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Abstract

The goal of offline model-based optimization (MBO) is to propose new designs1

that maximize a reward function given only an offline dataset. However, an2

important desiderata is to also propose a diverse set of final candidates that capture3

many optimal and near-optimal design configurations. We propose Diversity in4

Adversarial Model-based Optimization (DynAMO) as a novel method to introduce5

design diversity as an explicit objective into any MBO problem. Our key insight is6

to formulate diversity as a distribution matching problem where the distribution7

of generated designs captures the inherent diversity contained within the offline8

dataset. Extensive experiments spanning multiple scientific domains show that9

DynAMO can be used with common optimization methods to significantly improve10

the diversity of proposed designs while still discovering high-quality candidates.11

1 Introduction12

Discovering designs that optimize certain desirable properties is a ubiquitous task that spans a wide13

range of scientific and engineering domains. For example, we might seek to design a drug with the14

most potent therapeutic efficacy (Brown et al., 2019; Kong et al., 2023; Du et al., 2024); build a15

robot that is most capable of navigating complex environments (Ahn et al., 2020; Trabucco et al.,16

2021; Wang et al., 2023); or engineer a material with a certain desirable property (Stanev et al., 2018;17

Pogue et al., 2023; Gashmard et al., 2024; Ma et al., 2024). However, experimentally validating every18

proposed design can be expensive and time-intensive in many applications. These limitations can19

preclude the use of conventional ‘online’ optimization methods for such generative design tasks.20

An alternative approach is to instead discover design candidates in the offline setting, where we21

assume that no newly proposed designs can be experimentally evaluated during the course of the22

optimization process. Instead, we only have access to a static dataset of previously observed designs23

and their corresponding reward values. The objective then is to propose a (small) set of candidate24

designs to ultimately evaluate experimentally, with the hope that using the information available in25

the offline dataset will yield desirable designs in the real-world.26

Multiple prior works have proposed a variety of offline optimization algorithms (Chen et al., 2022;27

Mashkaria et al., 2023; Krishnamoorthy et al., 2023; Nguyen et al., 2023; Kim et al., 2023). Using28

a static, offline dataset of previously evaluated designs and their corresponding oracle scores, an29

offline algorithm proposes a small set of final candidate designs that are empirically evaluated30

using the expensive ‘oracle’ function. Broadly, these algorithms can be divided into two categories:31

model-based and model-free, where ‘model’ refers to a predictive surrogate function trained on the32

offline dataset to approximate the hidden oracle function. We specifically consider model-based33

optimization (MBO) algorithms (Trabucco et al., 2021) here that explicitly optimize against an34

offline forward surrogate model to discover designs that maximize the final oracle reward.35

Submitted to the First Exploration in AI Today Workshop at ICML (EXAIT at ICML 2025). Do not distribute.



A secondary, often overlooked metric in offline MBO is candidate diversity (Jain et al., 2022; Kim36

et al., 2023; Maus et al., 2023): it is often ideal to include a diverse array of designs in the final37

samples proposed by an optimization procedure. Different designs may achieve promising oracle38

rewards in different ways, and many real-world optimization tasks seek to capture as many of these39

‘modes of goodness’ as possible (Mullis et al., 2019; Jain et al., 2022). Furthermore, there may be40

secondary optimization objective(s) (e.g., manufacturing cost or drug toxicity) that are better explored41

and evaluated in a diverse sample set. In these settings, it may be more desirable to sample slightly42

suboptimal designs in addition to the most optimal design to achieve greater candidate diversity.43

To this end, we introduce Diversity in Adversarial Model-based Optimization (DynAMO) as a44

novel approach to explicitly control the trade-off between the reward-optimality and diversity of45

a proposed batch of designs in offline MBO. To motivate our contributions, we show how naïve46

optimization algorithms provably suffer from poor candidate diversity. To overcome this limitation,47

we propose a modified optimization objective in the offline setting that encourages discovery of48

designs that encapsulate the diversity of samples in the offline dataset—an approach inspired by49

recent advancements in imitation learning and offline reinforcement learning (Ho & Ermon, 2016;50

Kostrikov et al., 2020; Ma et al., 2022). We then derive DynAMO as a provably optimal solution to51

our modified optimization objective. Finally, we empirically demonstrate how DynAMO can be used52

with a wide variety of different offline optimization methods to propose promising design candidates53

comparable to the state-of-the-art, while also achieving significantly better candidate diversity.54

2 Background and Preliminaries55

Offline Model-Based Optimization. In generative design, we seek to learn a generative policy π∗56

over a space of policies Π such that the distribution qπ
∗
(x) : X → [0, 1] of designs generated by the57

policy maximizes an oracle reward function r(x) : X → R58

π∗ = argmax
π∈Π

Ex∼qπ(x)[r(x)] (1)

over a design space X . For example, x might be a candidate drug, and the reward r(x) its therapeutic59

efficacy. However, the oracle reward function may be prohibitively expensive to evaluate; we cannot60

administer arbitrary doses of potentially dangerous candidate molecules into patients to test their61

therapeutic efficacy. Similarly, experimentally evaluating designs in materials science discovery often62

necessitates many months of intensive laboratory work. Instead, it is more common to have access to63

a static dataset of previously evaluated designs D = {(xi, yi)}ni=1 where yi = r(xi). Such settings64

where D is readily available but r(x) is hidden are referred to as offline optimization.65

A common approach in the offline setting is to first learn a forward surrogate approximation rθ(x) of66

the true reward function r(x). Here, rθ is parameterized by θ∗ given by67

θ∗ = argmin
θ∈Θ

E(xi,yi)∼D ||yi − rθ(xi)||22 (2)

In practice, such a surrogate model might be a neural network, a physics simulator, or other domain-68

specific model. In our work, we do not require any particular surrogate model architecture or training69

paradigm, and consider neural network implementations of rθ for generalizability across different70

domains. Rather than solving (1), we can now instead consider the related optimization problem71

π∗ = argmax
π∈Π

Ex∼qπ(x)[rθ(x)] (3)

with the hope that optimizing against rθ(x) will learn a generative policy that also proposes optimal72

designs according to r(x), too. Such an approach is often referred to as offline model-based73

optimization (MBO) (Trabucco et al., 2021). Traditionally, an important limitation of offline MBO74

is the distribution shift between the forward surrogate rθ and the oracle reward r: that is, rθ may75

incorrectly overestimate the reward associated with proposed designs that are out-of-distribution76

compared to D, which can often be exploited by traditional optimization algorithms (Trabucco et al.,77

2021; Yu et al., 2021; Fu & Levine, 2021; Yao et al., 2024).78

Distribution Matching. Distribution matching is a technique leveraged in recent work on imitation79

learning and offline reinforcement learning (RL) (Kostrikov et al., 2020; Ke et al., 2021). The80

approach considers an experimental setup where RL agents cannot interact with the environment and81
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instead must learn from static, offline expert demonstrations sampled from an unknown state-action-82

reward distribution. The Kullback-Leibler (KL)- divergence (Matthews et al., 2016) is commonly83

used to train an agent to minimize the discrepancy between state-action visitations made by the RL84

agent and the offline expert. Given a sufficiently large and diverse dataset of expert demonstrations,85

we can also think of the KL divergence as encouraging the agent to match the diversity of the non-zero86

support of p(x). Distribution matching has been used in prior work to learn robotic control policies87

(Wang et al., 2020; Kostrikov et al., 2020; Ma et al., 2022) and align language models (Rafailov et al.,88

2023; Huang et al., 2024b; Chakraborty et al., 2024); here, we demonstrate how distribution matching89

can also be leveraged in offline generative design (a non-RL application) by matching the distribution90

of designs learned by a generative policy with the distribution of designs from the offline dataset.91

Generative Adversarial Networks. Generative adversarial networks (GANs) are a method popu-92

larized by Goodfellow et al. (2014); Arjovsky et al. (2017); and others to train a generative model.93

Such approaches train a generative policy using adversarial supervision provided by a source critic94

c(x) : X → R. The source critic and generator are trained in a zero-sum ‘game’ as the discriminator95

learns to distinguish between generated and real designs, and the generator simultaneously learns to96

generate designs that are similar to real examples according to the source critic. One particular GAN97

architecture introduced by Arjovsky et al. (2017) is the Wasserstein GAN, which learns a source critic98

c∗(x) = argmax
||c||L≤1

[
Ex′∼p(x)c(x

′)− Ex∼q(x)c(x)
]

(4)

where ||c||L is the Lipschitz constant of the source critic, p(x) is a distribution over real designs (i.e.,99

from an offline dataset D), and q(x) is a distribution over generated designs. Intuitively, we can100

think of c∗(x) as assigning a real-number score of ‘in-distribution-ness’ to an input design x: large101

(resp., small) values of c∗(x) mean that the source critic predicts the input design is in (resp., out of)102

distribution compared to the reference distribution p(x) over real designs. Yao et al. (2024) previously103

showed how source critics can be leveraged in offline generative design to prevent out-of-distribution104

evaluation of the forward surrogate rθ(x); we leverage a similar approach in our work.105

3 Distribution Matching for Generative Offline Optimization106

Prior work from Jain et al. (2022); Kim et al. (2023) have shown that an important challenge in offline107

optimization as in (3) is that of reward hacking: learned generative policies can exploit a small108

region of the design space, resulting in a low diversity of proposed designs. In practice, we might109

seek to trade optimality of a subset of designs to achieve a greater diversity of candidate samples.110

3.1 An Alternative MBO Problem Formulation111

To reward the proposal of diverse designs, we modify the original MBO objective in (3) according to112

J(π) := Ex∼qπ(x)[rθ(x)]−
β

τ
DKL(q

π||pτD) (5)

where DKL(·||·) is the Kullback–Leibler divergence (KL-divergence) and τ, β ∈ R+ are hyperpa-113

rameters. In subsequent steps, we abbreviate the expectation value over probability distributions114

Ex∼qπ(x)[·] as Eqπ [·] for brevity.115

The temperature hyperparameter τ . Equation (5) implicitly introduces a hyperparameter τ ∈ R+116

to control the trade-off between diversity and optimality. Note that the KL-divergence in (5) is117

computed with respect to a distribution pτD(x) defined as the τ -weighted probability distribution:118

Definition 3.1 (τ -Weighted Probability Distribution). Suppose that we are given a reward function119

r(x) : X → R over a space of possible designs X , and access to an static, offline dataset D of real120

designs. We define the τ -weighted probability distribution over X (for τ ≥ 0) as121

pτ (x) :=
exp(τr(x))

Zτ
(6)

where the partition function Zτ :=
∫
X dx exp(τr(x)) is a normalizing constant. We use the dataset122

of prior observations D = {(xi, r(xi))}ni=1 to empirically approximate pτ (x), and refer to this123

approximation as pτD(x) ≈ pτ (x). For τ ≫ 1, near-optimal designs that are associated with high124

reward scores are weighted more heavily in pτD; conversely, τ = 0 weights all designs equally to125

achieve the greatest diversity in designs. The penalized objective in (5) thereby encourages the126

learned policy to capture the diversity of designs in the τ -weighted distribution pτD(x).127
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The KL-divergence strength hyperparameter β. Separately, the hyperparameter β ≥ 0 controls128

the relative importance of the distribution matching objective. As β →∞, it becomes increasingly129

important for the generator to learn a distribution of designs that match pτD(x); setting β = 0 reduces130

J(π) to the original MBO objective in (3).131

3.2 Adversarial Source Critic as a Constraint132

Separately, to address the problem of forward surrogate model overestimation of candidate design133

fitness according to rθ(x), we constrain the optimization problem to ensure that expected source critic134

scores over qπ(x) and pτD(x) differ by no more than a constant W0 ∈ R+, similar to the approach to135

offline MBO used by Yao et al. (2024). That is,136

max
π∈Π

J(π) = Eqπ [rθ(x)]−
β

τ
DKL(q

π||pτD)

s.t. Epτ
D
[c∗(x)]− Eqπ [c

∗(x)] ≤W0

(7)

where the source critic c∗ : X → R is a neural network as in (4) maximizing Epτ
D
[c∗(x)]−Eqπ [c

∗(x)]137

subject to the constraint ||c∗(x)||L ≤ 1, where || · ||L is the Lipschitz norm. Intuitively, this constraint138

prevents the evaluation of the forward surrogate rθ(x) on wildly out-of-distribution inputs.139

We are now interested in finding a generative policy π∗ that solves this optimization problem in (7);140

in our work below, we demonstrate how this approach can yield a policy that generates high-scoring141

candidate designs that also better capture the diversity of possible designs in X .142

3.3 Constrained Optimization via Lagrangian Duality143

Our problem in (7) is ostensibly challenging to solve: both the objective J(π) and the constraint im-144

posed by the source critic can be arbitrarily non-convex, making traditional constrained optimization145

techniques intractable in solving the optimization problem out-of-the-box. In this section, we derive146

an explicit solution to (7) that is also computationally feasible. Firstly, recall from Lagrangian duality147

that solving (7) is equivalent to the min-max problem148

min
π∈Π

max
λ∈R+

L(π;λ) (8)

where the Lagrangian L(π;λ) : Π× R+ → R is given by149

L(π;λ) = −J(π) + βλ
[
Epτ

D
[c∗(x)]− Eqπ [c

∗(x)]−W0

]
(9)

introducing λ ∈ R+ such that βλ ∈ R+ is the Lagrange multiplier associated with the constraint150

in (7). From weak duality, the Lagrange dual problem provides us with a tight lower bound on the151

primal problem in (7):152

max
λ∈R+

min
π∈Π
L(π;λ) := max

λ∈R+

g(λ) ≤ min
π∈Π

max
λ∈R+

L(π;λ) (10)

where g(λ) := minπ∈Π L(π;λ) is the Lagrange dual function. In general, computing g(λ) is153

challenging for an arbitrary offline optimization problem; in prior work, Trabucco et al. (2021)154

bypassed this dual problem entirely by treating λ as a hyperparameter tuned by hand (albeit for a155

different constraint); and Yao et al. (2024) approximated the dual function under certain assumptions156

about the input space by performing a grid search over possible λ values. In our approach, we look to157

rewrite the problem into an equivalent representation that admits a closed-form expression for g(λ).158

Lemma 3.2 (Entropy-Divergence Formulation). An equivalent representation of J(π) in (5) is159

J(π) ≃ −H(qπ(x))− (1 + β)DKL(q
π(x)||pτD(x)) (11)

whereH(·) is the Shannon entropy. Maximizing (11) is equivalent to maximizing (5) in the sense that160

both objectives admit the same optimal policy.161

The proof of this result is in Appendix A. Using this result, we can write an exact formulation for the162

Lagrangian dual function g(λ):163

Lemma 3.3 (Explicit Dual Function of (7)). Consider the primal problem164

max
π∈Π

J(π) ≃ −H(qπ)− (1 + β)DKL(q
π||pτD)

s.t. Epτ
D
[c∗(x)]− Eqπ [c

∗(x)] ≤W0

(12)
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The Lagrangian dual function g(λ) is bounded from below by the function gℓ(λ) given by165

gℓ(λ) := β
[
λ(Epτ

D
[c∗(x)]−W0)− Epτ

D
eλc

∗(x)−1
]

(13)

The proof of this result is included in Appendix A. Lemma 3.3 admits an explicit concave function166

gℓ(λ) such that g(λ) ≥ gℓ(λ) for all λ ∈ R+; because we are interested in maximizing the dual167

function in leveraging Lagrangian duality as in (10), it follows that maximizing gℓ(λ) bounds the168

maxima over g(λ) from below. In subsequent steps, we optimize over this explicit function gℓ(λ).169

The utility of Lemma 3.3 is in solving for the optimal λ that maximizes the dual function lower170

bound in (13). Prior work has explored approximating λ via a grid search (Yao et al., 2024) or171

using iterative implicit solvers; these methods cannot provide any formal guarantee in arriving at172

a reasonable solution for λ. In contrast, maximizing against gℓ(λ) is easy because the function is173

guaranteed to be concave for any β, τ,W0 and source critic c∗(x). We can therefore derive an exact174

solution for λ using any convex optimization problem solver. We now have a method to write an175

explicit expression for the Lagrangian L(π;λ) by exactly specifying the optimal λ, and then leverage176

any out-of-the-box optimization method to solve (7) via solving the unconstrained problem in (8).177

3.4 Overall Algorithm178

To summarize, our work aims to solve two separate but related problems in offline MBO in (3): tradi-179

tional model-based optimization approaches can yield candidate designs that are [1] of low diversity;180

and [2] not optimal due to exploiting out-of-distribution errors of the forward surrogate rθ(x). We181

introduce a KL-divergence-based distribution matching objective—with input hyperparameters τ182

and β—to solve the diversity problem; and build off prior work (Yao et al., 2024) to constrain the183

search space using source critic feedback to solve the out-of-distribution evaluation problem. We184

then show that there exists a provable, explicit solution to our modified offline MBO problem (i.e.,185

Lemma 3.3 and (8)). In contrast with prior work imposing specific constraints on the forward model186

(Trabucco et al., 2021; Yu et al., 2021) or design space (Yao et al., 2024), or requiring the use of187

model-free optimization methods (Krishnamoorthy et al., 2023; Mashkaria et al., 2023), our approach188

only modifies the MBO objective and is therefore both optimizer- and task- agnostic. We refer to our189

method as Diversity in Adversarial Model-based Optimization (DynAMO). The full algorithmic190

pseudocode for DynAMO is included in Supplementary Algorithm 1.191

4 Experimental Evaluation192

Datasets and Offline Optimization Tasks. We evaluate DynAMO on a set of six real-world193

offline MBO tasks spanning multiple scientific domains and both discrete and continuous search194

spaces. Five of the tasks are from Design-Bench, a publicly available set of offline optimization195

benchmarking tasks (Trabucco et al., 2022): (1) TFBind8 aims to maximize the transcription factor196

binding efficiency of a short DNA sequence (Barrera et al., 2016); (2) UTR the gene expression197

from a 5’ UTR DNA sequence (Sample et al., 2019; Angermüeller et al., 2020); (3) ChEMBL the198

mean corpuscular hemoglobin concentration (MCHC) biological response of a molecule using an199

offline dataset collected from the ChEMBL assay CHEMBL3885882 (Gaulton et al., 2011); (4)200

Superconductor the critical temperature of a superconductor material specified by its chemical201

formula design (Hamidieh, 2018); and (5) D’Kitty the morphological structure of a quadrupedal202

robot (Ahn et al., 2020). Tasks (1) - (3) (i.e., TFBind8, UTR, and ChEMBL) are discrete optimization203

tasks, where tasks (4) and (5) (i.e., Superconductor and D’Kitty) are continuous optimization tasks.204

We also evaluate our method on the discrete (6) Molecule task from Yao et al. (2024), where the goal205

is to design a maximally hydrophobic molecule. See Appendix B for additional details.206

Baseline Methods. Our proposed work, DynAMO, specifically looks to modify an offline MBO207

optimization problem as in (3) where we assume access to a forward surrogate model rθ(x) to rank208

proposed design candidates and offer potential information about the design space. We compare209

DynAMO against other objective modifying MBO approaches: (1) Conservative Objective Models210

(COMs; Trabucco et al. (2021)) penalizes the objective at a ‘look-ahead’ gradient-ascent iterate211

to prevent falsely promising gradient ascent steps; (2) Robust Model Adaptation (RoMA; Yu et al.212

(2021)) modifies the objective rθ(x) to enforce a local smoothness prior; (3) Retrieval-enhanced213

Offline Model-Based Optimization (ROMO; Chen et al. (2023c)) retrieves relevant samples from the214
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offline dataset for more trustworthy gradient updates; and (4) Generative Adversarial Model-Based215

Optimization (GAMBO; Yao et al. (2024)) introduces a framework for initially leveraging source216

critic feedback to regularize an MBO objective. We evaluate these objective transformation methods217

alongside DynAMO and naïve, unmodified Baseline MBO using backbone optimizers (1) Grad.218

(Gradient Ascent) and (2) Adam (Adaptive Moment Estimation (Kingma & Ba, 2015)); (3) CMA-ES219

(Covariance Matrix Adaptation Evolution Strategy (Hansen, 2016)); and (4) Bayesian optimization220

with the quasi-Upper Confidence Bound (BO-qUCB) acquisition function.221

Notably, the baseline methods COMs and RoMA impose specific constraints on the training process222

for the forward surrogate model rθ(x), and/or also assume that the forward model can be updated223

during the sampling process (Yu et al., 2021; Trabucco et al., 2021). These constraints are not generally224

satisfied for any arbitrary offline MBO problem; for example, rθ may be a non-differentiable black-225

box simulator with fixed parameters. In contrast, both our method (DynAMO) and baseline methods226

GAMBO and ROMO are compatible with this more general experimental setting; to ensure a fair227

experimental comparison, we evaluate both RoMA and COMs using a baseline forward surrogate (i.e.,228

RoMA–, COMs–) and using a specialized forward surrogate model trained and updated according to229

the methods described by the respective authors (i.e., RoMA+, COMs+).230

Evaluating the Diversity of Candidate Designs. To empirically evaluate the diversity of a final231

set of k = 128 candidate designs {xF
i }ki=1 proposed by an offline MBO experiment, we report the232

Pairwise Diversity (PD) of a batch of k candidate designs, defined by Kim et al. (2023) as233

PD({xF
i }ki=1) := ExF

i

[
ExF

j ̸=xF
i

[
d(xF

i , x
F
j )
]]

(14)

where d(·, ·) is the normalized Levenshtein edit distance Haldar & Mukhopadhyay (2011) (resp.,234

Euclidean distance) for discrete (resp., continuous) tasks.235

Evaluating the Quality of Candidate Designs. To ensure that diversity does not come at the236

expense of finding optimal design candidates, we report the Best@k oracle score obtained by237

evaluating k = 128 candidate designs {xF
i }ki=1 proposed in an experiment. Consistent with prior238

work (Trabucco et al., 2021; Yao et al., 2024), we define239

Best@k({xF
i }ki=1) := max

1≤i≤k
r(xF

i ) (15)

Crucially, the Best@k metric is computed with respect to the oracle function r(x) that was hidden240

during optimization; we only use r(x) in (15) to report the true reward associated with a design xF
i .241

We rank each method for a given optimizer and task and report the method’s Rank averaged over242

the six tasks according to the Best@128 and PD metrics. We also report the Optimality Gap (Opt.243

Gap) (averaged over the six tasks), defined as as difference between the score achieved by an MBO244

optimization method and the score in the offline dataset, for both the Best@128 and PD metrics.245

5 Results246

Main Results. DynAMO consistently proposes the most diverse set of designs and achieves an247

Optimality Gap as high as 74.2 (DynAMO-BO-qUCB) and an average Rank as low as 1.2 compared248

to baseline methods (Table 1). We find that DynAMO offers the largest improvements in diversity249

for first-order methods, although also improves upon the evolutionary algorithms and Bayesian250

optimization methods evaluated. This makes sense, as both Grad. and Adam are only local optimizers251

that often end up exploring a much smaller region of the design space (without using DynAMO)252

compared to gradient-free methods. For example, DynAMO-Grad. (resp., DynAMO-CMA-ES; resp.,253

DynAMO-BO-qUCB) achieves a Pairwise Diversity Optimality Gap of 35.7 (resp., 55.2; resp., 59.4);254

in contrast, no other baseline method achieves a diversity score greater than -6.9 (resp., 16.8; resp.,255

51.3) within the same optimizer class.256

These results do not come at the cost of the quality of designs; for example, for both Grad. and257

Adam optimizers where DynAMO scores an average Rank of 1.2, DynAMO is also within the258

top 2 methods in proposing high-quality designs according to both Rank and Optimality Gap. In259

fact, DynAMO proposes the best designs for all 4 backbone optimizers assessed according to the260

Best@128 Optimality Gap. These results suggest that DynAMO can be used to improve both the261

quality and diversity of designs in a variety of settings for both discrete and continuous search spaces.262
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Table 1: Quality and Diversity of Designs Under MBO Objective Transforms. We evaluate
DynAMO against other MBO objective-modifying methods using six different backbone optimizers.
Each cell consists of ‘Best@128 (Best)/Pairwise Diversity (PD)’ Rank and Optimality Gap scores
separated by a forward slash. Bolded (resp., Underlined) entries indicate the best (resp., second best)
performing algorithm for a given optimizer (i.e., within each column).

Best/PD Rank ↓ Optimality Gap ↑
Grad. Adam CMA-ES BO-qUCB Grad. Adam CMA-ES BO-qUCB

Baseline 5.0/5.5 4.5/6.0 3.7/3.8 3.7/3.0 6.8/-53.2 0.5/-52.4 14.4/9.5 19.4/43.5
COMs– 7.3/6.5 6.0/5.3 5.7/5.2 4.5/4.5 -3.0/-53.5 -3.0/-52.4 7.6/-9.7 19.0/45.5
COMs+ 2.5/2.8 3.2/3.0 7.3/7.8 5.2/5.7 12.3/-6.9 8.1/-12.3 7.1/-38.2 18.6/51.3
RoMA– 6.7/5.7 4.5/6.3 3.7/3.5 3.8/3.0 -1.2/-53.3 0.5/-52.4 14.4/9.5 19.2/43.6
RoMA+ 3.8/5.8 2.8/5.2 5.0/4.8 4.7/6.5 9.2/-46.8 14.5/-45.8 14.1/8.0 18.5/39.9
ROMO 4.2/2.8 4.8/2.8 4.2/4.3 4.7/6.2 10.9/-12.7 6.4/-20.5 15.7/-3.1 19.9/33.2

GAMBO 3.2/5.3 5.3/5.8 2.2/4.3 4.7/5.0 10.5/-52.1 8.6/-51.9 16.7/16.8 20.2/30.3

DynAMO 2.8/1.2 2.8/1.2 3.3/1.8 3.5/1.8 14.2/27.8 14.5/35.7 17.5/55.2 20.5/59.4

Ablation Studies. DynAMO consists of two important but separate algorithmic components: (1) a263

KL-divergence-based distribution matching objective; and (2) a constraint dependent on an adversarial264

source critic. We show both components are important for DynAMO to generate both diverse and265

high-quality designs (Appendix E.2). Separately, we empirically ablate the hyperparameters β and τ266

from (5) in Appendix E.3. Additional results and discussion are included in Appendix E.267

6 Related Work268

Model-free offline optimization. In our work, we specifically look at model-based optimization269

methods that explicitly optimize against a forward surrogate model rθ(x) that acts as a proxy for270

the hidden oracle function r(x). However, related work have also proposed offline optimization271

methods that do not require access to a model rθ(x) and instead impose constraints on the backbone272

optimization method—we refer to such work as model-free offline optimization. For example,273

Mashkaria et al. (2023) frame generative design tasks as a ‘next-sample’ prediction problem and274

learn a transformer to roll out sample predictions; and Krishnamoorthy et al. (2023); Yun et al. (2024)275

learn a diffusion model to sample candidate designs conditioned on reward values. We compare276

DynAMO-enhanced MBO with these model-free optimization methods in Appendix D.5.277

Active learning in optimization. In our work, we specifically consider the experimental setup of278

one-shot, batched oracle evaluation: that is, the final candidate designs that are scored by the oracle279

function at the end of optimization are not used to subsequently update the prior over the design280

space to better inform subsequent optimization steps. In contrast, a separate body of recent work has281

investigated generative design in the setting of active learning where there can be multiple rounds of282

offline optimization to inform subsequent online acquisitions (Li et al., 2022b,a; Wu et al., 2023).283

7 Discussion and Conclusion284

We introduce DynAMO, a novel task- and optimizer- agnostic approach to MBO that improves the285

diversity of proposed designs in offline optimization tasks. By framing diversity as a distribution-286

matching problem, we show how DynAMO can enable generative policies to sample both high-quality287

and diverse sets of designs. Our experiments reveal that DynAMO significantly improves the diversity288

of proposed designs while also discovering high-quality candidates.289

Future Work. We limit our study of DynAMO to offline MBO tasks that are well-described and290

studied in prior work. In principle, real-world optimization problems may be complicated by noisy291

and/or sparse objective functions, ultra-high dimensional search spaces, small offline datasets, and292

other practical limitations. We also evaluate DynAMO and baseline methods in a one-shot, batched293

oracle evaluation setting—future work might explore how to extend our method to the active learning294

setting. Separately, recent domain-specific foundation models (Lin et al., 2023; Ohana et al., 2024;295

Nguyen et al., 2024; Zeni et al., 2025) may also give rise to more performant forward surrogate296

models rθ(x) that can be leveraged with DynAMO in future work.297
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A Proofs593

Lemma 3.2. (Entropy-Divergence Formulation) An equivalent representation of J(π) in (5) is594

J(π) = −H(qπ(x))− (1 + β)DKL(q
π(x)||pτD(x)) (16)

whereH(·) is the Shannon entropy and DKL(·||·) is the KL divergence.595

Proof. Firstly, note that596

J(π) = Eqπ [rθ(x)]−
β

τ
DKL(q

π||pτD)

≃ τ · Eqπ

[
log erθ(x)

]
− βDKL(q

π||pτD)

= Eqπ

[
log eτrθ(x)

]
− βDKL(q

π||pτD)

(17)

where ≃ denotes an equivalent representation of the objective (i.e., scaling J(π) by τ > 0 does not597

change the optimal policy π∗). Further rewriting,598

J(π) = Eqπ

[
log

eτrθ(x)

Zτ

]
+ Eqπ logZτ − βDKL(q

π||pτD) ≃ Eqπ

[
log

eτrθ(x)

Zτ

]
− βDKL(q

π||pτD)

(18)
where we omit the constant Eqπ logZτ

θ because the expectation value argument is independent of the599

policy π. The remaining expectation value can be re-expressed via importance weighting:600

J(π) = Epτ
D

[
qπ

pτD
log

eτrθ(x)

Zτ

]
− βDKL(q

π||pτD) (19)
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Assuming that the surrogate rθ(x) is well-trained on the offline datasetD (i.e., r(x) ≈ rθ(x) ∀x ∈ D),601

we have602

J(π) ≈ Epτ
D

[
qπ

pτD
log

eτr(x)

Zτ

]
− βDKL(q

π||pτD) = Epτ
D

[
qπ

pτD
log pτD

]
− βDKL(q

π||pτD) (20)

from Definition 3.1. Further rewriting, we have603

J(π) = Epτ
D

[
qπ

pτD
log

(
pτD ·

qπ

qπ

)]
− βDKL(q

π||pτD)

= Epτ
D

[
qπ

pτD
log

pτD
qπ

]
+ Epτ

D

[
qπ

pτD
log qπ

]
− βDKL(q

π||pτD)

= −Epτ
D

[
qπ

pτD
log

qπ

pτD

]
− Eqπ [− log qπ]− βDKL(q

π||pτD)

(21)

From the definition of KL-divergence,604

J(π) = −(1 + β)Epτ
D

[
qπ

pτD
log

qπ

pτD

]
− Eqπ [− log qπ]

= −(1 + β)Epτ
D

[
fKL

(
qπ

pτD

)]
− Eqπ [fℓ (q

π)]

= −(1 + β)DKL(q
π||pτD)−H(qπ)

(22)

up to a constant, where fKL(x) := x log x and fℓ(x) := − log x are convex functions, H(·) is the605

Shannon entropy, and DKL(·||·) is the KL divergence.606

Remark A.1 (Equivalence of Lemma 3.2 and Canonical State-Matching). Continuing from (22), one607

might notice that J(π) can be equivalently rewritten as608

J(π) = −(1 + β)Epτ
D

[
qπ

pτD
log

qπ

pτD

]
− Eqπ [− log qπ]

= −(1 + β)Epτ
D

[
qπ

pτD
log

qπ

pτD

]
− Epτ

D

[
− qπ

pτD
log qπ

]
= −(1 + β)Epτ

D

[
qπ

pτD
log

qπ

pτD

]
− (1 + β)Epτ

D

[
qπ

pτD
log(qπ)−1/(1+β)

]
= −(1 + β)Epτ

D

[
qπ

pτD
log

(
qπ

pτD
· 1

(qπ)1/(1+β)

)]
= −(1 + β)Eqπ

[
log

(qπ)β/(1+β)

pτD

]
(23)

Assume that there exists a probability distribution p̂τD(x) such that p̂τD(x) ∝ (pτD(x))
(1+β)/β . Then609

J(π) ≃ −(1 + β)Eqπ

[
log

(
qπ

p̂τD(x)

)β/(1+β)
]
= −βEp̂τ

D

[
qπ

p̂τD
log

qπ

p̂τD(x)

]
= −βDKL(q

π||p̂τD)

(24)
In other words, the optimization objective considered in (5) and in Lemma 3.2 is equivalent to a610

pure state-matching objective −βDKL(q
π||p̂τD) predicated on the existence of a ‘rescaled’ probability611

distribution p̂τD(x) as defined above.612

Lemma 3.3. (Explicit Dual Function of (7)) Consider the primal problem613

max
π∈Π

J(π) ≃ −H(qπ)− (1 + β)DKL(q
π||pτD)

s.t. Epτ
D
[c∗(x)]− Eqπ [c

∗(x)] ≤W0

(25)

The Lagrangian dual function g(λ) is bounded from below by the function gℓ(λ) given by614

gℓ(λ) := β
[
λ(Epτ

D
c∗(x)−W0)− Epτ

D
eλc

∗(x)−1
]

(26)
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Proof. Define fKL(u) := u log u. From (10), the dual function g(λ) : R+ → R is given by615

g(λ) := min
π∈Π

[
(1 + β)Epτ

D
fKL

(
qπ

pτD

)
− Eqπ log (qπ)

+ βλ
(
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

) ]
= min

π∈Π

[
(1 + β)Epτ

D
fKL

(
qπ

pτD

)
−
(
Epτ

D
fKL

(
qπ

pτD

)
+ Eqπ log pτD

)
+ βλ

(
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

) ]
= min

π∈Π

[
βEpτ

D
fKL

(
qπ

pτD

)
− Eqπ log pτD + βλ

(
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

) ]
(27)

where we define βλ ∈ R+ as the Lagrangian multiplier associated with the constraint in (7).616

Rearranging terms,617

g(λ) = min
π∈Π

[
βEpτ

D

[
−
(
λc∗ · q

π

pτD

)
+ fKL

(
qπ

pD

)]
− Eqπ log pτD

+ βλEpτ
D
c∗(x)− βλW0

] (28)

Because the sum of function minima is a lower bound on the minima of the sum of the functions618

themselves, we have619

g(λ) ≥ βEpτ
D
min
π∈Π

[
−
(
λc∗ · q

π

pτD

)
+ fKL

(
qπ

pD

)]
−max

π∈Π
[Eqπ log pτD]

+ min
π∈Π

[βλEpτ
D
c∗(x)− βλW0]

∼ βEpτ
D
min
π∈Π

[
−
(
λc∗ · q

π

pτD

)
+ fKL

(
qπ

pD

)]
+ βλEpτ

D
c∗(x)− βλW0

(29)

ignoring the term maxπ∈Π [Eqπ log pτD] that is constant with respect to λ. In general, simplifying620

(29) is challenging if not intractable. Instead, we note that minimizing over the set of admissible621

policies Π achieves an optimum that is lower bounded by minimizing over the superset622

g(λ) ≥ βEpτ
D

min
z∈R+

[− (λc∗(x) · z) + fKL (z)] + βλEpτ
D
c∗(x)− βλW0

= β
[
−Epτ

D
f⋆

KL(λc
∗(x)) + λ(Epτ

D
c∗(x)−W0)

] (30)

where f⋆(·) is the Fenchel conjugate of a convex function f(·). The Fenchel conjugate of fKL(u) =623

u log u is f⋆
KL(v) = ev−1 following Borwein & Lewis (2006), and so624

g(λ) ≥ β
[
−Epτ

D
eλc

∗(x)−1 + λ(Epτ
D
c∗(x)−W0)

]
(31)

Define the right hand side of this inequality as the function gℓ(λ) and the result is immediate.625

B Additional Implementation Details626

DynAMO Algorithm. The full algorithmic pseudocode for DynAMO is included in Algorithm 1.627

Experiment Implementation. All our optimization tasks include an offline, static dataset D =628

{(xi, r(xi))}ni=1 of previously observed designs and their corresponding objective values. We first629

use D to train a task-specific forward surrogate model rθ with parameters θ∗ according to (2). We630

parameterize each forward surrogate model rθ(x) as a fully connected neural network with two631

hidden layers of size 2048 and LeakyReLU activations, trained using an Adam optimizer with a632

learning rate of η = 0.0003 for 100 epochs.633

Importantly, optimization problems over discrete search spaces are generally NP-hard and often634

involve heuristic-based solutions (Papalexopoulos et al., 2022; Xiong, 2022). Instead, we use the635
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Algorithm 1 (DynAMO). Diversity in Adversarial Model-based Optimization
Inputs:

rθ : X → R | pre-trained forward surrogate model
c∗ : X → R | initialized source critic model
D = {(x′

j , r(x
′
j))}nj=1 | reference dataset

β ≥ 0 | KL regularization strength
τ ≥ 0 | temperature
b ≥ 1 | batch size
ab : X × R→ X b | optimizer algorithm
ηcritic > 0 | source critic learning rate
ηλ > 0 | λ dual step size
k ≥ 1 | oracle evaluation budget

Initialize sampled candidates Dgen = ∅ ⊂ X × R
while ab has not converged do

// Solve for the globally optimal λ using (13)
λ← λ0 (λ0 = 1.0 in our experiments)
while λ has not converged do

λ← λ+ ηλ
∂gℓ(λ)
∂λ

end while
// Given previously sampled candidates Dgen as input,
// sample new candidates using the optimizer
{xnew

i }bi=1 ← ab(Dgen)

// Re-train the source critic parameters θc
while δW has not converged do

δW ← ∇⃗θc

[
Ex′∼D[c

∗(x′)]− Ex∼{xnew
i }b

i=1
[c∗(x)]

]
θc ← min(max(θc + ηcritic · δW,−0.01), 0.01)

end while
// Evaluate and cache the candidates according to (9)
Dgen ← Dgen ∪ {(xnew

i ,−L(xnew
i ;λ))}bi=1

end while
return top-k candidates from Dgen according to their

penalized MBO objective values

standard approach of learning a variational autoencoder (VAE) (Kingma & Welling, 2014) to encode636

and decode discrete designs to and from a continuous latent space, and optimize over the continuous637

VAE latent space instead—see Appendix B for additional details.638

DynAMO also involves training and implementing a source critic model c∗(x) as in (4); we implement639

c∗ as a fully connected neural network with two hidden layers each with size 512. We implement640

the constraint on the model’s Lipschitz norm by clamping the weights of the model such that the641

ℓ∞-norm of the parameters is no greater than 0.01 after each optimization step, consistent with642

Arjovsky et al. (2017). We train the critic using gradient descent with a learning rate of η = 0.01643

according to (4). Separately to solve for the globally optimal λ using Lemma 3.3, we perform644

gradient ascent on λ until the algorithm converges. Finally, we fix the KL-divergence weighting645

β = 1.0, temperature hyperparameter τ = 1.0, and constraint bound W0 = 0 for all experiments646

to avoid overfitting DynAMO to any particular task or optimizer. All experiments were run for 10647

random seeds on a single internal cluster with 8 NVIDIA RTX A6000 GPUs. Of note, all DynAMO648

experiments were run using only a single GPU.649

Oracle Functions for Optimization Tasks. The task-specific oracle reward functions r(x) are650

developed by domain experts and assumed to exactly return the noiseless reward of all possible input651

designs in the search space X . The oracle functions associated wit tasks from the Design-Bench MBO652

evaluation suite are detailed by the original Design-Bench authors in Trabucco et al. (2022); briefly, the653

TFBind8 (i.e., TFBind8-Exact-v0 in Design-Bench) task uses the oracle function from Barrera et al.654

(2016); the UTR (UTR-ResNet-v0) task uses the oracle function from Angermüeller et al. (2020);655

the ChEMBL (ChEMBL_MCHC_CHEMBL3885882_MorganFingerprint-RandomForest-v0)656
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task uses the oracle function from Trabucco et al. (2022); the Superconductor657

(Superconductor-RandomForest-v0) task uses the oracle function from Hamidieh (2018); and658

the D’Kitty (DKittyMorphology-Exact-v0) task uses a MuJoCo (Todorov et al., 2012) simulation659

environment and learned control policy from Trabucco et al. (2022) to evaluate input designs. The660

Molecule task uses the oracle function from Wildman & Crippen (1999).661

Data Preprocessing. For all experiments, we follow Mashkaria et al. (2023) and normalize the662

objective values both in the offline dataset D and in those reported in Section 5 according to:663

y =
ŷ − ymin

ymax − ymin
(32)

where ŷ = r(x) is the original unnormalized oracle value for an input design x, and ymax (resp., ymin)664

is the maximum (resp., minimum) value in the full offline dataset. A reported value of y > 1 means665

that an offline optimization experiment proposed a candidate design better than the best design in the666

offline dataset. Note that in many of the MBO tasks, the publicly available offline dataset D is only a667

subset of the designs in the full offline dataset; it is therefore possible (and frequently the case) that668

maxy∈D y < 1 in our MBO tasks.669

As introduced in the main text, we learn a VAE (Kingma & Welling, 2014) model to encode and670

decode designs for discrete optimization tasks to and from a continuous latent space, and perform671

our optimization experiments over the continuous VAE latent space. Following prior work (Maus672

et al., 2022; Tripp et al., 2020; Yao et al., 2024), we co-train a Transformer-based VAE autoencoder673

(consisting of an encoder eφ : X̂ → X parameterized by φ∗ and decoder dϕ : X : X → X̂674

parameterized by γ∗) with the surrogate model rθ : X → R (parameterized by θ∗) according to675

θ∗, φ∗, ϕ∗ = argmin
(θ,φ,ϕ)∈Θ×Γ×Φ

E(x,r(x))∼D

[
− log dϕ(x|eφ(x)) + βDKL(N (0, I)||eφ(x))

+ α||rθ(eφ(x))− r(x)||22
] (33)

where N (0, I) is the standard multivariate normal prior and α = 1, β = 10−4 are constant hyperpa-676

rameters. We can then perform optimization against rθ trained on the 256-dimensional continuous677

latent space of the VAE, and then decode the candidate designs using dϕ(·) to derive the corresponding678

discrete design following prior work from Maus et al. (2022); Gómez-Bombarelli et al. (2018). We679

again use an Adam optimizer with a learning rate of η = 3× 10−4 for both the VAE and the forward680

surrogate. In this way, the search space for our discrete tasks becomes the X ⊆ Rd for d = 256, the681

surrogate model is simply rθ : X → R, and the reward function r : X → R is now682

r(x) := Ex̂∼dϕ(x̂|x)[r̂(x̂)] (34)

where r̂ : X̂ → R is the original expert oracle reward function over the discretized input space X̂ , and683

r(x) is the corresponding oracle reward function that accepts our continuous inputs from X as input.684

Note that for the MBO tasks over continuous search spaces (i.e., the Superconductor and D’Kitty685

tasks), we treat X = X̂ and fix both the encoder eφ and decoder dϕ to be the identity functions, as no686

transformation to a separate continuous search space is necessary.687

Optimization Experiments. All baseline methods run evaluated using their official open-source688

implementations made publicly available by the respective authors. In DynAMO, we initialize all689

optimizers using the first b elements from a d-dimensional scrambled Sobol sequence (Sobol, 1967)690

using the official PyTorch quasi-random generator SobolEngine implementation, where b is the691

sampling batch size and d is the dimensionality of the search space. Note that the Sobol sequence692

only returns points with dimensions between 0 and 1; for each task, we therefore un-normalize693

the sampled Sobol points x̃0 according to x0 = xmin + (x̃0 · (xmax − xmin)), where xmax, xmin are694

the maximum and minimum bounds on the search space for our experiments, respectively. We fix695

xmin = −4.0 and xmax = +4.0 for all d dimensions across all tasks.696

In all experiments reported in Table 1, each optimizer continues to sample from the search space in697

batched acquisitions of b samples—we set b = 64 for all our experiments unless otherwise stated.698

After each acquisition, we score the sampled designs using the (penalized) forward surrogate model699

(i.e., the Lagrangian in (9) for DynAMO). If the maximum prediction from the recently sampled700

batch is not at least as optimal as the maximum prediction of the previously sampled designs, then701
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we define the acquisition step as a failure; a sequence of 10 consecutive failures triggers a restart in702

the optimization process where the optimizer starts from the scratch beginning with sampling with703

the Sobol sequence to initialize the optimizer as described above. After 3 restarts are triggered, we704

consider the optimization process terminated, and all designs across all restarts are aggregated to705

choose the top k = 128 final candidate designs to be evaluated using the oracle reward function.706

Excluded Baselines. We exclude Boosting offline Optimizers with Surrogate Sensitivity (BOSS) from707

Dao et al. (2024) and Normalized maximum likelihood Estimation for Model-based Optimization708

(NEMO) from Fu & Levine (2021) from our experiments because they do not have open-source709

implementations.710

Excluded Optimization Tasks. In our experiments, we primarily evaluate DynAMO and baseline711

methods on optimization tasks from Design Bench, a suite of offline MBO tasks introduced by712

Trabucco et al. (2022). The following tasks from the original authors were excluded from our713

experiments: (1) Ant Morphology, excluded due to reproducibility issues as per GitHub Issues714

Link and OpenReview Discussion; (2) Hopper Controller, excluded due to errors in the original715

open-source implementation per GitHub Issues Link and prior work (Tan et al., 2024; Mashkaria716

et al., 2023); (3) NAS (Neural Architecture Search) on CIFAR10, excluded due to its prohibitively717

expensive computational cost for evaluating the oracle function as noted in prior work (Tan et al.,718

2024; Yu et al., 2021; Fu & Levine, 2021; Nguyen et al., 2023); and (4) TFBind10, excluded due to719

its domain and experimental similarity with the TFBind8 task already included in our evaluation720

suite. We augment our evaluation suite with the UTR task from Trabucco et al. (2022) and the721

Molecule task from Yao et al. (2024); Brown et al. (2019) to provide a comprehensive experimental722

evaluation of DynAMO and baseline methods across a wide variety of scientific domains.723

C Additional Background and Preliminaries724

C.1 f -Divergence and Fenchel Conjugates725

Definition C.1 (f -Divergence). Suppose we are given two probability distributions P (x), Q(x)726

defined over a common support X . For any continuous, convex function f : R+ → R that is finite727

over R++, we define the f -divergence between P (x), Q(x) as728

Df (Q(x)||P (x)) := Ex∼P (x)

[
f

(
Q(x)

P (x)

)]
(35)

We refer to f as the generator of Df (·||·). Two commonly used f -divergences are the Kullback-729

Leibler (KL)-Divergence (defined by the generator fKL(u) = u log u) and the χ2-Divergence (defined730

by the generator fχ2(u) = (u− 1)2/2).731

Definition C.2 (Fenchel Conjugate). The Fenchel conjugate (i.e., Legendre-Fenchel transform) of a732

function f : U → R is defined as733

f⋆(v) := − inf {−⟨u, v⟩+ f(u) | u ∈ U} (36)
where ⟨u, v⟩ is the inner product, and f⋆ : V → R is the Fenchel conjugate defined over the dual734

space V of U . Importantly, the Fenchel conjugate function is guaranteed to always be convex Borwein735

& Lewis (2006) regardless of the (non-)convexity of the original function f . This allows us to make736

important convergence guarantees in Appendix D.4 in solving the Lagrangian dual problem in737

Algorithm 1. Fenchel conjugates are commonly used in optimization problems to rewrite difficult738

primal problems into more tractable dual formulations Ma et al. (2022); Borwein & Lewis (2006);739

Agrawal & Horel (2021)—we leverage a similar technique in our work in Algorithm 1.740

Lemma C.3 (Fenchel Conjugate of the KL-Divergence Generator Function). Recall that the generator741

function of the KL-divergence is fKL(u) := u log u for u ∈ R++. The Fenchel conjugate of this742

generator is f⋆
KL(v) = ev−1.743

Proof. The proof follows immediately from the definition of the Fenchel conjugate in (36).744

f⋆
KL(v) := sup {uv − u log u | u ∈ R++} (37)

We differentiate the argument on the right hand side with respect to u to find the supremum given a745

particular v ∈ V:746

∂

∂u
[uv − u log u]

∣∣∣∣
u=u∗

= v − log u∗ − 1 = 0→ u∗ = ev−1 (38)
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It is easy to verify that u∗ is a maxima. Plugging this result into (37),747

f⋆
KL(v) = u∗v − u∗ log u∗ = vev−1 − (v − 1)ev−1 = ev−1 (39)

748

Lemma C.4 (Fenchel Conjugate of the χ2-Divergence Generator Function). Recall that the generator749

function of the χ2-divergence is fχ2(u) := 1
2 (u− 1)2 for u ∈ R++. The Fenchel conjugate of this750

generator is f⋆
χ2(v) =

v2

2 + v.751

Proof. The proof follows immediately from the definition of the Fenchel conjugate in (36).752

f⋆
χ2(v) := sup

{
uv − 1

2
(u− 1)2 | u ∈ R++

}
(40)

We differentiate the argument on the right hand side with respect to u to find the supremum given a753

particular v ∈ V:754

∂

∂u

[
uv − 1

2
(u− 1)2

]∣∣∣∣
u=u∗

= v − u∗ + 1 = 0→ u∗ = v + 1 (41)

It is easy to verify that u∗ is a maxima. Plugging this result into (40),755

f⋆
χ2(v) = u∗v − 1

2
(u∗ − 1)2 = (v + 1)v − 1

2
((v + 1)− 1)2 = v2 + v − 1

2
v2 =

v2

2
+ v (42)

756

Additional details and related technical discussion are offered by Borwein & Lewis (2006); Nachum757

& Dai (2020); Ma et al. (2022); Amos (2023); and Terjék & González-Sánchez (2022).758

C.2 Constrained Optimization via Lagrangian Duality759

In our problem formulation in (7) for DynAMO, we reformulate any naïve MBO problem as a760

separate constrained optimization problem, which is generally of the form761

minimizex∈X f(x)

subject to fi(x) ≤ 0 ∀i ∈ {1, . . . ,m} (43)

given a set of m constraints. In general, satisfying any arbitrary set of (potentially nonlinear)762

constraints is challenging if not intractable, and it is often desirable instead to solve a related uncon-763

strained optimization problem. One common mechanism to perform such a problem transformation764

is to define the Lagrangian of (43) as765

L(x; λ⃗) = f(x) + ⟨λ⃗, [f1(x) f2(x) · · · fm(x)]⟩ (44)

where λ⃗ ∈ Rm
+ and L : X × Rm

+ → R is a real-valued function. It can be shown (Boyd & Vanden-766

berghe, 2004) that the constrained optimization problem in (43) is equivalent to the unconstrained767

problem768

minimizex∈X maximizeλ⃗∈Rm
+
L(x; λ⃗) (45)

in terms of the Lagrangian, where ⪰ represents an element-wise inequality. The dual problem of (45)769

is constructed by reversing the order of the minimization and maximization problems:770

maximizeλ⃗∈Rm
+

minimizex∈X L(x; λ⃗) = maximizeλ⃗∈Rm
+
g(λ⃗) (46)

where we implicitly define the dual function g(λ⃗) := minx∈X L(x; λ⃗). In general, it is guaranteed771

that the optimal solution to the dual problem in (46) is a lower bound for the optimal solution for the772

original problem in (43) from weak duality; if f(x) and fi(x) are convex and bounded from below773

such that Slater’s condition applies, then strong duality guarantees that the optimal solutions to the774

dual and original problems are equal.775

As an additional remark, we note that in our problem formulation in (7), Slater’s condition is not776

satisfied as both the surrogate reward function rθ(x) and adversarial source critic c∗(x) may be777
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arbitarily non-convex. However, we find empirically that the guarantee of weak duality is sufficient778

to make the approach of Lagrangian duality both tractable and effective in solving (7) to give us779

DynAMO.780

Furthermore, we also find that solving the dual optimization problem in (46) requires us to first781

solve for the dual function g(λ⃗)—this is a challenging task in general, and prior work has attempted782

to either approximate g(λ⃗) under specific assumptions on the search space X (Yao et al., 2024) or783

forego solving for g(λ⃗) entirely by instead treating λ⃗ as a hyperparameter to be manually tuned or784

set heuristically (Trabucco et al., 2021; Yu et al., 2021; Chen et al., 2023c). In our work, we show785

how penalizing the optimization objective via a KL-divergence term as in (7) is sufficient to yield786

an exact solution for the dual function g(λ⃗) (see Lemma 3.3). This is advantageous because it can787

be shown (Boyd & Vandenberghe, 2004) that g(λ⃗) is convex; assuming that the gradient of g(λ⃗)788

has a bounded Lipschitz constant, we can therefore arrive in an ε-neighborhood around the optimal789

λ⃗∗ within O(1/ε) time (Bubeck, 2015; Grimmer et al., 2023; Zhang et al., 2019). We leverage this790

convergence guarantee to solve for λ⃗∗ naïvely via gradient ascent in DynAMO (see Algorithm 1).791

C.3 Wasserstein Distance and Optimal Transport792

In our motivating problem formulation in (7), we introduce a constrained optimization problem793

where the constraint is a function of a source critic c∗ : X → R with a bounded Lipschitz norm. In794

this section, we show how this choice in adversarial source critic is connected to classical theory in795

optimal transport.796

In general, the p-Wasserstein distance Wp(P (x)||Q(x)) is a distance function between pairs of797

probability distributions P (x) and Q(x). Given a metric space (M,d), we define the p-Wasserstein798

distance as799

Wp(P (x)||Q(x)) = inf
γ∈Γ(P,Q)

(
E(x,x′)∼γd(x, x

′)p
)1/p

(47)

for p ≥ 1, and where Γ(P,Q) is the set of all couplings between P (x), Q(x). Intuitively, one800

can think of the p-Wasserstein distance as representing the cost associated with the optimal (i.e.,801

cost-minimizing) strategy of ‘transporting’ the ‘mass’ of one probability distribution to another.802

For any two arbitrary multidimensional distributions, exactly computing the Wasserstein distance803

between them is computationally expensive (Pele & Werman, 2009; Watanabe & Isobe, 2025; Cuturi,804

2013) and in many cases intractable in practice. Instead, a common technique used by Arjovsky805

et al. (2017) and others is to leverage the Kantorovich-Rubinstein duality theorem (Kantorovich &806

Rubinstein, 1958) to exactly rewrite (47) (specifically for the p = 1 Wasserstein distance) as807

W1(P (x)||Q(x)) = sup
||c||L≤1

[
Ex∼P (x)c(x)− Ex∼Q(x)c(x)

]
(48)

where ||c||L is the Lipschitz norm of a source critic function c : X → R. Intuitively, we can think of808

the function c(x) as assigning of value of ‘in-distribution-ness’ relative to P (x): a larger value of c(x)809

(informally) means that the source critic predicts the input x to be more likely to have been drawn810

from P (x) as opposed to Q(x). In DynAMO, we follow Arjovsky et al. (2017); Yao et al. (2024);811

and others to constrain the MBO optimization problem by requiring that the estimated Wasserstein812

distance between the distribution of generated designs and τ -weighted distribution of designs from813

the offline dataset is less than a constant W0 according to (48)—see Algorithm 1 for additional814

details.815

D Additional Results816

D.1 Additional Design Quality Results817

We supplement the results shown in Table 1 with the raw Best@128 oracle quality scores reported818

for each of the 6 tasks in our evaluation suite in Supplementary Table A1.819

In Section 4, we define the Best@k score to evaluate the quality of observed designs according to a820

hidden oracle function used for evaluation of candidate fitness. Achieving a high Best@B = k score821

ensures that a desirable design is found. Consistent with prior work on batched optimization methods822
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Table A1: Quality and Diversity of Designs Under MBO Objective Transforms (Full). We
evaluate DynAMO against other MBO objective-modifying methods using six different backbone
optimizers. Each cell consists of ‘Best@128/Pairwise Diversity’ oracle scores separated by a forward
slash. Both metrics are reported mean(95% confidence interval) across 10 random seeds, where higher is
better. DatasetD reports the maximum oracle score and mean pairwise diversity in the offline dataset.
Bolded entries indicate overlapping 95% confidence intervals with the best performing algorithm
(according to the mean) per optimizer. Bolded (resp., Underlined) Rank and Optimality Gap (Opt.
Gap) metrics indicate the best (resp., second best) for a given backbone optimizer.

Grad. TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 43.9/65.9 59.4/57.3 60.5/60.0 88.9/36.7 40.0/66.0 88.4/85.7 —/— —/—

Baseline 90.0(4.3)/12.5(8.0) 80.9(12.1)/7.8(8.8) 60.2(8.9)/7.9(7.8) 88.8(4.0)/24.1(13.3) 36.0(6.8)/0.0(0.0) 65.6(14.5)/0.0(0.0) 5.0/5.5 6.8/-53.2
COMs– 60.4(9.8)/10.4(8.7) 60.2(12.4)/7.5(9.2) 60.2(8.8)/7.9(7.5) 88.4(4.0)/24.8(10.0) 22.5(3.2)/0.0(0.0) 71.2(10.7)/0.0(0.0) 7.3/6.5 -3.0/-53.5
COMs+ 93.1(3.4)/66.6(1.0) 67.0(0.9)/57.4(0.2) 64.6(1.0)/81.6(4.9) 97.1(1.6)/3.8(0.9) 41.2(4.8)/99.5(2.6) 91.8(0.9)/21.1(23.5) 2.5/2.8 12.3/-6.9
RoMA– 62.0(10.7)/12.3(8.3) 60.9(12.1)/7.9(8.9) 60.2(8.8)/7.7(7.6) 88.8(4.0)/24.2(13.3) 36.0(6.8)/0.0(0.0) 65.6(14.5)/0.0(0.0) 6.7/5.7 -1.2/-53.3
RoMA+ 66.5(0.0)/20.3(0.7) 77.8(0.0)/3.8(0.0) 63.3(0.0)/6.2(0.0) 84.5(0.0)/1.8(0.0) 49.0(1.6)/54.1(1.4) 95.2(1.2)/4.9(0.0) 3.8/5.8 9.2/-46.8
ROMO 98.1(0.7)/62.1(0.8) 66.8(1.0)/57.1(0.1) 63.0(0.8)/53.9(0.6) 91.8(0.9)/48.7(0.1) 38.7(2.5)/51.7(3.2) 87.8(0.9)/22.1(5.5) 4.2/2.8 10.9/-12.7

GAMBO 73.1(12.8)/17.3(12.8) 77.1(9.6)/11.2(10.3) 64.4(1.5)/6.9(7.7) 92.8(8.0)/22.1(10.5) 46.0(6.8)/0.0(0.0) 90.6(14.5)/1.5(3.2) 3.2/5.3 10.5/-52.1
DynAMO 90.3(4.7)/66.9(6.9) 86.2(0.0)/68.2(1.8) 64.4(2.5)/77.2(2.2) 91.2(0.0)/93.0(1.2) 44.2(7.8)/129(5.5) 89.8(3.2)/104(5.6) 2.8/1.2 14.2/27.8

Adam TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 62.9(13.0)/12.0(12.3) 69.7(10.5)/11.0(12.1) 62.9(1.9)/4.8(3.8) 92.3(8.9)/16.8(12.4) 37.8(6.3)/6.4(14.5) 58.4(18.5)/6.2(14.0) 4.5/6.0 0.5/-52.4
COMs– 62.9(13.0)/13.6(12.2) 65.1(11.0)/11.0(10.6) 62.9(1.9)/5.0(3.8) 92.4(1.0)/21.2(18.2) 22.5(3.2)/0.0(0.0) 57.3(19.5)/6.3(14.3) 6.0/5.3 -3.0/-52.4
COMs+ 95.6(2.6)/44.2(1.5) 67.1(0.6)/57.4(0.2) 64.6(0.9)/81.5(5.7) 95.3(1.9)/3.7(1.3) 39.6(5.8)/79.3(3.3) 67.1(9.5)/31.8(34.5) 3.2/3.0 8.1/-12.3
RoMA– 62.9(13.0)/12.3(12.4) 69.7(10.5)/10.9(12.0) 62.9(1.9)/4.7(3.8) 84.7(0.0)/16.8(12.4) 37.8(6.3)/6.4(14.5) 58.4(1.9)/6.2(14.0) 4.5/6.3 0.5/-52.4
RoMA+ 96.5(0.0)/21.3(0.3) 77.8(0.0)/3.8(0.0) 63.3(0.0)/5.9(0.2) 92.3(8.9)/1.8(0.0) 49.8(1.4)/49.4(6.1) 95.7(1.6)/14.8(0.6) 2.8/5.2 14.5/-45.8
ROMO 95.6(0.0)/55.7(0.3) 67.0(0.2)/56.3(0.1) 63.3(0.0)/53.5(0.1) 90.4(0.0)/50.7(0.0) 31.8(3.1)/25.5(20.3) 71.0(0.6)/7.2(3.9) 4.8/2.8 6.4/-20.5

GAMBO 94.0(2.2)/15.1(11.2) 60.0(12.6)/10.3(11.5) 60.9(8.7)/12.1(11.3) 91.4(6.3)/19.6(15.2) 37.8(6.3)/0.3(0.8) 88.4(13.8)/2.6(3.9) 5.3/5.8 8.6/-51.9
DynAMO 95.2(1.7)/54.8(8.9) 86.2(0.0)/72.3(3.4) 65.2(1.1)/84.8(9.2) 91.2(0.0)/89.9(5.3) 45.5(5.7)/158(37.3) 84.9(12.0)/126(5.7) 2.8/1.2 14.5/35.7

CMA-ES TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 87.6(8.3)/47.2(11.2) 86.2(0.0)/44.6(15.9) 66.1(1.0)/93.5(2.0) 106(5.9)/66.2(9.4) 49.0(1.0)/12.8(0.6) 72.2(0.1)/164(10.6) 3.7/3.8 14.4/9.5
COMs– 75.6(10.2)/46.0(17.6) 85.7(1.3)/56.2(15.8) 64.8(1.0)/63.1(23.0) 119(3.3)/58.8(24.2) 18.8(7.9)/22.0(7.9) 62.9(2.1)/67.2(8.0) 5.7/5.2 7.6/-9.7
COMs+ 68.0(6.0)/24.8(11.3) 77.2(9.7)/35.4(16.5) 63.6(0.5)/36.7(9.0) 116(5.6)/45.8(16.1) 36.8(3.5)/0.0(0.0) 62.2(15.5)/0.0(0.0) 7.3/7.8 7.1/-38.2
RoMA– 87.6(8.3)/46.7(11.2) 86.2(0.0)/44.8(15.8) 66.1(1.0)/93.5(2.1) 106(5.9)/66.2(9.4) 49.0(1.0)/12.8(0.6) 72.2(0.1)/164(10.6) 3.7/3.5 14.4/9.5
RoMA+ 85.9(7.0)/53.1(15.0) 79.8(3.7)/31.9(15.2) 64.6(1.1)/60.5(14.9) 118(6.6)/63.7(21.6) 44.6(3.2)/98.2(18.9) 72.2(0.1)/112(86.4) 5.0/4.8 14.1/8.0
ROMO 88.3(6.0)/57.5(11.6) 86.2(0.0)/40.2(13.1) 64.5(0.9)/66.5(13.5) 113(6.0)/70.2(11.5) 45.7(1.3)/97.7(15.4) 77.3(3.2)/20.9(40.9) 4.2/4.3 15.7/-3.1

GAMBO 90.4(4.4)/39.6(15.5) 86.2(0.0)/53.4(8.4) 66.2(1.6)/84.8(4.8) 121(0.0)/61.3(14.6) 45.2(3.5)/173(19.4) 72.2(0.1)/59.9(19.6) 2.2/4.3 16.7/16.8
DynAMO 89.8(3.6)/73.6(0.6) 85.7(5.8)/73.1(3.1) 63.9(0.9)/72.0(3.1) 117(6.7)/94.0(0.5) 50.6(4.8)/97.8(13.2) 78.5(5.5)/292(83.5) 3.3/1.8 17.5/55.2

BO-qUCB TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 88.1(5.3)/73.9(0.5) 86.2(0.1)/74.3(0.4) 66.4(0.7)/99.4(0.1) 121(1.3)/93.6(0.5) 51.3(3.6)/198(10.3) 84.5(0.8)/94.1(3.9) 3.7/3.0 19.4/43.5
COMs– 88.5(6.4)/73.4(0.6) 86.2(0.0)/74.2(0.7) 66.0(1.1)/99.2(0.1) 121(0.0)/93.3(0.4) 47.7(3.5)/198(1.6) 85.4(1.8)/107(5.5) 4.5/4.5 19.0/45.5
COMs+ 89.1(7.1)/69.0(0.8) 85.9(0.4)/72.3(0.5) 65.6(1.1)/97.1(0.9) 122(0.4)/91.2(0.6) 45.7(3.7)/261(50.0) 84.7(1.6)/89.2(14.0) 5.2/5.7 18.6/51.3
RoMA– 86.9(5.0)/73.9(0.5) 86.2(0.1)/74.4(0.4) 66.4(0.7)/99.4(0.0) 120(1.3)/93.7(0.5) 51.3(3.6)/198(10.3) 84.5(0.8)/94.1(3.9) 3.8/3.0 19.2/43.6
RoMA+ 84.6(5.9)/68.2(2.2) 84.3(1.1)/63.3(2.5) 66.9(1.0)/98.3(0.3) 121(0.2)/78.3(4.5) 52.1(3.2)/194(0.8) 82.9(1.2)/109(8.3) 4.7/6.5 18.5/39.9
ROMO 95.2(2.5)/74.0(0.5) 86.2(0.0)/67.2(2.0) 64.7(1.0)/94.9(1.3) 118(2.1)/92.4(1.0) 50.2(4.7)/197(1.3) 85.5(1.1)/45.2(5.6) 4.7/6.2 19.9/33.2

GAMBO 95.4(1.6)/74.0(0.5) 86.2(0.0)/74.3(0.3) 66.3(1.1)/99.3(0.1) 121(1.3)/93.4(0.4) 50.2(2.8)/190(9.3) 83.6(1.0)/22.0(2.1) 4.7/5.0 20.2/30.3
DynAMO 95.1(1.9)/74.3(0.5) 86.2(0.0)/74.4(0.6) 66.7(1.5)/99.3(0.1) 121(0.0)/93.5(0.6) 48.1(4.0)/211(22.8) 86.9(4.5)/175(44.7) 3.5/1.8 20.5/59.4

(Trabucco et al., 2021; Mashkaria et al., 2023; Krishnamoorthy et al., 2023), we are also interested in823

the Median@k score defined as824

Median@k({xF
i }ki=1) := median1≤i≤k r(xF

i ) (49)
to evaluate whether a batch of candidate designs (as opposed to any singular design) is generally825

of high quality according to the oracle r(x). We report the Median@k score for k = 128 in826

Supplementary Table A2; in general, we find that DynAMO does not perform as well as other827

objective-modifying baseline methods according to this metric. However, we note that in many offline828

optimization applications, we are often not as interested in how the median design performs, but829

rather if we are able to discover optimal and near-optimal designs. For this reason, we chose to focus830

on the Best@128 oracle scores in Table 1 to evaluate the quality of designs proposed by an optimizer831

in our main results. Nonetheless, future work may explore how to better tune DynAMO (e.g., the τ832

and β hyperparameters in Algorithm 1) to achieve more desirable Median@128 scores.833

D.2 Additional Design Diversity Results834

We supplement the results shown in Table 1 with the raw Pairwise Diversity scores reported for each835

of the 6 tasks in our evaluation suite in Supplementary Table A1.836

In Section 4, we describe the Pairwise Diversity metric previously used in prior work (Kim et al.,837

2023; Jain et al., 2022; Maus et al., 2023) to measure the diversity of samples obtained from a given838

23



Table A2: Additional Model-Based Optimization Quality Results. Each cell is the Median@128
oracle score (i.e., the median oracle score achieved by 128 sampled design candidates), reported
as mean(95% confidence interval) across 10 random seeds, where higher is better. Bolded entries indicate
overlapping 95% confidence intervals with the best performing algorithm (according to the mean)
per optimizer. Bolded (resp., Underlined) Rank and Optimality Gap metrics indicate the best (resp.,
second best) for a given backbone optimizer.

Grad. TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 33.7 42.8 50.9 87.6 6.7 77.8 —/— —/—

Baseline 58.1(6.1) 58.6(13.1) 59.3(8.6) 85.3(7.7) 36.0(6.7) 65.1(14.4) 4.3 10.5
COMs– 53.0(8.5) 58.3(13.2) 59.1(8.6) 84.0(7.2) 22.5(3.2) 71.0(10.7) 5.8 8.1
COMs+ 43.9(0.0) 59.0(0.5) 63.3(0.0) 93.2(7.7) 21.3(5.6) 89.9(1.0) 4.0 11.8
RoMA– 51.1(6.1) 58.6(13.1) 59.1(8.6) 85.3(7.7) 36.0(6.7) 65.1(14.4) 5.0 9.3
RoMA+ 48.2(4.3) 77.4(0.0) 63.3(0.0) 84.5(0.0) 38.2(0.8) 88.5(0.1) 3.2 16.8
ROMO 58.7(3.3) 37.7(0.3) 27.4(1.2) 61.8(2.6) 27.0(0.6) 46.0(11.7) 6.5 -6.8

GAMBO 63.8(13.7) 75.3(9.9) 60.1(3.3) 91.6(11.2) 46.0(6.7) 90.1(14.4) 1.8 21.2
DynAMO 47.0(2.8) 69.8(6.0) 61.9(2.2) 85.9(0.4) 23.4(8.5) 68.7(12.1) 4.5 9.5

Adam TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 54.7(8.8) 60.4(12.7) 59.2(8.6) 87.9(10.0) 37.4(6.2) 56.8(19.8) 3.3 9.5
COMs– 54.8(8.8) 59.5(12.7) 59.2(8.6) 90.8(10.4) 22.5(3.2) 57.1(19.6) 4.0 7.4
COMs+ 48.0(1.7) 59.1(0.5) 63.3(0.0) 89.3(10.4) 23.3(3.7) 56.4(13.3) 4.8 6.6
RoMA– 54.7(8.8) 60.4(12.7) 59.2(8.6) 87.9(10.0) 37.4(6.2) 56.8(19.8) 3.3 9.5
RoMA+ 50.1(4.3) 77.4(0.0) 63.3(0.0) 84.7(0.0) 34.9(1.8) 63.7(6.2) 3.3 12.4
ROMO 54.0(0.0) 36.8(0.1) 63.3(0.0) 50.5(0.3) 26.1(0.5) 30.9(0.0) 5.7 -6.3

GAMBO 49.5(8.9) 55.7(12.7) 57.7(9.1) 84.3(9.6) 37.4(6.2) 87.8(4.3) 5.0 12.1
DynAMO 47.7(3.0) 69.0(5.2) 62.4(1.9) 86.4(0.6) 23.0(6.0) 65.6(14.1) 4.7 9.1

CMA-ES TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 50.7(2.7) 71.7(10.4) 63.3(0.0) 83.9(1.0) 37.9(0.7) 59.3(10.9) 3.2 11.2
COMs– 45.0(2.2) 68.0(8.6) 60.5(3.0) 89.9(10.8) 18.8(7.9) 59.8(9.9) 5.3 7.1
COMs+ 44.3(3.6) 62.0(8.8) 59.7(4.3) 91.6(9.3) 29.0(5.9) 61.2(15.0) 5.0 8.0
RoMA– 50.7(2.7) 71.7(10.4) 63.3(0.0) 83.9(1.0) 37.9(0.7) 59.3(10.9) 3.2 11.2
RoMA+ 47.4(4.2) 58.0(7.0) 59.9(4.4) 91.6(10.0) 31.6(5.0) 60.4(7.7) 4.5 8.2
ROMO 48.9(3.1) 74.0(9.2) 60.0(3.4) 84.5(1.7) 22.8(1.6) 61.6(15.3) 3.5 8.7

GAMBO 44.2(0.8) 72.7(3.8) 62.7(1.1) 86.1(0.5) 21.4(2.0) 54.9(9.6) 5.5 7.1
DynAMO 45.3(2.4) 65.8(8.9) 59.3(3.8) 99.0(12.1) 22.5(5.1) 60.6(15.0) 4.8 8.8

BO-qUCB TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 50.3(1.8) 62.1(3.4) 63.3(0.0) 86.6(0.6) 31.7(1.2) 74.4(0.6) 2.7 11.5
COMs– 51.1(1.0) 61.0(2.9) 63.3(0.0) 86.3(0.7) 19.8(1.3) 74.2(1.3) 4.5 9.4
COMs+ 43.6(0.0) 65.6(1.4) 63.3(0.0) 87.5(0.9) 20.1(1.0) 54.2(11.9) 4.5 5.8
RoMA- 50.0(1.7) 62.1(3.4) 63.3(0.0) 86.7(0.6) 31.7(1.2) 74.4(0.6) 2.7 11.4
RoMA+ 52.5(0.0) 60.8(0.9) 63.3(0.0) 91.4(5.6) 29.5(1.4) 65.8(9.3) 3.2 10.6
ROMO 49.8(2.0) 58.2(0.2) 63.3(0.0) 86.8(0.5) 24.3(0.7) 75.0(1.7) 3.8 9.6

GAMBO 47.9(1.9) 59.8(1.2) 63.3(0.0) 86.0(0.6) 33.1(2.9) 73.8(1.2) 4.8 10.7
DynAMO 48.8(1.8) 65.9(3.7) 63.3(0.0) 86.5(0.5) 22.7(2.0) 50.4(14.6) 4.7 6.3
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offline optimization method. We can think of Pairwise Diversity as measuring the between-candidate839

diversity of candidates proposed by a generative algorithm. However, this is far from the only relevant840

definition of diversity; other possible metrics might measure the following:841

1. Candidate-Dataset Diversity: How novel is a proposed candidate compared to the real842

designs previously observed in the offline dataset?843

2. Aggregate Diversity: How well does the batch of candidate designs collectively cover the844

possible search space?845

To evaluate (1), we follow prior work by Kim et al. (2023) and Jain et al. (2022) and evaluate the846

Minimum Novelty (MN) for a batch of k final proposed candidates with respect to the offline dataset847

D, defined as848

MN({xF
i }ki=1;D) := ExF

i

[
min
x∈D

d(xF
i , x)

]
(50)

where D is the task-specific dataset of offline sample designs and xF
i is the ith candidate design849

proposed by an optimization experiment. Following (14), we define the distance function d(·, ·) as the850

normalized Levenshtein edit distance (Haldar & Mukhopadhyay, 2011) (resp., Euclidean distance)851

for discrete (resp., continuous) tasks.852

For (2), we report the L1 Coverage (L1C) of the candidate designs, defined as853

L1C({xF
i }Bi=1) :=

1

dim(x)

dim(x)∑
k=1

max
i ̸=j
|xF

ik − xF
jk| (51)

where dim(x) is the number of design dimensions and xF
ik is the kth dimension of design xF

i . Note854

that the L1C metric is only defined for designs sampled from a continuous search space; to compute855

the L1C metric for discrete optimization tasks, we use task-specific foundation models to embed856

discrete designs into a continuous latent space. For DNA design tasks (i.e., TFBind8 and UTR), we857

use the DNABERT-2 foundation model with 117M parameters (zhihan1996/DNABERT-2-117M)858

from Zhou et al. (2024) to embed candidate DNA sequences into a continuous latent space. Sim-859

ilarly for molecule design tasks (i.e., ChEMBL and Molecule), we use the ChemBERT model860

(jonghyunlee/ChemBERT_ChEMBL_pretrained) from Zhang et al. (2022) to embed candidate861

molecules into a continuous latent space.862

We report MN and L1C metric scores in Supplementary Table A3. We find that compared with863

other MBO objective-modifying methods, DynAMO achieves the best Rank and Optimality Gap for864

3 of the 6 optimizers evaluated (Grad., Adam, and BO-qEI). For the remaining 3 optimizers evaluated,865

DynAMO is within the top 2 evaluated methods in terms of both average Rank and Optimality Gap866

for the L1C (L1 coverage) metric. Altogether, our results support that DynAMO is competitive867

according to the MN and L1C diversity metrics in addition to the Pairwise Diversity metric reported868

in Table 1.869

What is the best notion of diversity? In our work, we focus on the Pairwise Diversity metric870

in our main results (Table 1)—however, this does not mean that this metric is the best for all871

applications. Rather, our focus on the Pairwise Diversity metric is determined by our problem872

motivation. Compared with the minimum novelty and L1 coverage diversity metrics, the definition of873

pairwise diversity best captures the notion of diversity that we are interested in—that is, capturing874

many possible ‘modes of goodness’ in optimizing the oracle reward function. We note that these875

modes of goodness may not necessarily be significantly ‘novel’ according to our task-specific876

distance metric, and so we treated the Minimum Novelty metric as only a secondary diversity877

objective for evaluating DynAMO. (Indeed, because DynAMO encourages a generative policy to878

match a distribution of designs constructed from the offline dataset, DynAMO may not increase the879

minimum novelty of designs compared to those proposed by the comparable baseline optimizer.)880

Similarly, we find that the L1 Coverage metric is more sensitive to outlier designs when compared to881

the Pairwise Diversity, and therefore also treat it as a secondary diversity evaluation metric for our882

experiments in Supplementary Table A3. Future work might explore other methods that focus on883

improving not only the Pairwise Diversity metric, but also other diversity metric(s), too.884
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Table A3: Additional Model-Based Optimization Diversity Results. Each cell is a value
mn/l1c; where mn is the Minimum Novelty and l1c the L1 Coverage. Both metrics are reported
mean(95% confidence interval) across 10 random seeds, where higher is better. Bolded entries indicate
overlapping 95% confidence intervals with the best performing algorithm (according to the mean) per
optimizer. Bolded (resp., Underlined) Rank and Optimality Gap (Opt. Gap) metrics indicate the best
(resp., second best) for a given backbone optimizer.

Grad. TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.0/0.42 0.0/0.31 0.0/1.42 0.0/0.68 0.0/6.26 0.0/0.58 —/— —/—

Baseline 21.2(3.0)/0.16(0.1) 51.7(2.9)/0.20(0.13) 97.4(3.9)/0.21(0.10) 79.5(19.7)/0.42(0.18) 95.0(0.7)/0.00(0.00) 102(6.1)/0.00(0.00) 3.3/6.3 74.5/-1.44
COMs– 22.1(2.7)/0.14(0.11) 51.4(3.2)/0.20(0.12) 97.4(3.9)/0.24(0.11) 89.0(7.7)/0.40(0.10) 94.1(0.7)/0.00(0.00) 100(4.8)/0.00(0.00) 3.3/7.7 75.7/-1.45
COMs+ 10.9(0.3)/0.49(0.02) 31.7(0.8)/0.31(0.00) 52.4(11.0)/1.11(0.16) 13.7(1.1)/0.61(0.09) 99.6(0.3)/0.37(0.11) 100(0.0)/0.80(0.76) 6.2/2.7 51.4/-1.00
RoMA– 21.2(3.1)/0.16(0.1) 51.7(2.9)/0.21(0.12) 97.4(3.9)/0.26(0.10) 79.5(19.7)/0.40(0.19) 95.0(0.7)/0.00(0.00) 102(6.1)/0.00(0.00) 2.8/5.8 74.5/-1.44
RoMA+ 18.1(1.4)/0.27(0.02) 40.1(0.2)/0.44(0.01) 18.7(0.1)/0.41(0.01) 95.3(0.0)/0.41(0.02) 7.1(0.8)/1.28(0.01) 0.2(0.0)/0.45(0.00) 5.8/3.5 29.9/-1.07
ROMO 16.1(0.5)/0.33(0.02) 32.9(0.1)/0.30(0.00) 5.0(0.7)/1.31(0.02) 23.1(0.0)/0.61(0.02) 78.5(0.5)/0.34(0.16) 153(0.4)/6.13(2.80) 6.0/2.7 51.5/-0.11

GAMBO 14.0(2.0)/0.17(0.10) 46.7(2.7)/0.24(0.13) 96.8(3.9)/0.25(0.16) 76.8(19.7)/0.37(0.11) 83.8(6.8)/0.00(0.00) 31.5(3.6)/0.09(0.14) 6.0/5.7 58.3/-1.42
DynAMO 21.1(1.1)/0.36(0.04) 52.2(1.3)/0.52(0.06) 98.6(1.5)/1.46(0.38) 85.8(1.0)/2.49(0.06) 95.0(0.4)/6.47(1.24) 107(6.7)/5.85(1.35) 2.2/1.3 76.7/1.25

Adam TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 23.7(2.8)/0.11(0.06) 51.1(3.5)/0.22(0.09) 95.5(5.3)/0.23(0.15) 79.3(21.2)/0.48(0.31) 94.8(0.7)/0.27(0.55) 103(6.3)/0.24(0.49) 3.5/5.8 74.5/-1.35
COMs– 23.8(2.8)/0.13(0.06) 51.6(3.0)/0.20(0.11) 95.5(5.3)/0.24(0.16) 78.6(20.7)/0.49(0.33) 94.1(0.7)/0.00(0.00) 102(6.0)/0.03(0.00) 3.3/6.8 74.2/-1.43
COMs+ 13.0(0.4)/0.44(0.02) 31.7(0.8)/0.31(0.00) 53.0(12.8)/1.10(0.20) 15.0(1.6)/0.50(0.12) 99.7(0.2)/0.58(0.28) 99.9(0.1)/0.88(0.95) 6.0/2.7 52.0/-0.98
RoMA– 23.6(2.8)/0.12(0.06) 51.1(3.5)/0.21(0.09) 95.5(5.3)/0.21(0.16) 79.3(21.2)/0.48(0.32) 94.8(0.7)/0.27(0.55) 103(6.3)/0.04(0.03) 3.3/6.8 74.5/-1.39
RoMA+ 18.3(0.5)/0.28(0.00) 40.1(0.2)/0.46(0.01) 18.9(0.2)/0.41(0.02) 95.3(0.0)/0.42(0.01) 47.6(2.4)/1.87(0.06) 5.1(0.2)/0.78(0.01) 6.0/3.7 37.6/-0.91
ROMO 13.6(0.2)/0.28(0.01) 32.9(0.1)/0.30(0.00) 21.9(0.0)/1.05(0.02) 23.4(0.0)/0.74(0.0) 98.1(0.0)/1.34(0.03) 99.8(0.1)/0.08(0.00) 6.0/3.7 48.3/-0.98

GAMBO 23.7(3.1)/0.14(0.06) 51.3(3.4)/0.22(0.10) 95.0(5.1)/0.35(0.24) 80.0(20.6)/0.50(0.34) 84.8(6.4)/0.26(0.53) 27.3(3.4)/0.09(0.12) 4.3/5.2 60.4/-1.35
DynAMO 14.7(1.9)/0.33(0.05) 46.2(0.5)/0.55(0.03) 98.7(1.2)/1.44(0.39) 85.9(1.8)/2.40(0.16) 94.9(0.4)/7.06(0.73) 108(7.2)/6.91(0.71) 3.0/1.2 74.7/1.50

CMA-ES TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 16.5(2.1)/0.33(0.05) 47.8(1.0)/0.48(0.04) 96.5(0.7)/2.18(0.04) 73.0(18.0)/1.82(0.12) 100(0.0)/3.26(1.42) 100(0.0)/3.77(1.36) 3.8/4.2 72.3/0.36
COMs– 13.6(0.7)/0.34(0.05) 46.9(0.9)/0.52(0.06) 97.3(2.6)/1.81(0.48) 84.7(6.9)/2.10(0.32) 100(0.0)/0.31(0.18) 100(0.0)/0.43(0.18) 4.7/4.7 73.7/-0.69
COMs+ 11.1(2.1)/0.32(0.04) 44.0(2.8)/0.43(0.06) 98.5(1.1)/1.20(0.27) 77.4(19.7)/1.85(0.16) 86.1(3.5)/0.06(0.01) 39.0(7.9)/0.02(0.00) 6.3/7.0 59.3/-0.96
RoMA– 16.5(2.2)/0.32(0.04) 47.9(0.9)/0.49(0.03) 96.6(0.7)/2.16(0.05) 73.0(18.0)/1.82(0.12) 100(0.0)/4.15(1.93) 100(0.0)/3.77(1.36) 3.5/4.0 72.3/0.51
RoMA+ 13.4(0.7)/0.36(0.04) 47.7(1.7)/0.42(0.07) 99.8(0.2)/1.35(0.39) 80.0(6.2)/1.80(0.45) 100(0.0)/0.30(0.15) 100(0.0)/3.97(2.11) 3.2/5.7 73.5/-0.24
ROMO 16.2(2.3)/0.38(0.02) 47.0(1.7)/0.49(0.06) 97.7(1.7)/2.01(0.24) 85.3(5.9)/2.13(0.15) 100(0.0)/3.14(1.85) 51.9(17.6)/0.50(0.33) 3.5/4.0 66.4/-0.17

GAMBO 24.3(0.9)/0.31(0.04) 53.3(1.4)/0.51(0.01) 95.0(1.5)/2.17(0.06) 72.5(23.6)/1.83(0.15) 85.6(3.0)/3.37(0.49) 41.5(2.0)/3.12(0.40) 5.5/4.3 62.0/0.27
DynAMO 12.9(0.8)/0.40(0.03) 48.0(1.6)/0.56(0.01) 96.7(3.5)/1.82(0.72) 81.8(13.4)/2.54(0.05) 94.5(0.7)/4.75(2.16) 112(7.8)/3.29(1.56) 4.0/2.2 74.3/0.62

BO-qUCB TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑

Baseline 21.6(0.3)/0.40(0.02) 51.7(0.2)/0.54(0.01) 97.9(0.4)/2.40(0.05) 85.3(1.1)/2.52(0.07) 93.8(0.6)/7.78(0.04) 98.8(1.1)/6.64(0.09) 3.5/4.7 74.8/1.77
COMs– 21.7(0.3)/0.40(0.02) 51.7(0.2)/0.56(0.01) 97.4(0.4)/2.40(0.06) 85.4(1.4)/2.49(0.04) 92.9(1.1)/7.75(0.09) 99.2(1.6)/6.84(0.11) 3.8/3.7 74.7/1.80
COMs+ 12.6(0.3)/0.44(0.02) 43.5(0.3)/0.57(0.01) 84.0(2.3)/2.52(0.05) 79.2(1.4)/2.38(0.08) 84.6(1.1)/7.51(0.02) 39.4(6.0)/1.66(0.01) 7.5/3.7 57.2/0.90
RoMA– 21.6(0.3)/0.39(0.03) 51.6(0.3)/0.55(0.01) 97.8(0.4)/2.37(0.05) 85.5(1.1)/2.54(0.07) 93.8(0.6)/7.78(0.04) 98.8(1.1)/6.64(0.09) 3.5/4.8 74.9/1.77
RoMA+ 13.9(0.3)/0.31(0.02) 45.1(0.5)/0.56(0.01) 98.8(0.3)/1.85(0.02) 88.5(0.5)/2.01(0.06) 94.1(0.1)/7.86(0.01) 112(2.5)/7.23(0.16) 3.3/5.2 75.4/1.69
ROMO 16.0(0.4)/0.40(0.02) 47.7(0.2)/0.55(0.01) 88.1(1.2)/2.51(0.06) 90.9(0.6)/2.49(0.05) 85.4(0.3)/7.48(0.02) 20.9(2.4)/1.60(0.03) 5.7/5.3 58.2/0.89

GAMBO 21.9(0.4)/0.40(0.01) 51.7(0.3)/0.56(0.01) 97.5(0.4)/2.39(0.05) 85.2(1.0)/2.52(0.04) 81.9(1.9)/7.37(0.09) 25.9(1.4)/1.34(0.04) 4.7/6.0 60.7/0.82
DynAMO 21.4(0.5)/0.40(0.02) 51.7(0.2)/0.55(0.01) 97.1(0.5)/2.47(0.07) 85.3(1.1)/2.54(0.05) 94.7(0.2)/7.88(0.03) 109(4.5)/7.80(0.23) 3.7/2.3 76.6/2.00

D.3 Imposing Alternative f -Divergence Diversity Objectives via Mixed-Divergence885

Regularization886

The MBO problem formulation proposed in (7) introduces a weighted KL-divergence regularization887

of the original MBO optimization objective. However, alternative distribution matching objectives888

have been used in prior work (Agarwal et al., 2024; Gong et al., 2021; Ma et al., 2022), and one889

might hypothesize that we can similarly generalize (7) as890

max
π∈Π

Jf (π) = Eqπ [rθ(x)]−
β

τ
Df (q

π||pτD)

s.t. Ex∼pτ
D(x)[c

∗(x)]− Ex∼qπ(x)[c
∗(x)] ≤W0

(52)

to any arbitrary f -divergence metric Df (·||·) that measures the difference between two probability891

distributions Q,P over a space Ω defined by Df (Q||P ) :=
∫
Ω
dP f

(
dQ
dP

)
for a convex univariate892

generator function f . For example in our main text, we specialize to the KL-divergence where893

fKL(u) := u log u traditionally used in the imitation learning literature.894

However, we found that such a naïve approach does not generalize well to alternative f -divergences:895

recall that a core contribution of our work was the ability to reformulate the optimization objective as a896

weighted sum over distribution entropy and divergence (i.e., Lemma 3.2) in order to admit an explicit,897

closed form solution for the dual function in Lemma 3.3. Such an approach is intractable using898

standard algebraic techniques. This is not ideal, as a number of prior works have proposed that alter-899

native divergences—such as the χ2-divergence defined by the generator fχ2(u) = (u− 1)2/2—can900
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better penalize out-of-distribution surrogate behavior and better quantify model uncertainty when901

compared to the KL-divergence (Tsybakov, 2008; Nishiyama & Sason, 2020; Ma et al., 2022; Wang902

et al., 2024).903

In this section, we show how to overcome this limitation and demonstrate how our theoretical and904

empirical results generalize to alternative f -divergence objectives for enforcing distribution matching905

in the sampling policy. Firstly, we look to recent work by Huang et al. (2024a) and others describing906

‘mixed f -regularization’ defined by a mixed generator function fγ(u) := γf(u) + u log u for some907

weighting scalar γ ∈ [1,+∞), which admits a ‘mixed f -divergence’ given by908

Df (Q||P ; γ) := γDf (Q||P ) +DKL(Q||P ) (53)

for probability distributions Q,P .1 Given a mixed f -divergence, we can define a modified MBO909

objective as in (5):910

Jf (π; γ) := Eqπ [rθ(x)]−
β

τ
Df (q

π||pτD; γ) = Eqπ [rθ(x)]−
β

τ
DKL(q

π||pτD)−
βγ

τ
Df (q

π||pτD)

= J(π)− βγ

τ
Df (q

π||pτD)
(54)

where rθ is again the forward surrogate model, J(π) is as in (5), pτD(x) is the τ -weighted probability911

distribution as in Definition 3.1, and qπ(x) is the sampled distribution over designs admitted by912

the realized sampling policy π. Given this expression for the modified MBO objective, it is easy to913

rewrite Jf (π; γ) similar to Lemma 3.2 in the main text:914

Lemma D.1 (Generalized Entropy-Divergence Formulation for Mixed f -Divergence). Define915

Jf (π; γ) as in (54). An equivalent representation of Jf (π; γ) is916

Jf (π) ≃ −H(qπ(x))− (1 + β)DKL(q
π(x)||pτD(x))− βγDf (q

π(x)||pτD(x)) (55)

whereH(·) as the Shannon entropy and Df (·||·) as the f -divergence.917

Proof. The proof is trivial using Lemma 3.2:918

Jf (π) := Eqπ [rθ(x)]−
β

τ
Df (q

π||pτD;π) = J(π)− βγ

τ
Df (q

π||pτD)

≃ τ · J(π)− βγDf (q
π||pτD)

≃ −H(qπ)− (1 + β)DKL(q
π||pτD)− βγDf (q

π||pτD)

(56)

up to a constant independent of the policy π.919

We now consider its derivative optimization problem constrained by source critic feedback analogous920

to (7):921

max
π∈Π

Jf (π; γ) = Eqπ [rθ(x)]−
β

τ
Df (q

π||pτD; γ)

s.t. Ex∼pτ
D(x)c

∗(x)− Ex∼qπ(x)c
∗(x) ≤W0

(57)

where c∗(x) is again an adversarial source critic and W0 is some nonnegative constant. We can show922

that (57) admits an explicit dual function which can be used to tractably solve this optimization923

problem.924

Lemma D.2 (Explicit Dual Function of (57)). Consider the primal problem925

max
π∈Π

Jf (π; γ) = Eqπ [rθ(x)]−
β

τ
Df (q

π||pτD; γ)

s.t. Ex∼pτ
D(x)[c

∗(x)]− Ex∼qπ(x)[c
∗(x)] ≤W0

(58)

for some convex function f where 0 /∈ dom(f). The Lagrangian dual function g(λ) is bounded from926

below by the function gℓ(λ) given by927

gℓ(λ) := β
[
(1 + γ)λ(Epτ

D
[c∗(x)]−W0)− Epτ

D
eλc

∗(x)−1 − γEpτ
D
f⋆(λc∗(x))

]
(59)

where f⋆(·) is the Fenchel conjugate of f .928

1It is trivial to verify both that fγ(u) is convex and that 0 /∈ dom(fγ) given a function f(u) that also satisfies
both of these conditions.
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Proof. Recall that the generator function of the mixed f -divergence penalty is given by fγ(u) =929

γf(u) + u log u for some weighting scalar γ ∈ [1,+∞). Define fKL(u) := u log u. From (10), the930

dual function g(λ) : R+ → R of the primal problem is given by931

g(λ) := min
π∈Π

[
(1 + β)Epτ

D
fKL

(
qπ

pτD

)
+ βγEpτ

D
f

(
qπ

pτD

)
− Eqπ log (qπ)

+ β(1 + γ)λ
(
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

) ]
= min

π∈Π

[
(1 + β)Epτ

D
fKL

(
qπ

pτD

)
+ βγEpτ

D
f

(
qπ

pτD

)
−
(
Epτ

D
fKL

(
qπ

pτD

)
+ Eqπ log pτD

)
+ β(1 + γ)λ

(
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

) ]
= min

π∈Π

[
βEpτ

D
fKL

(
qπ

pτD

)
+ βγEpτ

D
f

(
qπ

pτD

)
− Eqπ log pτD

+ β(1 + γ)λ
(
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

) ]

(60)

where we define β(1 + γ)λ ∈ R+ as the Lagrangian multiplier associated with the constraint in (57)932

(recall that R+ is closed under multiplication). We rearrange terms to rewrite g(λ) as933

g(λ) = min
π∈Π

[
βEpτ

D

[
−
(
λc∗(x) · q

π

pτD

)
+ fKL

(
qπ

pD

)]
+ βγEpτ

D

[
−
(
λc∗(x) · q

π

pτD

)
+ f

(
qπ

pτD

)]
− Eqπ log pτD + β(1 + γ)λEpτ

D
c∗(x)− β(1 + γ)λW0

] (61)

The sum of function minima is a lower bound on the minima of the sum:934

g(λ) ≥ βEpτ
D
min
π∈Π

[
−
(
λc∗(x) · q

π

pτD

)
+ fKL

(
qπ

pD

)]
+ βγEpτ

D
min
π∈Π

[
−
(
λc∗(x) · q

π

pτD

)
+ f

(
qπ

pD

)]
−max

π∈Π
Eqπ log pτD +min

π∈Π

[
β(1 + γ)λEpτ

D
c∗(x)− β(1 + γ)λW0

]
∼ βEpτ

D
min
π∈Π

[
−
(
λc∗(x) · q

π

pτD

)
+ fKL

(
qπ

pD

)]
+ βγEpτ

D
min
π∈Π

[
−
(
λc∗(x) · q

π

pτD

)
+ f

(
qπ

pD

)]
+ β(1 + γ)λEpτ

D
c∗(x)− β(1 + γ)λW0

(62)

ignoring the term maxπ∈Π [Eqπ log pτD] that is constant with respect to λ. We then perform the same935

tactic of minimizing over the superset R+ ⊇ {z | ∃π ∈ Π s.t. qπ(x)/pτD(x) = z} as in Appendix A:936

g(λ) ≥ βEpτ
D

min
z∈R+

[− (λc∗(x) · z) + fKL (z)] + βγEpτ
D

min
z∈R+

[− (λc∗(x) · z) + f(z)]

+ β(1 + γ)λ(Epτ
D
c∗(x)−W0)

= β
[
−Epτ

D
f⋆

KL(λc
∗(x))− γEpτ

D
f⋆(λc∗(x)) + (1 + γ)λ(Epτ

D
c∗(x)−W0)

] (63)

where f⋆(·) is the Fenchel conjugate of a convex function f(·). The Fenchel conjugate of fKL(u) =937

u log u is f⋆
KL(v) = ev−1 (Borwein & Lewis, 2006), so938

g(λ) ≥ β
[
−Epτ

D
eλc

∗(x)−1 − γEpτ
D
f⋆(λc∗(x)) + (1 + γ)λ(Epτ

D
c∗(x)−W0)

]
(64)

Define the right hand side of this inequality as the function gℓ(λ) and the result is immediate.939
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Corollary D.3 (Explicit Dual Function of (57) Using Mixed χ2-Divergence). As an example, we940

can consider the mixed χ2-divergence defined by Dχ2(Q||P ; γ) = γDχ2(Q||P ) +DKL(Q||P ) as941

used in Huang et al. (2024a). The χ2-divergence generator function is fχ2(u) = (u− 1)2/2, and942

its Fenchel conjugate is f⋆
χ2(v) = v + (v2/2) from Lemma C.4. Directly applying Lemma D.2, our943

lower bound on the our dual function is944

g(λ) ≥ gℓ(λ) := β
[
− Epτ

D
eλc

∗(x)−1 − γEpτ
D

(
1

2
(λc∗(x))2 + λc∗(x)

)
+ (1 + γ)λ(Epτ

D
c∗(x)−W0)

] (65)

To experimentally evaluate the utility of distribution matching using a mixed χ2-KL-Divergence,945

we substitute the DKL(·||·) divergence with the mixed χ2-Divergence Dfχ2 (·||·; γ) (setting γ = 1.0946

for experimental evaluation) and its associated dual function bound from (65) into Algorithm 1.947

Practically, we find that this only requires updating the dual function per Corollary D.3 and the948

Lagrangian of (57) given by949

L(x;λ) = −Eqπ [rθ(x)] +
β

τ
[γDf (q

π||pτD) +DKL(q
π||pτD)]

+ β(1 + γ)λ
[
Epτ

D
c∗(x)− Eqπc

∗(x)−W0

] (66)

in Algorithm 1.950

Experimental Results. We compare DynAMO implemented with a mixed χ2 divergence penalty951

(with γ = 1.0) against our original DynAMO implementation (i.e., γ = 0) in Supplementary952

Tables A4-A5. Empirically, we find that using the mixed χ2-divergence penalty offers limited utility953

compared with KL-divergence alone: the latter is non-inferior to the former according to both the954

Rank and Optimality Gap metrics for all 6 optimizers assessed according to the Best@128 oracle955

score. Furthermore, DynAMO outperforms DynAMO with mixed χ2-divergence according to the956

Rank and Optimality Gap metrics for 5 out of the 6 optimizers assessed according to the Pairwise957

Diversity metric. Based on our qualitative analysis, we hypothesize that the over-conservatism often958

attributed to χ2-divergence-based penalties in related literature (Ma et al., 2022; Huang et al., 2024a;959

Wang et al., 2024) may adversely affect the generative policy’s ability to sufficiently explore the960

design space when compared to using KL-divergence-base distribution matching alone. Further work961

is needed to tune the relative mixing parameter γ and/or explore how other alternative f -divergence962

metrics may be used with DynAMO.963

D.4 Theoretical Guarantees for DynAMO964

In this section, we seek to place an upper bound on the difference between true diversity-penalized965

objective966

J⋆(π) := Ex∼qπ(x)[r(x)]−
β

τ
DKL(q

π(x)||pτ (x)) (67)

realized by the final generative policy π̂ ∈ Π learned by DynAMO (denoted as π∗ in the967

main text), and the true diversity-penalized objective realized by the true optimal policy π⋆ :=968

argmaxπ∈Π J⋆(π). Note that this objective J⋆(π) is not equivalent to the offline MBO objective969

J(π) introduced in (5); importantly, the objective J(π) is a function of the true, hidden oracle reward970

r(x) as opposed to the forward surrogate model rθ(x). Furthermore, the KL-divergence penalty971

is computed with respect to the true τ -weighted probability distribution pτ (x), as opposed to its972

empirical estimate computed from the offline dataset D as in Definition 3.1. In principle, (67)973

captures the true trade-off between diversity and quality of designs that we hope to achieve by the974

theoretically optimal zero-regret generative policy π⋆ that maximizes (67) over Π.975

Our main result is in Theorem D.9 below, although we first step through the relevant assumptions976

and intermediate results necessary to arrive at our bound on (67). Firstly, we assume the following:977

Assumption D.4 (Surrogate Model Error Bound). There exists a finite ε20 ∈ R+ such that978

Ex∼pτ (x)[r(x)− rθ(x)]
2 ≤ ε20/4 (68)

for any choice in τ ≥ 0, where pτ (x) is the true τ -weighted probability distribution over X .979
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Table A4: Quality of Design Candidates Using Mixed χ2-Divergence DynAMO. Using Corollary
D.3 and (57), we show that it is possible to extend DynAMO to leverage a mixed χ2-divergence
that equally weights both χ2-divergence and KL-divergence to penalize the original MBO objective.
We evaluate this specialized implementation of DynAMO against baseline DynAMO and vanilla
optimization methods, and report the Best@128 (resp.., Median@128) oracle score achieved by the
128 evaluated designs in the top (resp., bottom) table. Metrics are reported mean(95% confidence interval)

across 10 random seeds, where higher is better. Bolded entries indicate average scores with an
overlapping 95% confidence interval to the best performing method. Bolded (resp., Underlined)
Rank and Optimality Gap (Opt. Gap) metrics indicate the best (resp., second best) for a given
backbone optimizer.

Best@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 43.9 59.4 60.5 88.9 40.0 88.4 — —

Grad. 90.0(4.3) 80.9(12.1) 60.2(8.9) 88.8(4.0) 36.0(6.8) 65.6(14.5) 2.8 6.8
DynAMO-Grad. 90.3(4.7) 86.2(0.0) 64.4(2.5) 91.2(0.0) 44.2(7.8) 89.8(3.2) 1.2 14.2

Mixed χ2 DynAMO-Grad. 59.3(8.3) 86.2(0.0) 64.4(2.6) 120(1.4) 42.0(5.6) 83.6(1.4) 2.0 12.5

Adam 62.9(13.0) 69.7(10.5) 62.9(1.9) 92.3(8.9) 37.8(6.3) 58.4(18.5) 2.7 0.5
DynAMO-Adam 95.2(1.7) 86.2(0.0) 65.2(1.1) 91.2(0.0) 45.5(5.7) 84.9(12.0) 1.3 14.5

Mixed χ2 DynAMO-Adam 59.3(8.3) 86.2(0.0) 64.4(2.6) 120(1.4) 42.0(5.6) 83.6(1.4) 2.0 12.5

CMA-ES 87.6(8.3) 86.2(0.0) 66.1(1.0) 106(5.9) 49.0(1.0) 72.2(0.1) 2.0 14.4
DynAMO-CMA-ES 89.8(3.6) 85.7(5.8) 63.9(0.9) 117(6.7) 50.6(4.8) 78.5(5.5) 1.7 17.5

Mixed χ2 DynAMO-CMA-ES 84.2(10.7) 84.5(2.6) 65.1(1.3) 113(4.8) 45.0(4.9) 81.8(4.0) 2.3 15.4

BO-qUCB 88.1(5.3) 86.2(0.1) 66.4(0.7) 121(1.3) 51.3(3.6) 84.5(0.8) 2.2 19.4
DynAMO-BO-qUCB 95.1(1.9) 86.2(0.0) 66.7(1.5) 121(0.0) 48.1(4.0) 86.9(4.5) 1.7 20.5

Mixed χ2 DynAMO-BO-qUCB 85.7(5.4) 86.3(0.2) 66.3(0.9) 121(0.0) 51.5(4.3) 83.8(1.1) 2.0 19.0

Median@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 33.7 42.8 50.9 87.6 6.7 77.8 — —

Grad. 58.1(6.1) 58.6(13.1) 59.3(8.6) 85.3(7.7) 36.0(6.7) 65.1(14.4) 2.0 10.5
DynAMO-Grad. 47.0(2.8) 69.8(6.0) 61.9(2.2) 85.9(0.4) 23.4(8.5) 68.7(12.1) 1.5 9.5

Mixed χ2 DynAMO-Grad. 45.2(6.9) 66.9(5.2) 58.3(6.5) 86.6(2.1) 20.6(1.4) 64.4(8.3) 2.5 7.1

Adam 54.7(8.8) 60.4(12.7) 59.2(8.6) 87.9(10.0) 37.4(6.2) 56.8(19.8) 1.8 9.5
DynAMO-Adam 47.7(3.0) 69.0(5.2) 62.4(1.9) 86.4(0.6) 23.0(6.0) 65.6(14.1) 1.7 9.1

Mixed χ2 DynAMO-Adam 45.2(6.9) 66.9(5.2) 58.3(6.5) 86.6(2.1) 20.6(1.4) 64.4(8.3) 2.5 7.1

CMA-ES 50.7(2.7) 71.7(10.4) 63.3(0.0) 83.9(1.0) 37.9(0.7) 59.3(10.9) 1.5 11.2
DynAMO-CMA-ES 45.3(2.4) 65.8(8.9) 59.3(3.8) 99.0(12.1) 22.5(5.1) 60.6(15.0) 2.2 8.8

Mixed χ2 DynAMO-CMA-ES 48.5(3.0) 70.0(6.5) 63.2(0.3) 87.0(2.0) 19.4(3.8) 43.7(14.6) 2.3 5.4

BO-qUCB 50.3(1.8) 62.1(3.4) 63.3(0.0) 86.6(0.6) 31.7(1.2) 74.4(0.6) 1.5 11.5
DynAMO-BO-qUCB 48.8(1.8) 65.9(3.7) 63.3(0.0) 86.5(0.5) 22.7(2.0) 50.4(14.6) 2.0 6.3

Mixed χ2 DynAMO-BO-qUCB 44.0(0.7) 68.2(3.0) 63.3(0.0) 86.5(0.6) 20.9(1.3) 74.5(2.0) 2.0 9.6

Assumption D.5 (Policy Realizability). Both the true optimal sampling policy π⋆ according to (67)980

and optimal sampling policy π̂ according to (7) are contained in the (finite) policy class Π.981

Assumption D.6 (Bounded Importance Weights). Define the importance weight w(x) as the ratio982

between probability distributions qπ(x) and p(x). There exists a finite M ∈ R+ such that for all983

possible permutations of π ∈ {π̂, π⋆} and p(x) ∈ {pτ (x), pτD(x)}, we have w(x) := qπ(x)/p(x) ≤984

M for all x ∈ X .985

Remark. This assumption is mild assuming that (1) D is large enough such that pτD(x) ≈ pτ (x); and986

(2) the policy π has been learned with sufficiently large β according to Algorithm 1 or a similar987

distribution matching objective, such that the distribution of designs learned by the generative policy988

qπ̂(x) well-approximates the expert distribution pτD(x). Because the optimal policy π⋆ should also989

well-approximate pτ (x) (and therefore pτD(x) by assumption), the assumption that such a finite M990

exists is reasonable.991

Under these assumptions, we first place a bound on the error of the forward surrogate model over the992

distribution of generated designs from the optimal policies according to both the offline objective993

J(π) and true objective J⋆(π):994

Lemma D.7 (Bounded Prediction Error). Assume there exists an M ∈ R+ finite satisfying Assump-995

tion D.6. Then with probability at least 1 − δ we have (for any δ > 0 and for both π = π⋆ and996
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Table A5: Diversity of Design Candidates Using Mixed χ2-Divergence DynAMO. Using Corol-
lary D.3 and (57), we show that it is possible to extend DynAMO to leverage a mixed χ2-divergence
that equally weights both χ2-divergence and KL-divergence to penalize the original MBO objective.
We evaluate this specialized implementation of DynAMO against baseline DynAMO and vanilla
optimization methods, and report the pairwise diversity (resp., minimum novelty and L1 coverage)
oracle score achieved by the 128 evaluated designs in the top (resp., middle and bottom) table. Metrics
are reported mean(95% confidence interval) across 10 random seeds, where higher is better. Bolded entries
indicate average scores with an overlapping 95% confidence interval to the best performing method.
Bolded (resp., Underlined) Rank and Optimality Gap (Opt. Gap) metrics indicate the best (resp.,
second best) for a given backbone optimizer.

Pairwise Diversity@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 65.9 57.3 60.0 36.7 66.0 85.7 — —

Grad. 12.5(8.0) 7.8(8.8) 7.9(7.8) 24.1(13.3) 0.0(0.0) 0.0(0.0) 3.0 -53.2
DynAMO-Grad. 66.9(6.9) 68.2(10.8) 77.2(21.5) 93.0(1.2) 129(55.3) 104(56.1) 1.3 27.8

Mixed χ2 DynAMO-Grad. 16.8(12.6) 72.6(1.1) 47.0(31.1) 91.0(1.6) 182(45.9) 74.2(3.0) 1.7 18.7

Adam 12.0(12.3) 11.0(12.1) 4.8(3.8) 16.8(12.4) 6.4(14.5) 6.2(14.0) 3.0 -52.4
DynAMO-Adam 54.8(8.9) 72.3(3.4) 84.8(9.2) 89.9(5.3) 158(37.3) 126(57.3) 1.7 35.7

Mixed χ2 DynAMO-Adam 16.8(12.6) 72.6(1.1) 99.2(0.7) 91.0(1.6) 182(45.9) 74.2(3.0) 1.3 27.4

CMA-ES 47.2(11.2) 44.6(15.9) 93.5(2.0) 66.2(9.4) 12.8(0.6) 164(10.6) 2.5 9.5
DynAMO-CMA-ES 73.6(0.6) 73.1(3.1) 72.0(3.1) 94.0(0.5) 97.8(13.2) 292(83.5) 1.3 55.2

Mixed χ2 DynAMO-CMA-ES 52.9(20.8) 51.5(22.1) 67.7(24.7) 69.7(12.4) 154(107) 86.9(72.9) 2.2 18.6

BO-qUCB 73.9(0.5) 74.3(0.4) 99.4(0.1) 93.6(0.5) 198(10.3) 94.1(3.9) 2.2 43.5
DynAMO-BO-qUCB 74.3(0.5) 74.4(0.6) 99.3(0.1) 93.5(0.6) 211(22.8) 175(44.7) 1.7 59.4

Mixed χ2 DynAMO-BO-qUCB 73.4(0.7) 74.3(0.4) 99.5(0.1) 93.7(0.5) 177(25.2) 28.1(7.3) 2.2 29.0

Minimum Novelty@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.0 0.0 0.0 0.0 0.0 0.0 — —

Grad. 21.2(3.0) 51.7(2.9) 97.4(3.9) 79.5(19.7) 95.0(0.7) 102(6.1) 2.3 74.5
DynAMO-Grad. 21.1(1.1) 52.2(1.3) 98.6(1.5) 85.8(1.0) 95.0(0.4) 107(6.7) 1.3 76.7

Mixed χ2 DynAMO-Grad. 14.6(2.8) 51.9(0.4) 99.2(0.7) 85.2(2.1) 85.2(1.6) 34.0(1.1) 2.3 61.7

Adam 23.7(2.8) 51.1(3.5) 95.5(5.3) 79.3(21.2) 94.8(0.7) 103(6.3) 2.0 74.5
DynAMO-Adam 14.7(1.9) 46.2(0.5) 98.7(1.2) 85.9(1.8) 94.9(0.4) 108(7.2) 1.7 74.7

Mixed χ2 DynAMO-Adam 20.4(3.3) 51.9(0.4) 87.3(57.9) 85.2(2.1) 85.2(1.6) 34.0(1.1) 2.3 60.7

CMA-ES 16.5(2.1) 47.8(1.0) 96.5(0.7) 73.0(18.0) 100(0.0) 100(0.0) 2.3 72.3
DynAMO-CMA-ES 12.9(0.8) 48.0(1.6) 96.7(3.5) 81.8(13.4) 94.5(0.7) 112(7.8) 2.0 74.3

Mixed χ2 DynAMO-CMA-ES 23.0(1.6) 51.8(0.4) 98.0(0.9) 83.8(9.9) 87.1(2.1) 48.6(16.8) 1.7 65.4

BO-qUCB 21.6(0.3) 51.7(0.2) 97.9(0.4) 85.3(1.1) 93.8(0.6) 98.8(1.1) 1.8 74.8
DynAMO-BO-qUCB 21.4(0.5) 51.7(0.2) 97.1(0.5) 85.3(1.1) 94.7(0.2) 109(4.5) 2.0 76.6

Mixed χ2 DynAMO-BO-qUCB 19.8(0.3) 52.0(0.1) 97.4(0.4) 85.6(1.3) 79.8(3.5) 14.9(3.3) 2.2 58.2

L1 Coverage@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.42 0.31 1.42 0.68 6.26 0.58 — —

Grad. 0.16(0.10) 0.20(0.13) 0.21(0.10) 0.42(0.18) 0.00(0.00) 0.00(0.00) 3.0 -1.44
DynAMO-Grad. 0.36(0.04) 0.52(0.06) 1.46(0.38) 2.49(0.06) 6.47(1.24) 5.85(1.35) 1.3 1.25

Mixed χ2 DynAMO-Grad. 0.16(0.09) 0.54(0.02) 0.87(0.58) 2.20(0.10) 6.67(1.68) 1.61(0.03) 1.7 0.40

Adam 0.11(0.06) 0.22(0.09) 0.23(0.15) 0.48(0.31) 0.27(0.55) 0.24(0.49) 3.0 -1.35
DynAMO-Adam 0.33(0.05) 0.55(0.03) 1.44(0.39) 2.40(0.16) 7.06(0.73) 6.91(0.71) 1.0 1.50

Mixed χ2 DynAMO-Adam 0.16(0.09) 0.54(0.02) 0.47(0.31) 2.20(0.10) 6.67(1.68) 1.61(0.03) 2.0 0.33

CMA-ES 0.33(0.05) 0.48(0.04) 2.18(0.04) 1.82(0.12) 3.26(1.42) 3.77(1.36) 2.3 0.36
DynAMO-CMA-ES 0.40(0.03) 0.56(0.01) 1.82(0.72) 2.54(0.05) 4.75(2.16) 3.29(1.56) 1.7 0.62

Mixed χ2 DynAMO-CMA-ES 0.30(0.09) 0.52(0.05) 1.56(0.68) 1.97(0.19) 5.58(1.68) 4.03(3.01) 2.0 0.71

BO-qUCB 0.40(0.02) 0.54(0.01) 2.40(0.05) 2.52(0.07) 7.78(0.04) 6.64(0.09) 2.5 1.77
DynAMO-BO-qUCB 0.40(0.02) 0.55(0.01) 2.47(0.07) 2.54(0.05) 7.88(0.03) 7.80(0.23) 1.2 2.00

Mixed χ2 DynAMO-BO-qUCB 0.39(0.02) 0.56(0.01) 2.41(0.05) 2.53(0.06) 5.96(0.78) 1.38(0.11) 2.3 0.59
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π = π̂)997

Ex∼qπ(x) |r(x)− rθ(x)| ≤
ε0
2

+M

√
2 log(2|Π|/δ)

n
(69)

where n := |D| is the number of datums in the offline dataset D.998

Proof. Under Assumption D.4, Jensen’s inequality gives us999

Ex∼pτ (x) |r(x)− rθ(x)| ≤
√
Ex∼pτ (x)[r(x)− rθ(x)]2 ≤

√
ε20
4

=:
ε0
2

(70)

Furthermore, Assumption D.6 and Cortes et al. (2010) yield1000 ∣∣∣Ex∼pτ (x) |r(x)− rθ(x)| − Ex∼qπ(x) |r(x)− rθ(x)|
∣∣∣

=

∣∣∣∣Ex∼pτ (x) |r(x)− rθ(x)| − Ex∼pτ
D(x)

[
qπ(x)

pτD(x)

∣∣∣r(x)− rθ(x)
∣∣∣]∣∣∣∣

≤M

√
2 log(2|Π|/δ)

n

(71)

with probability at least 1− δ. In the offline setting (as in our work) and assuming that the forward1001

surrogate model rθ(x) has been well-trained according to (2) or a similar learning paradigm (e.g., see1002

Trabucco et al. (2021); Yu et al. (2021)), we can reasonably assume that ε20 ≤ Ex∼qπ(x)[r(x)−rθ(x)]2.1003

We therefore have an upper bound on the prediction error of the forward surrogate model over the1004

distribution qπ(x) over generated designs:1005

Ex∼qπ(x) |r(x)− rθ(x)| ≤ Ex∼pτ (x) |r(x)− rθ(x)|+M

√
2 log(2|Π|/δ)

n

≤ ε0
2

+M

√
2 log(2|Π|/δ)

n

(72)

with probability at least 1− δ.1006

Under Assumption D.6, we can also place an upper bound on the true and realized KL-divergence1007

penalties:1008

Lemma D.8 (Bounded KL-Divergence). Assume there exists an M ∈ R+ finite satisfying Assump-1009

tion D.6. Then with probability at least 1 − δ we have (for any δ > 0 and for both π = π⋆ and1010

π = π̂)1011

|DKL(q
π(x)||pτ (x))−DKL(q

π(x)||pτD(x))| ≤M
√

log(|Π|/δ) (73)

Proof. According to the definition of M and the definition of the KL-divergence from Definition1012

C.1,1013

DKL(q
π(x)||pτ (x)) = Ex∼pτ (x)

[
qπ(x)

pτ (x)
log

(
qπ(x)

pτ (x)

)]
≤M logM (74)

From Hoeffding’s inequality (Hoeffding, 1963),1014

P (|DKL(q
π(x)||pτ (x))−DKL(q

π(x)||pτD(x))| ≥ ε) ≤ |Π| · exp
(
− 2ε2

M logM

)
(75)

for any ε > 0. We can choose to define ε :=
√

(M logM) · log(|Π|/δ)/2 such that1015

|DKL(q
π(x)||pτ (x))−DKL(q

π(x)||pτD(x))| ≤
√

(M logM) · log(|Π|/δ)√
2

≤
M
√
log(|Π|/δ)√

2
≤M

√
log(|Π|/δ)

(76)

with probability at least 1− δ.1016

We are now ready to prove our main result:1017
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Theorem D.9 (Bounded Diversity-Penalized Objective J⋆(π)). Assume that there exists an M ∈ R+1018

finite satisfying Assumption D.6. Then with probability at least 1− δ, we have (for any δ > 0)1019

J⋆(π⋆)− J⋆(π̂) ≤ ε0 + 2M

(
2√
n
+

β

τ

)√
log

(
8|Π|
δ

)
(77)

where n := |D| is the size of the offline dataset D.1020

Proof. Firstly, we combine Lemmas D.7 and D.8 using the triangle inequality to bound the difference1021

between the true reward J⋆(π̂) and the offline reward J(π̂), where π̂ ∈ Π maximizes J(π) as defined1022

in (5).1023

J(π̂)− J⋆(π̂) :=

(
Ex∼qπ̂(x)[rθ(x)]−

β

τ
DKL(q

π̂(x)||pτD)
)

−
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π̂(x)||pτ (x))
)

≤ Ex∼qπ̂(x) |r(x)− rθ(x)|+
β

τ

∣∣DKL(q
π̂(x)||pτ (x))−DKL(q

π̂(x)||pτ (x))
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≤
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2

+M

√
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n

)
+M · β

τ

√
log(4|Π|/δ)
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2

+M

(
2√
n
+

β

τ

)√
log

(
8|Π|
δ

)
(78)

with probability 1− (δ/2). Because π̂ := argmaxπ∈ΠJ(π), we must have J(π⋆) ≤ J(π̂). Substitut-1024

ing this into the left hand side of (78) gives1025

J(π⋆)− J⋆(π̂) ≤ ε0
2

+M

(
2√
n
+

β

τ

)√
log

(
8|Π|
δ

)
(79)

Separately, we have (with probability 1− (δ/2))1026

J⋆(π⋆)− J(π⋆) :=

(
Ex∼qπ⋆ (x)[r(x)]−
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DKL(q
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(80)

following the derivation in (78) except for π⋆ (as opposed to π̂) that maximizes J⋆(π) (as opposed to1027

J(π)). Summing (79) and (80) gives1028

J⋆(π⋆)− J⋆(π̂) ≤ ε0 + 2M

(
2√
n
+

β

τ

)√
log

(
8|Π|
δ

)
(81)

with probability 1− δ.1029

Note that we only prove Theorem D.9 in the unconstrained optimization setting; in principle, a1030

tighter bound could exist in the adversarially constrained formulation introduced in (7), as a bound1031

on the 1-Wasserstein distance between qπ̂(x) and pτD(x) will almost surely place a favorably tighter1032

bound on the forward surrogate model prediction error than Lemma D.7.1033
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D.5 Comparison with Offline Model-Free Optimization Methods1034

In our main experimental results reported in Section 5, we focus on comparing DynAMO against other1035

model-based optimization (MBO) methods—that is, optimization methods that explicitly (1) learn a1036

proxy forward surrogate model rθ(x) for the oracle reward function from the offline dataset; and (2)1037

optimize against rθ(x) and rank final candidate designs according to a scoring metric involving rθ.1038

Alternatively, recent work have also proposed methods that instead do not learn a forward surrogate1039

model rθ(x); we refer to such methods as model-free algorithms.1040

Survey of Existing Model-Free and Additional Model-Based Methods. Mashkaria et al. (2023)1041

introduce BONET (i.e., Black-box Optimization Networks), which learns an auto-regressive model1042

on synthetically constructed optimization trajectories that simulate runs of implicit black-box opti-1043

mization experiments. The auto-regressive model is trained to learn a rollout of monotonic transitions1044

from low- to high- scoring design candidates using the offline dataset. Nguyen et al. (2023) pro-1045

pose ExPT (i.e., Experiment Pretrained Transformers) as a task-agnostic method of pre-training a1046

transformer foundation model to learn an inverse modeling of designs from input reward scores and1047

associated contexts. DDOM (i.e., Denoising Diffusion Optimization Models) learns a generative1048

diffusion model conditioned on the oracle reward values in the offline dataset (Krishnamoorthy1049

et al., 2023). Similarly, GTG (i.e., Guided Trajectory Generation) trains a diffusion model to learn1050

from synthetically constructed optimization trajectories conditioned on final scores. MINs (i.e.,1051

Model Inversion Networks) from Kumar & Levine (2019) learn and optimize against an inverse1052

mapping from reward scores to candidate designs.2 Tri-Mentoring and ICT (i.e., Importance-aware1053

Co-Teaching) co-learn an ensemble of multiple surrogate models (Chen et al., 2023a; Yuan et al.,1054

2023). Separately, PGS (i.e., Policy-Guided Search) from Chemingui et al. (2024) learns a policy1055

to optimize against a surrogate model (although only limit their method to first-order optimization1056

algorithms), and Match-Opt from Hoang et al. (2024) proposes a black-box gradient matching1057

algorithm to learn better forward surrogate mdoels. Finally, RGD (i.e., Robust-Guided Diffusion)1058

uses a forward surrogate model to guide the generative sampling process from a diffusion model1059

(Chen et al., 2024). Other model-free optimization methods have been proposed specifically for1060

the biological sequence design problems (Kim et al., 2023; Chen et al., 2023b; Jain et al., 2022);1061

we exclude these from our analysis and instead focus on task-agnostic optimization algorithms.1062

We also exclude Design Editing for offline Model-based Optimization (DEMO) from Yuan et al.1063

(2024), Noise-intensified Telescoping density-Ratio Estimation (NTRE) from Yu et al. (2024), and1064

Ranking Models (RaM) from Tan et al. (2024) from our analysis since there are no presently available1065

open-source implementations.1066

Experimental Results. We compare representative implementations of DynAMO (i.e., DynAMO1067

with Gradient Ascent (DynAMO-Grad.), Bayesian optimization with Upper Confidence Bound1068

acquisition function (DynAMO-BO-qUCB), and Covariance Matrix Adaptation Evolution Strat-1069

egy (DynAMO-CMA-ES)) against other model-based optimization methods using the respective1070

backbone optimizer described by the original authors (i.e., RoMA from Yu et al. (2021) using Adam1071

Ascent, COMs from Trabucco et al. (2021) using Gradient Ascent, ROMO from Chen et al. (2023c)1072

using Gradient Ascent, GAMBO from Yao et al. (2024) using BO-qEI) against model-free opti-1073

mization methods in Supplementary Tables A6-A8. We find that DynAMO-augmented optimizers1074

can be competitive in proposing high-quality designs—in particular, DynAMO-BO-qUCB achieves1075

both the second best Rank and Optimality Gap across all six tasks according to the Best@128 oracle1076

score metric. However, the improvement in diversity of designs using DynAMO is significant:1077

DynAMO-BO-qUCB achieves the best Rank and Optimality gap according to both the Pairwise1078

Diversity and L1 Coverage metrics, and DynAMO-Grad. achieves the best Rank and Optimality gap1079

according to the Minimum Novelty metric. Furthermore, DynAMO-BO-qUCB attains the best mean1080

Pairwise Diversity score compared to the model-free optimization methods evaluated in 5 out of the 61081

tasks assessed. Altogether, our results suggest that DynAMO is a promising technique to propose1082

a diverse set of high-quality designs compared with existing state-of-the-art offline optimization1083

methods.1084

2One might argue that MINs (Kumar & Levine, 2019) are also a form of model-based optimization, as the
method involves learning a surrogate function f−1

θ : R → X . However, the method proposes a design x given
an input score value, and therefore does not make available an output proxy score by which to rank candidate
designs. We therefore include MINs as a model-free optimization algorithm.
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Table A6: Comparison of Design Quality Against Model-Free Optimization Methods. We
evaluate DynAMO and other model-based optimization methods against model-free optimization
methods. We report the maximum (resp., median) oracle score achieved out of 128 evaluated designs
in the top (resp., bottom) table. Metrics are reported mean(95% confidence interval) across 10 random seeds,
where higher is better. max(D) reports the top oracle score in the offline dataset. All metrics are
multiplied by 100 for easier legibility. Bolded entries indicate average scores with an overlapping 95%
confidence interval to the best performing method. Bolded (resp., Underlined) Rank and Optimality
Gap (Opt. Gap) metrics indicate the best (resp., second best) for a given backbone optimizer.

Best@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 43.9 59.4 60.5 88.9 40.0 88.4 — —

Grad. 90.0(4.3) 80.9(12.1) 60.2(8.9) 88.8(4.0) 36.0(6.8) 65.6(14.5) 16.0 6.8
BO-qUCB 88.1(5.3) 86.2(0.1) 66.4(0.7) 121(1.3) 51.3(3.6) 84.5(0.8) 7.3 19.4

CMA-ES 87.6(8.3) 86.2(0.0) 66.1(1.0) 106(5.9) 49.0(1.0) 72.2(0.1) 10.2 14.4
BONET 95.5(0.0) 92.9(0.1) 63.3(0.0) 97.3(0.0) 39.0(0.7) 93.7(0.2) 8.0 16.8
DDOM 93.0(3.6) 85.3(0.5) 63.5(0.4) 87.9(0.6) 44.7(2.2) 63.0(12.1) 13.0 9.4

ExPT 89.3(5.7) 84.2(2.4) 63.3(0.0) 93.0(0.8) 48.5(11.0) 82.3(2.3) 12.0 13.3
MINs 89.0(3.4) 68.3(0.6) 63.9(0.9) 93.1(0.7) 45.8(2.1) 91.5(1.1) 11.2 11.8
GTG 92.1(0.0) 70.2(0.0) 63.3(0.0) 85.0(0.0) 52.5(0.0) 96.4(0.0) 9.7 13.1

Tri-Mentoring 82.4(0.0) 66.6(0.0) 68.4(0.0) 88.9(0.0) 50.9(1.1) 94.0(0.0) 10.2 11.7
ICT 93.3(3.4) 66.6(0.0) 68.4(0.0) 88.9(0.0) 48.9(1.4) 95.5(1.1) 9.0 13.4
PGS 79.6(7.5) 67.1(0.8) 68.4(0.0) 88.9(0.0) 54.8(0.8) 72.3(0.0) 11.3 8.3

Match-Opt 90.9(3.4) 68.4(0.8) 63.3(0.1) 87.8(0.6) 35.2(2.3) 72.2(0.1) 15.5 6.2
RGD 87.9(4.2) 68.7(0.6) 63.4(0.2) 90.2(0.3) 43.0(2.7) 88.5(1.1) 13.2 10.1

COMs 93.1(3.4) 67.0(0.9) 64.6(1.0) 97.1(1.6) 41.2(4.8) 91.8(0.9) 10.2 12.3
RoMA 96.5(0.0) 77.8(0.0) 63.3(0.0) 84.7(0.0) 49.8(1.4) 95.7(1.6) 9.7 14.5
ROMO 98.1(0.7) 66.8(1.0) 63.0(0.8) 91.8(0.9) 38.7(2.5) 87.8(0.9) 12.7 10.9

GAMBO 94.1(1.9) 86.3(0.2) 66.8(0.7) 121(0.0) 50.8(3.3) 86.7(1.1) 4.8 20.8

DynAMO-Grad. 90.3(4.7) 86.2(0.0) 64.4(2.5) 91.2(0.0) 44.2(7.8) 89.8(3.2) 9.5 14.2
DynAMO-BO-qUCB 95.1(1.9) 86.2(0.0) 66.7(1.5) 121(0.0) 48.1(4.0) 86.9(4.5) 6.3 20.5

DynAMO-CMA-ES 89.8(3.6) 85.7(5.8) 63.9(0.9) 117(6.7) 50.6(4.8) 78.5(5.5) 9.3 17.5

Median@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 33.7 42.8 50.9 87.6 6.7 77.8 — —

Grad. 58.1(6.1) 58.6(13.1) 59.3(8.6) 85.3(7.7) 36.0(6.7) 65.1(14.4) 10.7 10.5
BO-qUCB 50.3(1.8) 62.1(3.4) 63.3(0.0) 86.6(0.6) 31.7(1.2) 74.4(0.6) 6.8 11.5

CMA-ES 50.7(2.7) 71.7(10.4) 63.3(0.0) 83.9(1.0) 37.9(0.7) 59.3(10.9) 7.2 11.2
BONET 53.1(0.0) 46.5(0.6) 63.3(0.0) 91.2(0.1) 37.9(0.0) 92.1(0.0) 5.2 14.1
DDOM 55.9(0.7) 57.6(0.8) 63.3(0.0) 83.4(0.1) 21.9(1.7) 57.6(13.2) 12.2 6.7

ExPT 44.7(6.8) 57.0(4.8) 63.3(0.0) 89.8(3.3) 34.1(12.3) 67.8(14.1) 9.3 9.5
MINs 41.3(1.2) 58.0(0.5) 63.3(0.0) 88.3(0.3) 32.3(1.6) 68.9(15.9) 9.7 8.8
GTG 43.4(0.3) 64.2(0.0) 63.3(0.0) 83.1(0.0) 28.0(0.0) 90.6(0.0) 9.3 12.2

Tri-Mentoring 46.1(0.0) 61.1(0.0) 63.3(0.0) 88.9(0.0) 34.2(1.2) 88.4(0.0) 6.5 13.7
ICT 59.5(3.0) 61.1(0.0) 57.1(0.0) 88.9(0.0) 37.0(1.2) 88.4(0.1) 7.0 15.4
PGS 40.7(2.6) 60.3(0.7) 58.4(0.0) 88.9(0.0) 28.2(0.5) 70.9(0.7) 12.3 8.0

Match-Opt 40.7(1.2) 57.9(0.5) 63.3(0.0) 83.2(0.1) 14.5(0.9) 60.5(9.0) 15.0 3.4
RGD 41.1(1.3) 57.4(0.9) 63.3(0.0) 86.4(0.1) 20.7(0.6) 70.9(1.8) 12.3 6.7

COMs 43.9(0.0) 59.0(0.5) 63.3(0.0) 93.2(7.7) 21.3(5.6) 89.9(1.0) 8.5 11.8
RoMA 50.1(4.3) 77.4(0.0) 63.3(0.0) 84.7(0.0) 34.9(1.8) 63.7(6.2) 7.3 12.4
ROMO 58.7(3.3) 37.7(0.3) 27.4(1.2) 61.8(2.6) 27.0(0.6) 46.0(11.7) 15.8 -6.8

GAMBO 46.4(1.8) 63.4(3.3) 63.3(0.0) 86.3(0.5) 28.9(1.1) 79.1(0.7) 7.8 11.3

DynAMO-Grad. 47.0(2.8) 69.8(6.0) 61.9(2.2) 85.9(0.4) 23.4(8.5) 68.7(12.1) 11.0 9.5
DynAMO-BO-qUCB 48.8(1.8) 65.9(3.7) 63.3(0.0) 86.5(0.5) 22.7(2.0) 50.4(14.6) 9.7 6.3

DynAMO-CMA-ES 45.3(2.4) 65.8(8.9) 59.3(3.8) 99.0(12.1) 22.5(5.1) 60.6(15.0) 11.0 8.8

D.6 Empirical Computational Cost Analysis1085

To evaluate the empirical cost associated with running DynAMO, we report both the runtime and1086

maximum GPU utilization of optimization methods both with and without DynAMO augmentation1087

in Supplementary Table A9. Briefly, all experimental results reported in Supplementary Table A91088

were conducted on one internal cluster with 8 NVIDIA RTX A6000 GPUs, and one 24-core Intel1089

Xeon CPU—however, only a single GPU was made available for each program instance reported in1090

our experiments. Across all six optimization methods evaluated, DynAMO increases the runtime1091
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Table A7: Comparison of Design Diversity Against Model-Free Optimization Methods. We
evaluate DynAMO and other model-based optimization methods against model-free optimization
methods. We report the pairwise diversity (resp., minimum novelty) oracle score achieved by the 128
evaluated designs in the top (resp., bottom) table. Metrics are reported mean(95% confidence interval) across
10 random seeds, where higher is better. All metrics are multiplied by 100 for easier legibility. Bolded
entries indicate average scores with an overlapping 95% confidence interval to the best performing
method. Bolded (resp., Underlined) Rank and Optimality Gap (Opt. Gap) metrics indicate the best
(resp., second best) for a given backbone optimizer.

Pairwise Diversity@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 65.9 57.3 60.0 36.7 66.0 85.7 — —

Grad. 12.5(8.0) 7.8(8.8) 7.9(7.8) 24.1(13.3) 0.0(0.0) 0.0(0.0) 18.7 -53.2
BO-qUCB 73.9(0.5) 74.3(0.4) 99.4(0.1) 93.6(0.5) 198(10.3) 94.1(3.9) 3.8 43.5
CMA-ES 47.2(11.2) 44.6(15.9) 93.5(2.0) 66.2(9.4) 12.8(0.6) 164(10.6) 10.8 9.5
BONET 46.7(2.5) 24.6(0.4) 14.9(1.6) 5.5(0.2) 0.2(0.0) 0.1(0.0) 17.3 -46.6
DDOM 51.3(1.0) 47.1(0.3) 21.9(3.6) 97.2(0.0) 1.9(0.1) 50.7(13.1) 12.5 -16.9

ExPT 15.3(5.6) 16.5(1.6) 21.3(1.8) 5.3(0.7) 8.1(2.3) 0.2(0.0) 17.5 -50.8
MINs 67.0(0.3) 56.8(0.4) 53.5(3.1) 34.1(2.6) 84.6(21.1) 4.3(0.3) 11.8 -11.9
GTG 60.9(0.0) 44.6(0.0) 2.8(0.0) 0.9(0.0) 114.8(0.1) 2.7(0.0) 15.0 -24.2

Tri-Mentoring 58.5(0.0) 57.6(0.0) 85.5(0.0) 39.9(0.0) 47.7(0.0) 62.5(0.0) 10.5 -3.3
ICT 44.8(6.0) 57.5(0.0) 89.9(1.8) 70.3(8.6) 78.9(3.7) 164(0.8) 9.3 22.3
PGS 65.8(1.6) 57.4(0.3) 63.2(0.0) 39.9(0.0) 36.7(0.6) 162(0.7) 10.5 8.9

Match-Opt 65.1(0.4) 55.9(0.1) 99.8(0.0) 97.2(0.0) 10.9(0.4) 202(0.5) 7.5 26.6
RGD 67.1(0.2) 58.4(0.2) 99.8(0.0) 97.3(0.0) 88.4(3.8) 76.2(0.7) 5.0 19.3

COMs 66.6(1.0) 57.4(0.2) 81.6(4.9) 3.8(0.9) 99.5(25.8) 21.1(23.5) 10.7 -6.9
RoMA 21.3(0.3) 3.8(0.0) 5.9(0.2) 1.8(0.0) 49.4(6.1) 14.8(0.6) 17.2 -45.8
ROMO 62.1(0.8) 57.1(0.1) 53.9(0.6) 48.7(0.1) 51.7(31.7) 22.1(5.5) 11.5 -12.7

GAMBO 74.0(0.6) 74.3(0.4) 99.3(0.1) 93.3(0.4) 193(1.2) 17.7(3.5) 5.5 30.0

DynAMO-Grad. 66.9(6.9) 68.2(10.8) 77.2(21.5) 93.0(1.2) 129(55.3) 104(56.1) 6.8 27.8
DynAMO-BO-qUCB 74.3(0.5) 74.4(0.6) 99.3(0.1) 93.5(0.6) 211(22.8) 175(44.7) 2.8 59.4

DynAMO-CMA-ES 73.6(0.6) 73.1(3.1) 72.0(3.1) 94.0(0.5) 97.8(13.2) 292(83.5) 5.2 55.2

Minimum Novelty@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.0 0.0 0.0 0.0 0.0 0.0 — —

Grad. 21.2(3.0) 51.7(2.9) 97.4(3.9) 79.5(19.7) 95(0.7) 102.2(6.1) 5.8 74.5
BO-qUCB 21.6(0.3) 51.7(0.2) 97.9(0.4) 85.3(1.1) 93.8(0.6) 98.8(1.1) 6.0 74.8
CMA-ES 16.5(2.1) 47.8(1.0) 96.5(0.7) 73.0(18.0) 100(0.0) 100(0.0) 7.8 72.3
BONET 94.6(1.3) 38.8(0.1) 41.2(0.3) 10.3(0.1) 1.3(0.0) 1.1(0.0) 14.7 31.2
DDOM 11.1(0.4) 38.6(0.1) 96.5(0.9) 94.2(0.1) 98.0(0.1) 100(0.0) 9.3 73.1

ExPT 11.1(1.6) 39.0(0.7) 54.2(2.0) 15.6(1.2) 69.8(6.8) 3.5(0.9) 15.2 32.2
MINs 12.2(0.4) 38.3(0.2) 48.7(2.9) 22.1(1.7) 6.1(1.1) 0.6(0.1) 16.5 21.3
GTG 13.8(0.0) 37.8(0.0) 99.3(0.0) 99.4(0.0) 67.7(0.0) 0.2(0.0) 10.5 53.0

Tri-Mentoring 13.9(0.0) 31.8(0.0) 74.7(0.0) 75.5(0.0) 44.0(0.0) 64.3(0.0) 14.3 50.7
ICT 19.3(1.2) 31.7(0.1) 70.8(0.4) 75.6(0.0) 46.2(0.4) 66.2(0.7) 13.2 51.6
PGS 11.5(0.4) 33.1(1.8) 16.0(0.0) 15.8(0.0) 45.0(0.2) 74.8(1.1) 16.3 32.7

Match-Opt 12.1(0.5) 40.0(0.1) 98.5(0.1) 94.9(0.1) 91.9(0.1) 85.8(2.6) 8.7 70.5
RGD 12.3(0.5) 39.0(0.2) 98.6(0.1) 94.2(0.1) 90.4(0.3) 90.5(2.3) 8.5 70.9

COMs 10.9(0.3) 31.7(0.8) 52.4(11.0) 13.7(1.1) 99.6(0.3) 100(0.0) 14.0 51.4
RoMA 18.3(0.5) 40.1(0.2) 18.9(0.2) 95.3(0.0) 47.6(2.4) 5.1(0.2) 11.0 37.6
ROMO 16.1(0.5) 32.9(0.1) 5.0(0.7) 23.1(0.0) 78.5(0.5) 153.3(0.4) 12.3 51.5

GAMBO 15.4(0.3) 51.8(0.2) 97.8(0.3) 84.9(0.9) 85.1(0.4) 14.3(1.5) 8.8 58.2

DynAMO-Grad. 21.1(1.1) 52.2(1.3) 98.6(1.5) 85.8(1.0) 95.0(0.4) 107.2(6.7) 3.8 76.7
DynAMO-BO-qUCB 21.4(0.5) 51.7(0.2) 97.1(0.5) 85.3(1.1) 94.7(0.2) 109(4.5) 5.3 76.6

DynAMO-CMA-ES 12.9(0.8) 48.0(1.6) 96.7(3.5) 81.8(13.4) 94.5(0.7) 112(7.8) 7.8 74.3

(resp., maximum GPU usage) of the optimization method (averaged over all six tasks) by a mean1092

of 181.7% (resp. 1.9%). While our experiments reveal that DynAMO is indeed associated with1093

additional computational costs, they also show that DynAMO is empirically tractable to run even1094

using a single GPU. Furthermore, we note that as discussed by Yao et al. (2024) and others, the1095

primary real-world application of offline optimization solvers is in generative design tasks where the1096

true oracle reward function is prohibitively expensive or inaccessible. In these settings, we argue1097

that it is often worth leveraging additional compute to use DynAMO (or other offline optimization1098

methods) to generate the best results possible before final oracle evaluation.1099
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Table A8: Comparison of Design Diversity Against Model-Free Optimization Methods (cont.).
We evaluate DynAMO and other model-based optimization methods against model-free optimization
methods. We report the L1 coverage score achieved by the 128 evaluated designs. Metrics are
reported mean(95% confidence interval) across 10 random seeds, where higher is better. All metrics are
multiplied by 100 for easier legibility. Bolded entries indicate average scores with an overlapping 95%
confidence interval to the best performing method. Bolded (resp., Underlined) Rank and Optimality
Gap (Opt. Gap) metrics indicate the best (resp., second best) for a given backbone optimizer.

L1 Coverage@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.42 0.31 1.42 0.68 6.26 0.58 — —

Grad. 0.16(0.10) 0.20(0.13) 0.21(0.10) 0.42(0.18) 0.00(0.00) 0.00(0.00) 19.5 -1.44
BO-qUCB 0.40(0.02) 0.54(0.01) 2.40(0.05) 2.52(0.07) 7.79(0.04) 6.64(0.09) 4.3 1.77

CMA-ES 0.33(0.05) 0.48(0.04) 2.18(0.04) 1.82(0.12) 3.26(1.42) 3.78(1.36) 8.5 0.36
BONET 0.11(0.00) 0.22(0.00) 0.72(0.02) 0.54(0.00) 0.03(0.00) 0.07(0.00) 17.8 -1.33
DDOM 0.43(0.01) 0.29(0.00) 0.68(0.05) 0.85(0.02) 9.24(0.23) 0.66(0.11) 10.8 0.41

ExPT 0.22(0.05) 0.25(0.01) 0.60(0.03) 0.29(0.03) 0.45(0.01) 0.10(0.00) 18.0 -1.29
MINs 0.43(0.02) 0.30(0.01) 1.32(0.03) 0.70(0.03) 0.86(0.13) 0.43(0.01) 11.0 -0.94
GTG 0.42(0.00) 0.30(0.00) 1.61(0.00) 1.96(0.00) 8.77(0.00) 0.31(0.00) 8.7 0.62

Tri-Mentoring 0.48(0.00) 0.30(0.00) 1.08(0.00) 0.53(0.00) 1.94(0.00) 3.79(0.00) 10.8 -0.26
ICT 0.34(0.02) 0.30(0.00) 0.90(0.02) 0.80(0.05) 0.56(0.01) 3.73(0.02) 12.8 -0.51
PGS 0.45(0.04) 0.30(0.01) 1.40(0.00) 0.60(0.00) 1.92(0.00) 3.66(0.04) 10.0 -0.22

Match-Opt 0.41(0.01) 0.32(0.01) 0.69(0.01) 0.86(0.02) 5.26(0.02) 5.22(0.07) 8.7 0.52
RGD 0.42(0.01) 0.33(0.00) 0.69(0.01) 0.86(0.02) 4.08(0.13) 4.90(0.07) 9.0 0.27

COMs 0.49(0.02) 0.31(0.00) 1.11(0.16) 0.61(0.09) 0.37(0.11) 0.81(0.76) 11.0 -1.00
RoMA 0.28(0.00) 0.46(0.01) 0.41(0.02) 0.42(0.01) 1.87(0.06) 0.79(0.01) 14.8 -0.91
ROMO 0.33(0.02) 0.30(0.00) 1.31(0.02) 0.62(0.02) 0.34(0.16) 6.13(2.81) 11.8 -0.11

GAMBO 0.40(0.03) 0.55(0.01) 2.38(0.10) 2.53(0.05) 7.45(0.01) 1.29(0.08) 6.3 0.82

DynAMO-Grad. 0.36(0.04) 0.53(0.06) 1.46(0.38) 2.50(0.06) 6.47(1.24) 5.85(1.35) 6.7 1.25
DynAMO-BO-qUCB 0.40(0.03) 0.55(0.01) 2.47(0.07) 2.54(0.04) 7.88(0.03) 7.80(0.23) 2.8 2.00

DynAMO-CMA-ES 0.40(0.03) 0.56(0.01) 1.82(0.72) 2.54(0.05) 4.75(2.16) 3.29(1.56) 6.3 0.62

D.7 τ -Weighted Distribution Visualization1100

In Definition 3.1, we define the τ -weighted probability distribution to serve as the reference distribu-1101

tion for a generative policy to learn from in (7). This reference probability distribution is important1102

and should ideally capture the diversity of high-quality designs contained in the offline dataset. To1103

investigate if this is indeed the case, we plot the empirical τ -weighted distributions for each of the six1104

offline optimization tasks in our experimental evaluation suite using τ = 1.0, which is the value of1105

the temperature hyperparameter used in our experiments in Table 1. The resulting plots are shown in1106

Figure A1; in general, we can see that our τ -weighted reference distributions weight optimal and1107

near-optimal designs more heavily (i.e., a distribution with negative skew), while still capturing a1108

variety of different possible designs.1109

D.8 Distribution Analysis of Quality and Diversity Results1110

In our experimental results in the main text and in the Appendices, we primarily focus on reporting1111

summative statistics: for example, the Best@128 oracle score and the average Pairwise Diversity1112

metric over the final batch of k = 128 samples. In this section, we isolate a single representative1113

experimental run and plot the distribution of scores achieved by all k = 128 designs from a single1114

experimental run to better interrogate the robustness and empirical properties of DynAMO.1115

In Supplementary Figure A2, we first plot the distributions of the oracle reward score r(xF
i ) and1116

minimum novelty score minx′∈D d(xF
i , x

′) achieved by each of the k = 128 designs in the set1117

{xF
i }ki=1 proposed by the CMA-ES optimizer with and without DynAMO augmentation in a single1118

experimental run. (Recall that D is the static, offline dataset of reference designs and d(·, ·) is the1119

normalized Levenshtein distance metric for this task.) We see that in general, DynAMO not only1120

enables the optimizer to discover more optimal designs with higher probability, but also yields a1121

wider-tailed distribution of oracle scores compared to the baseline method. Separately, we see that1122

DynAMO augmentation decreases both the median and mode Minimum Novelty score compared to1123

the baseline method, in agreement with our discussion in Appendix D.2.1124
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Table A9: Computational Requirements of DynAMO. To evaluate the computational cost of
augmenting an MBO problem with DynAMO, we compare both the total runtime and maximum
GPU utilization of vanilla optimizers with that of their DynAMO equivalents on six MBO problems.
Runtime is reported mean(95% confidence interval) in seconds across 10 random seeds. Maximum GPU
utilization is reported for a single experimental run. The average metric across all six tasks is reported
in the final column.

Runtime (seconds) TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Average ↓

Grad. 58.1(24.6) 240.0(11.1) 104.7(8.3) 458.7(28.2) 24.7(3.7) 10357(2044) 1874
DynAMO-Grad. 517.0(68.7) 2686(868.3) 297.0(100.0) 1091(243.1) 917.5(554.4) 13302(4301) 3135

Adam 26.1(0.5) 249.2(17.5) 75.3(13.2) 748.2(34.6) 24.4(2.6) 8797(1333) 1653
DynAMO-Adam 646.7(185.6) 616.6(106.1) 709.6(410.3) 953.7(140.9) 6941(205) 24444(2466) 5719

CMA-ES 109.4(66.0) 130.0(3.2) 66.0(1.4) 604.1(12.4) 20.0(0.3) 14027(2651) 2493
DynAMO-CMA-ES 10744(7904) 9551(2717) 751.3(381.0) 8088(1533) 4796(445) 13727(5870) 7943

BO-qUCB 186.9(36.4) 414.4(73.7) 289.8(80.0) 589.8(50.2) 524.9(232.5) 8424(1336) 1738
DynAMO-BO-qUCB 408.4(66.3) 1531(146.6) 932.3(323.1) 1525(357.1) 2100(1547) 11648(5091) 3024

Max GPU Utilization (MB) TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Average ↓
Grad. 307.9 786.8 503.9 1920 133.6 131.7 630.7

DynAMO-Grad. 374.1 994.8 503.9 1920 208.3 160.1 693.6

Adam 307.9 786.8 503.9 1920 133.6 131.7 630.7
DynAMO-Adam 374.4 995.0 503.9 1920 208.4 160.1 693.7

CMA-ES 307.9 786.8 503.9 1920 133.6 131.7 630.7
DynAMO-CMA-ES 307.9 786.8 503.9 1920 133.6 131.7 630.7

BO-qUCB 597.3 786.8 642.3 1920 712.4 879.5 923.1
DynAMO-BO-qUCB 516.2 786.8 646.9 1920 718.0 406.1 832.4

In the bottom row of Supplementary Figure A2, we visualize a heat map of pairwise diversity1125

scores; that is, the color of pixel (i, j) is correlated with the distance d(xF
i , x

F
j ) for any 1 ≤ i, j ≤ k1126

pair of generated designs proposed by the optimization method. Even a cursory visual inspection1127

reveals that DynAMO augmentation of the backbone CMA-ES optimizer significance improves the1128

pairwise diversity of candidate designs when compared to the baseline method.1129

D.9 Why Is Diversity Important?1130

Our principle motivation for obtaining a diverse sample of designs in offline MBO is to enable1131

downstream secondary exploration of other objectives that we might care about in real-world1132

applications. For example, given a batch of proposed candidates drugs that were optimized for1133

maximal therapeutic efficacy in treating a disease, we might then try to quantify each candidate’s1134

manufacturing cost, difficulty of synthesize, profile of potential side effects, and other objectives.1135

In this setting, obtaining highly similar designs from offline MBO may result in strong therapeutic1136

efficacy, but also equally unacceptable values of other secondary objectives.1137

To validate this motivating claim that diversity is important to obtain a wide range of secondary1138

objective values, we compare the range and variance of secondary objective values within a batch of1139

proposed candidate designs. We consider the following 3 offline MBO tasks:1140

1. Vehicle Safety is continuous, 5-dimensional optimization problem from Liao et al. (2008)1141

to find an optimal set of car dimensions that minimize the total Mass of the vehicle. The1142

problem initially stems from the multi-objective optimization literature (Blank & Deb, 2020;1143

Liao et al., 2008; Huo et al., 2022; Gonzalez de Oliveira et al., 2023), where the secondary1144

goals are to (1) minimize the worst-case Acceleration-induced biomechanical damage of1145

the car occupants in the event of a collision; and (2) minimize the worst-case toe board1146

Intrusion of the vehicle in the event of an ‘offset-frontal crash.’ We treat the Mass as1147

the offline MBO optimization objective and Acceleration and Intrusion as the downstream1148

secondary objectives. We negate all objective values prior to max-min normalization as1149

described in Appendix B to frame this as a maximization problem in accordance with the1150

setup in Table 1. An offline dataset of n = 800 designs was synthetically constructed, and1151

we used the oracle function from Liao et al. (2008) to compute all 3 objective values.1152
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Figure A1: Sample τ -Weighted Probability Distributions. We plot (τ = 1.0)-weighted distributions
pτD(y) (blue) versus the original distribution of oracle scores y in the public offline dataset D (orange)
for the 6 offline optimization tasks in our experimental evaluation suite: (1) TFBind8 (top left);
(2) UTR (top middle); (3) ChEMBL (top right); (4) Molecule (bottom left); (5) Superconductor
(bottom middle); and (6) D’Kitty (bottom right). DynAMO penalizes a model-based optimization
objective to encourage sampling policies to match the diversity of (high-scoring) designs in the
τ -weighted distribution. The x-axis represents the normalized oracle scores.

2. Welded Beam is a continuous, 4-dimensional optimization problem from Ray & Liew1153

(2002) to find an optimal set of dimensions for a welded steel beam that minimizes the total1154

manufacturing Cost. Similar to the Vehicle task, this problem was initially proposed in the1155

multi-objective optimization literature (Blank & Deb, 2020; Liao et al., 2008; Kamil et al.,1156

2021; Deb et al., 2006) where the secondary goal is to (1) minimize the end Deflection1157

of the beam.3 Again, we negate all objective values prior to max-min normalization as1158

described in Appendix B to frame this as a maximization problem. An offline dataset of1159

n = 800 designs was synthetically constructed, and we used the oracle function from Ray1160

& Liew (2002) to compute both objective values.1161

3. UTR is a discrete, 50-dimensional optimization problem from Angermüeller et al. (2020) and1162

Sample et al. (2019) with the goal of finding an optimal 50-bp DNA sequence that maximizes1163

the gene expression from a 5’ UTR DNA sequence. This is an offline MBO problem from1164

the Design-Bench benchmarking suite (Trabucco et al., 2022) that we use to evaluate offline1165

MBO algorithms in our main experimental results in Table 1 and elsewhere. However, a1166

secondary objective is to minimize the GC Content of the resulting DNA sequence, which1167

is correlated with the difficulty of cloning and sequencing the DNA sequence using standard1168

DNA amplification and analysis methods in the laboratory setting (Benita et al., 2003;1169

Yakovchuk et al., 2006; Gardner et al., 2002). To evaluate this secondary objective, we use1170

the same experimental setting as for the initial UTR experiments described in Appendix B1171

and evaluate the GC Content of the k = 128 proposed designs as the secondary objective1172

according to Benita et al. (2003).1173

3The original problem from Ray & Liew (2002) was proposed as a constrained optimization problem
with 5 sets of constraints on the maximum considered shear stress, bending stress, buckling load, and other
material testing parameters. To simplify our experimental setting, we consider the unconstrained version of the
optimization problem here.
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Figure A2: Distribution of Generated Design Quality and Diversity Scores. We plot the distribu-
tions of the (top left) oracle score; (top right) minimum novelty; and (bottom) pairwise diversity
of the k = 128 proposed designs from a single representative experimental run using the CMA-ES
backbone optimizers with and without DynAMO on the TFBind8 task. Dashed blue (resp., dotted
green) lines in the top panels represent the mean score achieved by the Baseline CMA-ES (resp.,
DynAMO-CMA-ES) method from the experimental run.

We used the standard deviation of secondary objective values achieved by a proposed set of designs1174

to quantify the range of secondary objective values, and the pairwise diversity metric (PD@128) to1175

quantify the diversity of designs. We evaluated both baseline and DynAMO-enhanced optimization1176

methods on the three tasks above (Supplementary Table A10). Our results consistently demonstrate1177

that a greater diversity score of the final proposed designs (i.e., higher PD@128 score) is correlated1178

with a greater range of captured secondary objective values. As a result, a diverse set of designs1179

(such as those proposed by DynAMO-enhanced optimization methods) can better enable downstream1180

evaluation of the trade-offs between different objectives for a given design.1181
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Table A10: Pairwise Diversity as a Predictor for Downstream Secondary Exploration. We
evaluate the pairwise diversity achieved by 128 proposed designs (PD@128); and also the variance of
the distribution of oracle secondary objective values of those same 128 proposed designs. Note that
the secondary objectives are not explicitly optimized against in the offline MBO setting. Metrics are
reported mean(95% confidence interval) across 10 random seeds, where higher is better (i.e., more diverse
designs and better capture of the range of secondary objective values). All metrics are multiplied by
100 for easier legibility.

Vehicle Safety Welded Beam UTR

Method PD@128 Acceleration Intrusion PD@128 Deflection PD@128 GC Content

Grad. 0.0(0.0) 0.1(0.0) 0.0(0.0) 0.0(0.0) 0.1(0.3) 7.8(8.8) 0.7(0.7)

DynAMO-Grad. 2.5(0.2) 12.6(0.5) 10.7(0.9) 19.6(33.3) 31.7(9.3) 68.2(10.8) 3.4(0.7)

Adam 0.0(0.0) 0.1(0.1) 0.1(0.1) 0.0(0.0) 1.5(1.6) 11.0(12.1) 4.0(5.9)

DynAMO-Adam 2.2(0.1) 12.6(0.6) 10.3(1.0) 11.1(3.5) 49.5(21.3) 72.3(3.4) 14.0(3.1)

CMA-ES 0.0(0.0) 0.5(0.2) 0.4(0.2) 0.1(0.1) 0.0(0.0) 44.6(15.9) 36.5(8.3)

DynAMO-CMA-ES 8.6(6.0) 28.5(10.8) 30.8(20.0) 43.9(6.0) 19.8(18.8) 73.1(3.1) 42.0(2.3)

BO-qUCB 1.2(0.1) 5.7(0.4) 6.1(0.4) 46.5(7.5) 7.8(0.2) 74.3(0.2) 45.3(0.4)

DynAMO-BO-qUCB 2.8(0.1) 12.3(0.2) 10.9(0.1) 63.9(4.2) 29.0(1.9) 74.4(0.6) 45.2(0.5)
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E Ablation Experiments1182

E.1 Sampling Batch Size Ablation1183

Recall from (7) that a key component of our DynAMO algorithm is the estimation of the empirical1184

KL-divergence between the τ -weighted probability distribution of real designs from the offline dataset1185

and the distribution of sampled designs from the generative policy. The latter distribution of generated1186

designs is fundamentally dependent on our sampling batch size b in Algorithm 1—the larger the1187

batch size per sampling step, the better our empirical estimate of the KL divergence between our1188

two distributions. However, as the batch size increases, there also exists a greater likelihood of1189

significant regret in the sampling policy when compared to the optimal sequential policy (Gonzalez1190

et al., 2016; Wilson et al., 2017). To better evaluate the impact of the sampling batch size parameter b1191

DynAMO, we experimentally evaluate sampling batch size values logarithmically ranging between1192

2 ≤ b ≤ 512. We use a BO-qEI sampling policy with the DynAMO-modified objective on the1193

TFBind8 optimization task, and evaluate both the Best@128 oracle score and Pairwise Diversity of1194

the 128 final proposed design candidates across 10 random seeds.1195

Our ablation experiment results are shown in Figure A3. We find that the Best@128 design quality1196

scores do not vary significantly as a function of the batch sizes that were evaluated; however, there1197

exists an optimal batch size (b = 64 in our experiments) that maximizes the diversity of designs1198

according to the pairwise diversity metric.1199
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Figure A3: Sampling Batch Size Ablation. We vary the sampling batch size b in Algorithm 1
between 2 and 512, and report both the (left) Best@128 Oracle Score and (right) Pairwise Diversity
score for 128 final designs proposed by a DynAMO-BO-qEI policy on the TFBind8 optimization
task. We plot the mean ± 95% confidence interval over 10 random seeds.

E.2 Adversarial Critic Feedback and Distribution Matching Ablation1200

Recall that instead of solving the original MBO optimization problem in (3), DynAMO leverages1201

weak Lagrangian duality to solve the constrained optimization problem in (7)—copied below for1202

convenience:1203

max
π∈Π

J(π) = Eqπ [rθ(x)]−
β

τ
DKL(q

π||pτD)

s.t. Ex∼pτ
D(x)c

∗(x)− Ex∼qπ(x)c
∗(x) ≤W0

(82)

We can think of this problem formulation as as the fusion of two separable components: (1)1204

Adversarial feedback via a source-critic model c∗(x) to prevent out-of-distribution evaluation of1205

rθ(x); and (2) Diversity (via KL-divergence-based distribution matching with a diverse reference1206

distribution pτD) in Model-based Optimization. These two components together form the foundation1207

of DynAMO presented in Algorithm 1. To better understand how each of these two components1208

affects the performance of DynAMO-augmented optimizers, we can separate these two components1209

and study them individually.1210

AMO is our ablation method that solves the related optimization problem1211

max
π∈Π

Eqπ [rθ(x)]

s.t. Ex∼pτ
D(x)c

∗(x)− Ex∼qπ(x)c
∗(x) ≤W0

(83)

42



instead of (82). Note that AMO solves the same constrained optimization problem as DynAMO1212

in the setting where β = 0. We note that our derivation of the Lagrange dual function of (7) in1213

Appendix A is invalid when β = 0, and so we cannot exactly solve (83) using the same methodology1214

presented in Algorithm 1. Instead, we leverage the adaptive Source Critic Regularization (aSCR)1215

algorithm from Yao et al. (2024) to approximate a solution to (83) in the Lagrangian dual space—we1216

use their publicly available implementation of aSCR at github.com/michael-s-yao/gabo and1217

defer to their work for additional discussion regarding the specific implementation details of aSCR.1218

DynMO is our separate ablation method that solves the related (unconstrained) optimization problem1219

max
π∈Π

J(π) = Eqπ [rθ(x)]−
β

τ
DKL(q

π||pτD) (84)

instead of (82). To implement DynMO empirically, we modify Algorithm 1 by ignoring the1220

subroutine to solve for the globally optimal Lagrange multiplier λ using (13), and instead fixing1221

λ = 0 for the entire optimization process to effectively remove any contributions from the adversarial1222

source critic c∗(x). All other implementation details were kept constant.1223

We compare DynAMO with AMO and DynMO in Supplementary Tables A11-A13. Firstly, we1224

note that DynAMO and AMO are competitive in proposing the high-quality designs according to the1225

Best@128 oracle scores, alternating between having the highest and second best Rank and Optimality1226

Gaps across all six tasks when compared with DynMO and the baseline optimizer for all optimizers1227

evaluated. This makes sense, as the purpose of the adversarial source critic-dependent constraint1228

in (82) and (83) is to minimize out-of-distribution evaluation of rθ(x) during optimization—as a1229

result, the forward surrogate model rθ(x) can provide a better estimate of the quality of sampled1230

designs, leading to higher quality designs according to the true oracle function r(x). Separately,1231

we find that DynMO and DynAMO also perform similarly in terms of the all 3 diversity metrics1232

evaluated. However, we find that DynMO (resp., AMO) struggles on proposing high-quality (resp.,1233

diverse) sets of final designs. These experimental results collectively allow us to conclude that1234

both the adversarial source critic supervision and KL-divergence-based distribution matching1235

are important for DynAMO to propose both high-quality and diverse sets of designs.1236

E.3 β and τ Hyperparameter Ablation1237

Fundamentally, DynAMO relies on two important hyperparameters that define the constrained1238

optimization problem in (7): (1) the β hyperparameter dictates the relative weighting of the KL-1239

divergence penalty relative to the original MBO objective; and (2) the τ temperature hyperparameter1240

describes the distribution of reference designs weighted according to their oracle scores in the offline1241

dataset. To better interrogate how these hyperparameters impact the performance of DynAMO-1242

augmented MBO optimizers, we (independently) ablate the values of both β and τ logarithmically1243

between 0.01 ≤ β, τ ≤ 100. Similar to our experiments in Appendix E.1, we use a BO-qEI sampling1244

policy with the DynAMO-modified objective on the TFBind8 optimization task, and evaluate both1245

the Best@128 oracle score and Pairwise Diversity of the 128 final proposed design candidates across1246

10 random seeds.1247

Our experimental results for our β ablation study are shown in Supplementary Figure A4. Firstly,1248

as the strength of the KL-divergence term β increases, the diversity of proposed designs (according to1249

the Pairwise Diversity metric) increases roughly proportional to the logarithm of β (Supplementary1250

Fig. A4). This is expected: as the distribution matching objective becomes more important relative1251

to the rθ(x) forward surrogate model, the generative policy is rewarded for finding an increasingly1252

diverse set of designs that matches the τ -weighted reference distribution. Similarly, we found1253

that for sufficiently large values of β (i.e., β ≥ 0.03 in our particular experimental setting), the1254

quality of designs (according to the Best@128 oracle score) decreases due to the inherent trade-off1255

between design quality (according to rθ(x)) and diversity (according to the KL-divergence in (7)).1256

Interestingly, for small values of β (i.e., β ≤ 0.03) the quality of designs actually increases with1257

β. This is because in this regime, naïvely optimizing against primarily rθ(x) leads to the policy1258

exploiting suboptimal regions of the design space—penalizing the optimization objective with a1259

‘small amount of’ the diversity objective helps the policy explore new regions of the design space that1260

can contain more optimal designs according to the hidden oracle objective r(x).1261

Separately, the experimental results for our τ ablation study are shown in Supplementary Figure1262

A5. (Note that in these experiments, we fix β = τ so that the ratio β/τ in Algorithm 1 remains1263
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Table A11: Quality of Design Candidates in Ablation of Adversarial Critic Feedback (AMO)
and Diversity in (DynMO) Model-based Optimization. We evaluate our method (1) with the
KL-divergence penalized-MBO objective as in (11) only (DynMO); (2) with the adversarial source
critic-dependent constraint as introduced by Yao et al. (2024) only (AMO); and (3) with both
algorithmic components as in DynAMO described in Algorithm 1. We report the Best@128 (resp.,
Median@128) oracle score achieved by the 128 evaluated designs in the top (resp., bottom) table.
Metrics are reported mean(95% confidence interval) across 10 random seeds, where higher is better. Bolded
entries indicate average scores with an overlapping 95% confidence interval to the best performing
method. Bolded (resp., Underlined) Rank and Optimality Gap (Opt. Gap) metrics indicate the best
(resp., second best) for a given backbone optimizer.

Best@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 43.9 59.4 60.5 88.9 40.0 88.4 — —

Grad. 90.0(4.3) 80.9(12.1) 60.2(8.9) 88.8(4.0) 36.0(6.8) 65.6(14.5) 3.2 6.8
AMO-Grad. 73.1(12.8) 77.1(9.6) 64.4(1.5) 92.8(8.0) 46.0(6.8) 90.6(14.5) 1.8 10.5

DynMO-Grad. 61.3(9.7) 63.6(11.6) 59.8(8.6) 89.3(5.6) 36.3(6.9) 70.4(12.0) 3.5 0.0
DynAMO-Grad. 90.3(4.7) 86.2(0.0) 64.4(2.5) 91.2(0.0) 44.2(7.8) 89.8(3.2) 1.5 14.2

Adam 62.9(13.0) 69.7(10.5) 62.9(1.9) 92.3(8.9) 37.8(6.3) 58.4(18.5) 2.8 0.5
AMO-Adam 94.0(2.2) 60.0(12.6) 60.9(8.7) 91.4(6.3) 37.8(6.3) 88.4(13.8) 2.8 8.6

DynMO-Adam 66.6(12.9) 68.7(10.1) 63.7(0.4) 92.0(8.3) 38.6(5.7) 66.5(14.6) 2.5 2.5
DynAMO-Adam 95.2(1.7) 86.2(0.0) 65.2(1.1) 91.2(0.0) 45.5(5.7) 84.9(12.0) 1.7 14.5

Baseline-CMA-ES 87.6(8.3) 86.2(0.0) 66.1(1.0) 106(5.9) 49.0(1.0) 72.2(0.1) 2.8 14.4
AMO-CMA-ES 90.4(4.4) 86.2(0.0) 66.2(1.6) 121(0.0) 45.2(3.5) 72.2(0.1) 1.8 16.7

DynMO-CMA-ES 85.2(10.1) 86.2(0.0) 65.0(0.6) 104(7.8) 51.6(2.0) 83.6(3.1) 2.7 15.8
DynAMO-CMA-ES 89.8(3.6) 85.7(5.8) 63.9(0.9) 117(6.7) 50.6(4.8) 78.5(5.5) 2.7 17.5

BO-qUCB 88.1(5.3) 86.2(0.1) 66.4(0.7) 121(1.3) 51.3(3.6) 84.5(0.8) 2.2 19.4
AMO-BO-qUCB 95.4(1.6) 86.2(0.0) 66.3(1.1) 121(1.3) 50.2(2.8) 83.6(1.0) 2.7 20.2

DynMO-BO-qUCB 93.6(3.0) 86.2(0.1) 66.0(0.9) 121(0.0) 49.9(3.0) 83.9(1.1) 2.7 20.0
DynAMO-BO-qUCB 95.1(1.9) 86.2(0.0) 66.7(1.5) 121(0.0) 48.1(4.0) 86.9(4.5) 2.2 20.5

Median@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 33.7 42.8 50.9 87.6 6.7 77.8 — —

Grad. 58.1(6.1) 58.6(13.1) 59.3(8.6) 85.3(7.7) 36.0(6.7) 65.1(14.4) 3.2 10.5
AMO-Grad. 63.8(13.7) 75.3(9.9) 60.1(3.3) 91.6(11.2) 46.0(6.7) 90.1(14.4) 1.2 21.2

DynMO-Grad. 50.5(6.5) 58.6(13.1) 59.7(8.7) 85.1(8.1) 36.3(6.9) 70.0(12.0) 3.0 10.1
DynAMO-Grad. 47.0(2.8) 69.8(6.0) 61.9(2.2) 85.9(0.4) 23.4(8.5) 68.7(12.1) 2.7 9.5

Adam 54.7(8.8) 60.4(12.7) 59.2(8.6) 87.9(10.0) 37.4(6.2) 56.8(19.8) 2.3 9.5
AMO-Adam 49.5(8.9) 55.7(12.7) 57.7(9.1) 84.3(9.6) 37.4(6.2) 87.8(4.3) 3.0 12.1

DynMO-Adam 54.0(9.9) 60.5(12.6) 59.3(8.6) 85.9(10.8) 37.7(6.4) 63.6(15.6) 2.2 10.2
DynAMO-Adam 47.7(3.0) 69.0(5.2) 62.4(1.9) 86.4(0.6) 23.0(6.0) 65.6(14.1) 2.3 9.1

CMA-ES 50.7(2.7) 71.7(10.4) 63.3(0.0) 83.9(1.0) 37.9(0.7) 59.3(10.9) 2.2 11.2
AMO-CMA-ES 44.2(0.8) 72.7(3.8) 62.7(1.1) 86.1(0.5) 21.4(2.0) 54.9(9.6) 3.2 7.1

DynMO-CMA-ES 50.7(2.7) 75.2(9.1) 63.3(0.0) 82.5(1.2) 38.7(3.9) 65.8(9.1) 1.7 12.8
DynAMO-CMA-ES 45.3(2.4) 65.8(8.9) 59.3(3.8) 99.0(12.1) 22.5(5.1) 60.6(15.0) 2.8 8.8

BO-qUCB 50.3(1.8) 62.1(3.4) 63.3(0.0) 86.6(0.6) 31.7(1.2) 74.4(0.6) 1.7 11.5
AMO-BO-qUCB 47.9(1.9) 59.8(1.2) 63.3(0.0) 86.0(0.6) 33.1(2.9) 73.8(1.2) 2.8 10.7

DynMO-BO-qUCB 50.3(1.7) 60.1(2.2) 63.3(0.0) 86.4(0.6) 32.4(2.7) 74.3(0.8) 2.0 11.2
DynAMO-BO-qUCB 48.8(1.8) 65.9(3.7) 63.3(0.0) 86.5(0.5) 22.7(2.0) 50.4(14.6) 2.5 6.3

constant.) As the value of τ increases, the diversity of designs captured by the reference τ -weighted1264

probability distribution decreases and approaches a (potential mixture of) Dirac delta functions with1265

non-zero support at the optimal designs in the offline dataset. As a result, distribution matching via1266

the KL-divergence objective no longer encourages the generative policy to find a diverse sample of1267

designs, as the reference distribution is no longer diverse itself for τ ≫ 1. Similar to our β ablation1268

study, we find that there is a unique exploration-exploitation trade-off phenomenon according to the1269

Best@128 oracle score as a function of τ : in our particular experimental setting, we find that for1270

τ ≤ 1, the Best@128 oracle score (modestly) increases, while for τ ≥ 1, the score decreases. For1271

τ ≈ 1, we find that the generative policy is encouraged to match a sample of high-quality samples1272

that is simultaneously diverse enough for the generative policy to explore new regions of the design1273

space.1274
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Table A12: Diversity of Design Candidates in Ablation of Adversarial Critic Feedback (AMO)
and Diversity in (DynMO) Model-based Optimization. We evaluate our method (1) with the
KL-divergence penalized-MBO objective as in (11) only (DynMO); (2) with the adversarial source
critic-dependent constraint as introduced by Yao et al. (2024) only (AMO); and (3) with both
algorithmic components as in DynAMO described in Algorithm 1. We report the pairwise diversity
(resp., minimum novelty) oracle score achieved by the 128 evaluated designs in the top (resp., bottom)
table. Metrics are reported mean(95% confidence interval) across 10 random seeds, where higher is better.
Bolded entries indicate average scores with an overlapping 95% confidence interval to the best
performing method. Bolded (resp., Underlined) Rank and Optimality Gap (Opt. Gap) metrics
indicate the best (resp., second best) for a given optimizer.

Pairwise Diversity@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 65.9 57.3 60.0 36.7 66.0 85.7 — —

Grad. 12.5(8.0) 7.8(8.8) 7.9(7.8) 24.1(13.3) 0.0(0.0) 0.0(0.0) 3.0 -53.2
AMO-Grad. 17.3(12.8) 11.2(10.3) 6.9(7.7) 22.1(10.5) 0.0(0.0) 1.5(3.2) 2.7 -52.1

DynMO-Grad. 20.9(15.1) 3.0(3.2) 58.2(24.0) 13.5(8.6) 0.0(0.0) 0.0(0.0) 3.0 -46.0
DynAMO-Grad. 66.9(6.9) 68.2(10.8) 77.2(21.5) 93.0(1.2) 129(55.3) 104(56.1) 1.0 27.8

Adam 12.0(12.3) 11.0(12.1) 4.8(3.8) 16.8(12.4) 6.4(14.5) 6.2(14.0) 3.0 -52.4
AMO-Adam 15.1(11.2) 10.3(11.5) 12.1(11.3) 19.6(15.2) 0.3(0.8) 2.6(3.9) 3.0 -51.9

DynMO-Adam 13.1(11.4) 10.3(9.6) 57.0(26.0) 23.8(15.1) 6.4(14.5) 0.0(0.0) 2.8 -43.5
DynAMO-Adam 54.8(8.9) 72.3(3.4) 84.8(9.2) 89.9(5.3) 158(37.3) 126(57.3) 1.0 35.7

CMA-ES 47.2(11.2) 44.6(15.9) 93.5(2.0) 66.2(9.4) 12.8(0.6) 164(10.6) 2.3 9.5
AMO-CMA-ES 39.6(15.5) 53.4(8.4) 84.8(4.8) 61.3(14.6) 173(19.4) 59.9(19.6) 2.3 16.8

DynMO-CMA-ES 33.5(2.6) 11.1(1.1) 34.5(2.8) 4.5(5.0) 38.1(5.4) 14.4(1.2) 3.8 -39.3
DynAMO-CMA-ES 73.6(0.6) 73.1(3.1) 72.0(3.1) 94.0(0.5) 97.8(13.2) 292(83.5) 1.5 55.2

BO-qUCB 73.9(0.5) 74.3(0.4) 99.4(0.1) 93.6(0.5) 198(10.3) 94.1(3.9) 2.5 43.5
AMO-BO-qUCB 74.0(0.5) 74.3(0.3) 99.3(0.1) 93.4(0.4) 190(9.3) 22.0(2.1) 3.7 30.3

DynMO-BO-qUCB 74.7(0.2) 74.3(0.4) 99.2(0.1) 93.6(0.5) 198(12.0) 92.6(3.8) 2.2 43.5
DynAMO-BO-qUCB 74.3(0.5) 74.4(0.6) 99.3(0.1) 93.5(0.6) 211(22.8) 175(44.7) 1.7 59.4

Minimum Novelty@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.0 0.0 0.0 0.0 0.0 0.0 — —

Grad. 21.2(3.0) 51.7(2.9) 97.4(3.9) 79.5(19.7) 95.0(0.7) 102(6.1) 2.3 74.5
AMO-Grad. 14.0(2.0) 46.7(2.7) 96.8(3.9) 76.8(19.7) 83.8(6.8) 31.5(3.6) 3.8 58.3

DynMO-Grad. 21.9(3.0) 53.6(2.1) 93.1(6.6) 86.4(10.2) 95.0(0.7) 102(6.1) 1.8 75.4
DynAMO-Grad. 21.1(1.1) 52.2(1.3) 98.6(1.5) 85.8(1.0) 95.0(0.4) 107(6.7) 1.7 76.7

Adam 23.7(2.8) 51.1(3.5) 95.5(5.3) 79.3(21.2) 94.8(0.7) 103(6.3) 2.7 74.5
AMO-Adam 23.7(3.1) 51.3(3.4) 95.0(5.1) 80.0(20.6) 84.8(6.4) 27.3(3.4) 3.0 60.4

DynMO-Adam 22.9(2.3) 51.6(2.9) 99.2(0.6) 87.3(9.7) 94.7(0.7) 103(6.3) 1.8 76.4
DynAMO-Adam 14.7(1.9) 46.2(0.5) 98.7(1.2) 85.9(1.8) 94.9(0.4) 108(7.2) 2.3 74.7

CMA-ES 16.5(2.1) 47.8(1.0) 96.5(0.7) 73.0(18.0) 100(0.0) 100(0.0) 2.3 72.3
AMO-CMA-ES 24.3(0.9) 53.3(1.4) 95.0(1.5) 72.5(23.6) 85.6(3.0) 41.5(2.0) 3.0 62.0

DynMO-CMA-ES 14.3(0.3) 46.1(0.4) 98.2(1.0) 83.3(1.0) 100(0.0) 100(0.0) 2.0 73.7
DynAMO-CMA-ES 12.9(0.8) 48.0(1.6) 96.7(3.5) 81.8(13.4) 94.5(0.7) 112(7.8) 2.3 74.3

BO-qUCB 21.6(0.3) 51.7(0.2) 97.9(0.4) 85.3(1.1) 93.8(0.6) 98.8(1.1) 2.0 74.8
AMO-BO-qUCB 21.9(0.4) 51.7(0.3) 97.5(0.4) 85.2(1.0) 81.9(1.9) 25.9(1.4) 2.7 60.7

DynMO-BO-qUCB 20.7(0.4) 51.8(0.2) 97.1(0.5) 84.9(0.6) 93.2(1.4) 98.0(1.8) 3.2 74.3
DynMO-BO-qUCB 21.4(0.5) 51.7(0.2) 97.1(0.5) 85.3(1.1) 94.7(0.2) 109(4.5) 2.2 76.6

E.4 Oracle Evaluation Budget Ablation1275

Recall that in our experiments, we evaluate DynAMO and baseline methods using an oracle evaluation1276

budget of k = 128 samples consistent with prior work (Mashkaria et al., 2023; Yu et al., 2021;1277

Trabucco et al., 2021; Chen et al., 2023c; Yao et al., 2024). More specifically, this means that any1278

offline optimization method proposes exactly k design candidates that are evaluated by the hidden1279

oracle function r(x) as the final step for experimental evaluation. In Table 1, we reported both the1280

Best@k and Pairwise Diversity@k metrics, where Best@k represents the maximum oracle score1281

achieved by the k final design candidates; and Pairwise Diversity@k represents the pairwise diversity1282

averaged over the k candidates.1283
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Table A13: Diversity of Design Candidates in Ablation of Adversarial Critic Feedback (AMO)
and Diversity in (DynMO) Model-based Optimization (cont.). We evaluate our method (1) with
the KL-divergence penalized-MBO objective as in (11) only (DynMO); (2) with the adversarial
source critic-dependent constraint as introduced by Yao et al. (2024) only (AMO); and (3) with both
algorithmic components as in DynAMO described in Algorithm 1. We report the L1 coverage score
achieved by the 128 evaluated designs as mean(95% confidence interval) across 10 random seeds, where
higher is better. Bolded entries indicate average scores with an overlapping 95% confidence interval
to the best performing method. Bolded (resp., Underlined) Rank and Optimality Gap (Opt. Gap)
metrics indicate the best (resp., second best) for a given backbone optimizer.

L1 Coverage@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Rank ↓ Opt. Gap ↑
Dataset D 0.42 0.31 1.42 0.68 6.26 0.58 — —

Grad. 0.16(0.10) 0.20(0.13) 0.21(0.10) 0.42(0.18) 0.00(0.00) 0.00(0.00) 3.3 -1.44
AMO-Grad. 0.17(0.10) 0.24(0.13) 0.25(0.16) 0.37(0.11) 0.00(0.00) 0.09(0.14) 2.5 -1.42

DynMO-Grad. 0.20(0.13) 0.22(0.15) 1.23(0.63) 0.28(0.17) 0.00(0.00) 0.00(0.00) 2.8 -1.29
DynAMO-Grad. 0.36(0.04) 0.52(0.06) 1.46(0.38) 2.49(0.06) 6.47(1.24) 5.85(1.35) 1.0 1.25

Adam 0.11(0.06) 0.22(0.09) 0.23(0.15) 0.48(0.31) 0.27(0.55) 0.24(0.49) 2.8 -1.35
AMO-Adam 0.14(0.06) 0.22(0.10) 0.35(0.24) 0.50(0.34) 0.26(0.53) 0.09(0.12) 3.0 -1.35

DynMO-Adam 0.20(0.12) 0.21(0.15) 1.10(0.60) 0.45(0.29) 0.27(0.55) 0.03(0.00) 3.0 -1.23
DynAMO-Adam 0.33(0.05) 0.55(0.03) 1.44(0.39) 2.40(0.16) 7.06(0.73) 6.91(0.71) 1.0 1.50

CMA-ES 0.33(0.05) 0.48(0.04) 2.18(0.04) 1.82(0.12) 3.26(1.42) 3.77(1.36) 2.3 0.36
AMO-CMA-ES 0.31(0.04) 0.51(0.01) 2.17(0.06) 1.83(0.15) 3.37(0.49) 3.12(0.40) 2.5 0.27

DynMO-CMA-ES 0.34(0.09) 0.39(0.12) 0.66(0.43) 0.60(0.42) 1.85(2.28) 0.94(1.73) 3.7 -0.81
DynAMO-CMA-ES 0.40(0.03) 0.56(0.01) 1.82(0.72) 2.54(0.05) 4.75(2.16) 3.29(1.56) 1.5 0.62

BO-qUCB 0.40(0.02) 0.54(0.01) 2.40(0.05) 2.52(0.07) 7.78(0.04) 6.64(0.09) 2.8 1.77
AMO-BO-qUCB 0.40(0.01) 0.56(0.01) 2.39(0.05) 2.52(0.04) 7.37(0.09) 1.34(0.04) 3.3 0.82

DynMO-BO-qUCB 0.39(0.02) 0.55(0.00) 2.40(0.08) 2.52(0.04) 7.76(0.07) 6.64(0.13) 2.5 1.77
DynAMO-BO-qUCB 0.40(0.02) 0.55(0.01) 2.47(0.07) 2.54(0.05) 7.88(0.03) 7.80(0.23) 1.3 2.00
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Figure A4: β Hyperparameter Ablation. We vary the value of the KL-divergence regularization
strength hyperparameter β in Algorithm 1 between 0.01 and 100, and report both the (left) Best@128
Oracle Score and (right) Pairwise Diversity score for 128 final design candidates proposed by a
DynAMO-BO-qEI policy on the TFBind8 optimization task. We plot the mean ± 95% confidence
interval over 10 random seeds in both plots. The dotted horizontal line corresponds to the β = 0
experimental mean score, which could not be plotted as a point on the logarithmic x-axis.

However, in different experimental settings we might have a different evaluation budget avail-1284

able—larger values of k are more costly but enable us to evaluate more designs that are potentially1285

promising, whereas smaller, more practical budgets may preclude the evaluation of optimal designs1286

according to r(x). In this section, we evaluate the performance of DynAMO as a function of the1287

allowed evaluation budget 16 ≤ k ≤ 1024. We compare DynAMO-augmented optimizers against the1288

corresponding vanilla backbone optimization method on the TFBind8 task, and plot the mean and 95%1289

confidence interval Best@k and Pairwise Diversity@k metrics as a function of k in Supplementary1290

Figure A6.1291

As expected, the Best@k oracle score is monotonically non-decreasing as a function of k for all1292

DynAMO-enhanced and baseline optimizers (Supplementary Fig. A6). We also find that in the1293
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Figure A5: τ Temperature Hyperparameter Ablation. We vary the value of the temperature
hyperparameter τ in Algorithm 1 between 0.01 and 100, and report both the (left) Best@128 Oracle
Score and (right) Pairwise Diversity score for 128 final designs proposed by a DynAMO-BO-qEI
policy on the TFBind8 optimization task. We plot the mean ± 95% confidence interval over 10
random seeds.

limit of k ≫ 1, the DynAMO optimizers are able to propose best designs that are more optimal than1294

the designs by their baseline counterparts for first-order, evolutionary, and Bayesian optimization1295

algorithms. Furthermore, DynAMO achieves a mean Best@k score non-inferior to that of the baseline1296

method for all k ≥ 128 across all the optimization methods evaluated on the TFBind8 task.1297

Separately, we find that the Pairwise Diversity of the k designs proposed by DynAMO-augmented1298

first-order optimizers (i.e., DynAMO-Grad. and DynAMO-Adam) increases as a function of k.1299

This makes sense, as first-order methods generally produce optimization trajectories that are simple1300

curves in the design space as a function of the acquisition step. As a result, increasing k can be1301

informally thought of as increasing the fraction of the trajectory curve connecting the initial and final1302

samples during the acquisition process. In contrast, we find that the Pairwise Diversity decreases1303

after a certain optimizer-dependent threshold k for evolutionary and Bayesian optimization-based1304

backbone optimizers. This is because as both classes of optimization methods do not necessarily1305

sample repeatedly from any given region of the input space; as a result, the pairwise diversity between1306

any two sampled points may decrease as more of the design space has been explored as a function of1307

k. Finally, we found that leveraging DynAMO improves the Pairwise Diversity of designs compared1308

to the baseline objective for almost all optimizers and values of k assessed, as expected.1309

Altogether, these results suggest that DynAMO helps optimization methods discover both high-quality1310

and diverse sets of designs across a wide range of oracle evaluation budgets.1311

E.5 Optimization Initialization Ablation1312

In Algorithm 1, we initialize DynAMO by sampling the initial batch of b = 64 designs according1313

to a pseudo-random Sobol sequence as described in Appendix B. This initial batch of designs is1314

used as the ‘starting point’ in our first-order optimization experiments. However, most first-order1315

offline MBO algorithms reported in prior work (Trabucco et al., 2021; Yu et al., 2021) do not follow1316

this same initialization schema. Instead, they perform a top-k initialization strategy where the top1317

k = b designs in the dataset with the highest associated reward score constitute the initial batch of1318

designs. First-order optimization is then performed on these initial top-k designs. However, it is1319

possible that for many MBO problems, these top-k initial designs constitute only a small ‘area’ of the1320

overall search space, resulting in a lower diversity of final designs when compared to Sobol sequence1321

initialization.1322

To interrogate whether the gains in diversity of designs obtained with DynAMO are due to our Sobol1323

sequence-based initialization strategy, we evaluated baseline Gradient Ascent, COMs, RoMA, ROMO,1324

GAMBO with Gradient Ascent, and DynAMO with Gradient Ascent using both Sobol sequence-1325

based and top-k-based initialization strategies. All algorithms were initialized using k = b = 641326

samples and used Gradient Ascent as the backbone optimizer (except for RoMA from Yu et al. (2021),1327

which used Adam Ascent in line with the original method proposed by the authors).1328
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Figure A6: Oracle Evaluation Budget Ablation. We vary the allowed oracle evaluation budget k in
Algorithm 1 between 16 and 1024, and report both the (first two rows) Best@128 Oracle Score and
(last two rows) Pairwise Diversity score for k final designs proposed by both DynAMO-augmented
and base optimizers on the TFBind8 task. We plot the mean ± 95% confidence interval over 10
random seeds.

Our results are shown in Supplementary Table A14. Empirically, we found that the relative1329

performance of Sobol sequence-initialized and Top-k-initialized optimizer largely depends on the1330

specific algorithm; for example, COMs and RoMA strongly benefit from using Top-k initialization in1331

obtaining high-quality designs. This makes sense, as the original authors for both methods use Top-k1332

initialization for all their experiments. In contrast, the quality of designs proposed by GAMBO and1333

DynAMO is better with Sobol sequence initialization.1334
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Table A14: Optimization Initialization Ablation. We evaluate DynAMO with Gradient Ascent
and other first-order model-based optimization methods against model-free optimization methods.
We report the maximum oracle score (resp., pairwise diversity score) achieved out of 128 evaluated
designs in the top (resp., bottom) table. Metrics are reported mean(95% confidence interval) across 10
random seeds, where higher is better. max(D) reports the top oracle score in the offline dataset. All
metrics are multiplied by 100 for easier legibility. Bolded entries indicate the higher average scores
for a given optimization method.

Best@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Win Rate ↑
Dataset D 43.9 59.4 60.5 88.9 40.0 88.4 —

Grad. (Sobol) 90.0(4.3) 80.9(12.1) 60.2(8.9) 88.8(4.0) 36.0(6.8) 65.6(14.5) 3/6
Grad. (Top-k) 85.1(3.1) 64.0(0.7) 63.3(0.0) 90.1(0.3) 27.1(1.0) 67.8(0.0) 3/6

COMs (Sobol) 84.7(5.3) 60.4(2.2) 63.3(0.0) 91.4(0.4) 17.3(0.5) 82.8(2.9) 0/6
COMs (Top-k) 93.1(3.4) 67.0(0.9) 64.6(1.0) 97.1(1.6) 41.2(4.8) 91.8(0.9) 6/6

RoMA (Sobol) 96.5(0.0) 77.8(0.0) 63.3(0.0) 85.5(2.4) 46.5(2.5) 93.9(1.0) 4/6
RoMA (Top-k) 96.5(0.0) 77.8(0.0) 63.3(0.0) 84.7(0.0) 49.8(1.4) 95.7(1.6) 6/6

ROMO (Sobol) 97.7(1.2) 67.0(1.3) 68.3(0.5) 90.8(0.4) 45.5(1.6) 86.1(0.5) 3/6
ROMO (Top-k) 98.1(0.7) 66.8(1.0) 63.0(0.8) 91.8(0.9) 38.7(2.5) 87.8(0.9) 3/6

GAMBO (Sobol) 73.1(12.8) 77.1(9.6) 64.4(1.5) 92.8(8.0) 46.0(6.8) 90.6(14.5) 5/6
GAMBO (Top-k) 78.5(9.3) 68.3(0.5) 63.0(0.0) 90.6(0.3) 27.1(1.0) 77.8(0.0) 1/6

DynAMO (Sobol) 90.3(4.7) 86.2(0.0) 64.4(2.5) 91.2(0.0) 44.2(7.8) 89.8(3.2) 6/6
DynAMO (Top-k) 81.9(8.4) 64.4(1.2) 63.3(0.0) 90.8(0.3) 29.4(4.4) 75.3(11.6) 0/6

Pairwise Diversity@128 TFBind8 UTR ChEMBL Molecule Superconductor D’Kitty Win Rate ↑
Dataset D 33.7 42.8 50.9 87.6 6.7 77.8 —

Grad. (Sobol) 12.5(8.0) 7.8(8.8) 7.9(7.8) 24.1(13.3) 0.0(0.0) 0.0(0.0) 3/6
Grad. (Top-k) 8.3(4.7) 40.3(3.6) 63.1(8.3) 28.4(6.0) 0.0(0.0) 0.0(0.0) 5/6

COMs (Sobol) 65.4(0.5) 57.3(0.1) 59.3(1.1) 72.6(0.7) 43.9(16.5) 33.8(1.7) 2/6
COMs (Top-k) 66.6(1.0) 57.4(0.2) 81.6(4.9) 3.8(0.9) 99.5(25.8) 21.1(23.5) 4/6

RoMA (Sobol) 21.0(0.2) 3.8(0.0) 5.9(0.0) 1.8(0.0) 70.3(13.6) 8.1(0.3 4/6
RoMA (Top-k) 21.3(0.3) 3.8(0.0) 5.9(0.2) 1.8(0.0) 49.4(6.1) 14.8(0.6) 5/6

ROMO (Sobol) 64.4(1.3) 56.9(0.2) 59.3(0.9) 39.0(0.9) 58.3(12.9) 10.9(0.5) 3/6
ROMO (Top-k) 62.1(0.8) 57.1(0.1) 53.9(0.6) 48.7(0.1) 51.7(31.7) 22.1(5.5) 3/6

GAMBO (Sobol) 15.1(11.2) 10.3(11.5) 12.1(11.3) 19.6(15.2) 0.3(0.8) 2.6(3.9) 2/6
GAMBO (Top-k) 59.2(5.0) 54.1(2.5) 79.33.4) 33.4(1.9) 0.0(0.0) 0.0(0.0) 4/6

DynAMO (Sobol) 66.9(6.9) 68.2(10.8) 77.2(21.5) 93.0(1.2) 129(55.3) 104(56.1) 6/6
DynAMO (Top-k) 55.2(10.5) 46.4(5.2) 76.8(4.5) 36.4(3.1) 120(30.0) 85.7(50.0) 0/6

While DynAMO using Sobol sequence initialization does indeed outperform the Top-k-initialized1335

counterpart across all tasks, both initialization strategies consistently propose batches of designs with1336

competitive pairwise diversity scores when compared to other first-order optimization algorithms.1337

This suggests that DynAMO is able to provide a significant advantage in proposing diverse designs1338

that extend beyond the choice of initialization strategy alone. Separately for the other first-order1339

optimization methods assessed, there is no clear advantage in obtaining diverse designs when using1340

Sobol sequence initialization according to the pairwise diversity metric across all tasks. In summary,1341

these results suggest that DynAMO is able to propose both high-quality and diverse sets of designs1342

with performance exceeding what is possible with a switching to a Sobol sequence initialization1343

alone.1344
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