Tasks

ROOT establishes a new 
state-of-the-art performance 
with the highest rank across 
benchmarks.
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