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Abstract

Optimization of LLM training and inference configurations, such as hyperpa-1

rameters, data mixtures, and prompts, is critical to performance, but it is often2

approached heuristically in practice, leading to potentially suboptimal outcomes.3

By framing them as noisy, expensive, and derivative-free optimization problems,4

Bayesian optimization (BO) and other black-box optimization (BBO) methods5

offer a promising yet underexplored direction for principled, sample-efficient meth-6

ods. However, LLM training and inference costs are prohibitively high for most7

of the BBO research community, and new methods are often only evaluated on8

synthetic test functions and small-scale datasets that fail to capture the challenges9

of modern LLM optimization problems. This impedes the development of BBO10

methods and makes it difficult to assess their effectiveness on modern LLM tasks.11

We introduce BOLT, the first LLM-centric benchmark that democratizes LLM12

research for the BBO community. BOLT covers broad and well-motivated LLM13

optimization problems, involving multi-fidelity, multi-objective, heteroscedastic14

noise, and high-dimensional search spaces. Each problem in BOLT is grounded15

in real experimental data and made fully reproducible and accessible through16

lightweight surrogate models fitted to the results of thousands of real LLM experi-17

ments. We benchmark BOLT against an extensive range of BO and BBO methods,18

showing that selected BO methods consistently outperform others across tasks and19

highlighting gaps in existing BBO methods on LLM tasks, underscoring the need20

to modernize benchmarks for the BBO community. An anonymized version of21

BOLT is released at https://github.com/anonom799/bolt.22

1 Introduction23

Optimizing hyperparameters, data mixtures, and prompts for LLMs are critical decisions in any LLM24

pipeline and often have substantial computational cost. By framing them as black-box optimization25

(BBO) problems in the noisy, expensive, and derivative-free settings, Bayesian optimization (BO) and26

other BBO methods emerge as promising solutions to tackle these problems, capable of handling noisy27

observations and often requiring no gradients [24, 26]. Compared to heuristic approaches that are28

often inefficient and suboptimal [2], BO and BBO are principled and sample-efficient approaches for29

optimizing LLM configurations. However, researchers in the BBO community often lack sufficient30

computational resources to validate new methods (and ideas) on LLM-centric problems. As a31

result, many research endeavors in BBO are only validated by numerical or classical optimization32

benchmarks (e.g., BBOB [28], HPO-B [4]), making it difficult to reliably assess their effectiveness33

on modern LLM tasks. This impedes the development of BBO methods and leaves their potential34

untapped for LLM tasks.35

We aim to democratize black-box optimization research for modern LLM problems by releasing36

BOLT, a Benchmark for optimization of expensive LLM Tasks, the first black-box optimization37

Submitted to 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Do not distribute.
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benchmark grounded in real LLM objectives. The key goal of BOLT is to modernize the research38

efforts of the BBO community by allowing researchers to validate their methods on LLMs without39

requiring access to expensive computational resources. BOLT comprises three families of LLM40

optimization tasks: hyperparameter optimization (HPO), data mixture optimization (DMO), and41

prompt optimization (PO), all of which are active areas of research in LLMs [13, 70, 75]. Each task42

family consists of multiple problem instances, framed as derivative-free optimization problems that43

span key challenges in black-box optimization research, including multi-fidelity, multi-objective,44

heteroscedastic noise, and high-dimensional settings. We hope our benchmark serves as a modern,45

practical, and accessible validation process for future BBO research ideas.46

BOLT lowers the barrier for BBO community to adopt LLM tasks as standard, reproducible bench-47

marks via emulators and tabular datasets of precomputed evaluations. In particular, BOLT consist of48

a suite of emulators, which are surrogate models trained on over 20k real LLM evaluations across49

all tasks, and require little compute and time to query. Each emulator is validated to ensure that50

conclusions drawn are consistent with the true objectives.51

Our experiments show that BO methods consistently outperform standard HPO and evolutionary52

baselines across BOLT’s tasks, while exposing structural and practical challenges that emerge under53

our LLM-based benchmarks. These results suggest that BO is a promising but underexplored54

direction for LLM optimization, and further underscores the importance of principled, accessible,55

and reproducible benchmarking to realize this potential.56

In summary, our contributions are:57

• A suite of LLM tasks as BBO problems. We introduce three task families grounded in real58

LLM objectives spanning hyperparameter (Sec. 4.3), data mixture (Sec. 4.4), and prompt59

optimization (Sec. 4.5). Optimization problems within each task family are designed to cover60

key challenges in black-box optimization research including multi-fidelity optimization,61

multi-objective trade-offs, and high-dimensional search spaces.62

• Emulators to democratize reproducible evaluation on LLM tasks. Emulators trained on63

extensive real LLM experiments replace expensive LLM training and inference with cheap64

surrogate queries, providing access to validated LLM-grounded objectives and enabling65

reproducible comparisons without large-scale compute (Sec. 4.2).66

• Extensive empirical evaluation of BO and black-box baselines. We benchmark a range67

of BO methods alongside HPO and evolutionary baselines, and provide insights into method68

selection and the structural and practical challenges of BO-based LLM optimization, high-69

lighting their potential for LLM tasks (Sec. 5).70

BOLT will be released as a Python library. The anonymized version of our code is available at71

https://github.com/anonom799/bolt, and emulator models and tabular data are available on72

the Huggingface Hub at https://huggingface.co/collections/anonom799/bolt-models.73

Sec. A provides usage examples.74

2 Related Works75

Black-box optimization benchmarks. BBO algorithms are most commonly evaluated on syn-76

thetic functions, such as Ackley, Branin-Hoo, and Hartmann-6 [9], with COCO [29] providing a77

broader suite including 24 noiseless BBOB functions [28] and noisy, large-scale, and bi-objective78

variants. While synthetic functions are convenient benchmarks as they are inexpensive to evaluate,79

analytically tractable, with known global optima, they may not adequately represent real-world BBO80

challenges [58].81

Several real-world BBO benchmarks exist, each targeting specific problem settings. Liang et al. [49]82

introduced five datasets in the material science domain and Kumar et al. [42] introduced a suite of83

constrained optimization problems drawn from real-world applications, though closed-form equations84

are used rather than simulation or experimental results. EXPObench [10] provides four expensive85

real-world problems, such as wind farm layout optimization, with mixed and conditional variables.86

Dreczkowski et al. [17] addresses mixed-variable and combinatorial BO including RNA inverse87

folding. Our benchmark complements these efforts with a focus on optimization problems arising in88

LLM development, a setting not addressed by existing BBO benchmarks.89
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Table 1: Summary of BOLT optimization problems. MF: multi-fidelity. MO: multi-objective.
Family Problem Dim Optimization challenges

Hyperparameters
HPO 7 mixed variables
HPO-MF-Cont 8 mixed variables, MF (continuous)
HPO-MF-Disc 8 mixed variables, MF (discrete)

Data mixtures
DMO 6 simplex constraint
DMO-MO 6 simplex constraint, MO
DMO-Het 6 simplex constraint, heteroscedastic noise

Prompts

PO-128 128 high-dim.
PO-256 256 high-dim.
PO-512 512 high-dim.
PO-768 768 high-dim.

Optimization benchmarks for deep learning tasks. Closer to our setting are benchmark suites90

targeting HPO in machine learning. HPOBench [18] and YAHPO Gym [61] provide surrogate-91

and tabular-based HPO problems over classical ML models, with support for multi-fidelity and92

multi-objective settings. HPO-B [4] is another large-scale black-box HPO benchmark derived from93

OpenML. These benchmarks have driven meaningful progress in HPO research. However, these94

benchmarks target classical or moderately-sized ML models and do not capture the optimization95

challenges that arise in LLM development, a gap our benchmark is designed to address.96

BBO for LLM. Concurrently, a growing body of work has framed LLM optimization problems as97

BBO. In prompt optimization, Zhou et al. [81] and Yang et al. [77] first formulated it as a black-box98

problem and used the LLM itself as the optimizer. InstructZero [13] optimized prompts for black-box99

LLMs via BO with Gaussian process (GP) surrogates and instruction-coupled kernels. ZOPO [34]100

proposed NTK-based GPs targeting local optima, INSTINCT [51] used a neural surrogate over101

embeddings, and EASE [74] jointly optimized instructions and exemplars via neural bandits.102

HPO for LLM fine-tuning presents another natural application for BO, as evaluation cost makes103

sample efficiency crucial. BO is well-established as an effective approach to HPO in machine learning104

[64, 66], and recent work extends this to LLM settings. Jang et al. [37] applied multi-objective BO105

to jointly optimize hyperparameters and fusion weights, while Seong-Eun et al. [63] injected LoRA106

domain knowledge into the search space to acheive strong configurations in as few as 30 iterations.107

Beyond prompting and HPO, BO has been applied to data mixture optimization. Yen et al. [78]108

proposed a multi-fidelity framework that models uncertainty across mixtures and scales, while Chen109

et al. [14] used BO to re-weight post-training mixtures, achieving performance gains. These works110

indicate that BO is effective for a range of LLM optimization problems, with its sample efficiency111

and principled uncertainty quantification. Our benchmark complements these efforts by enabling112

accessible and reproducible comparison of BBO methods across these emerging problems.113

3 Preliminaries114

Black-box optimization seeks to optimize a black-box objective function f : X → Rd, where d is115

the output dimension, d = 1 for single-objective problems and d > 1 if there are multiple objectives.116

Observed values are often noisy: y = f(x) + ε, where ε ∼ N (0, σ2
N). For instance, finding the117

hyperparameter that produces the best LLM performance is one such black-box optimization problem.118

4 BOLT119

BOLT provides a suite of LLM problems for reproducible and accessible benchmarking of BO120

and other blackbox optimization methods, via emulators and tabular lookups backed by real LLM121

experiments. An overview of task families and optimization problems is in Table 1. There are 3 task122

families: hyperparameter optimization (HPO), data mixture optimization (DMO), and prompt123

optimization (PO). We provide detailed descriptions, problem formulation, and problem variants of124

HPO in Sec. 4.3, DMO in Sec. 4.4, and PO in Sec. 4.5.125
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Figure 1: 2D slices of emulator landscapes

Table 2: Validation of objective function emulators using Spearman’s rank correlation ρs between
emulator predictions and true evaluations. HF: high fidelity. LF: low fidelity.

Emulator Problems Objective ρtrain / ρtest ntrain /ntest

HPO-8B HPO, HPO-MF-Cont, HPO-MF-Disc (HF) MATH-500 0.967 / 0.938 7404 / 785
HPO-4B HPO-MF-Disc (LF) 0.916 / 0.905 7091 / 819

DMO-4B DMO, DMO-MO, DMO-Het
IFEval 0.759 / 0.721

3014 / 160MATH-500 0.780 / 0.779
MBPP+ 0.758 / 0.721

DMO-Noise DMO-Het MATH-500 σ 0.945 / – 50 / –

4.1 Design Principles126

BOLT is designed around three principles that distinguish it from existing optimization benchmarks.127

Grounded in real LLM development workflows. Each task family in BOLT corresponds to critical128

decisions in the modern LLM pipeline. Objective landscapes are obtained via real LLM experiments,129

ensuring that algorithm comparisons on BOLT will be meaningful for practical LLM research.130

Structured coverage of BO challenges. BOLT provides controlled variation of challenges most131

relevant to modern BO research: mixed continuous-discrete-categorical search spaces, multi-fidelity132

observations with both continuous and discrete fidelity parameters, multi-objective trade-offs, het-133

eroscedastic noise, and high dimensions.134

Reproducibility through emulators. Running BBO experiments with LLM training or inference in135

the loop is prohibitively expensive and often irreproducible due to under-specified configurations,136

making it hard to reliably compare methods. BOLT addresses both issues through deterministic137

emulators, which are surrogate models fitted on real experimental runs to reproduce the objective138

landscape at negligible query cost. Every blackbox function in BOLT is backed by an emulator or139

tabular data, so BBO methods can be evaluated without access to LLM infrastructure.140

4.2 Emulators141

The key purpose of our emulators is to democratize BBO research on modern LLM problems.142

Currently, validating BBO methods on LLM tasks requires large-scale compute that is inaccessible to143

most researchers. Our emulators remove this compute barrier, enabling BBO researchers to engage144

with modern LLM problems against validated surrogate objective landscapes at negligible cost. Using145

emulators in place of expensive oracles is also well-established in optimization benchmarking [30];146

HPOBench and YAHPO Gym both offer surrogate models, and YAHPO Gym shows that surrogate-147

based benchmarks match real functions more closely than tabular-based ones.148

We fit 2-layer MLPs for the optimization objective of HPO and DMO tasks, which map a given LLM149

training configuration (e.g., data mixture) to the observed performance. Data for the emulators were150

generated via random sampling and adaptive sampling strategies: one maximizing emulator gradient151

magnitudes (to focus samples in high-variation regions) and one maximizing predicted objectives152

(to ensure the emulator is anchored by observed high-performing configurations). Random samples153

provide broad input space coverage, while adaptive strategies concentrate effort where it matters.154

Emulators are validated on a Sobol-sampled held-out test set to ensure uniform space-filling coverage.155

We report Spearman’s rank correlation ρ as the validation metric, since candidate ranking matters156
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more than absolute calibration in BO. Train and test ρ are close across all emulators (Table 2),157

indicating no overfitting. The more complex landscape of the DMO emulator in Fig. 1 and lower ρ158

compared to HPO, suggests that the DMO objective is intrinsically harder to optimize than HPO’s.159

For the heteroscedastic task in DMO, the noise model is a non-parametric kernel regression model160

fitted on 50 configurations, each with score standard deviation estimated from 5 repeated evaluations,161

with k-fold cross-validation. Additional details on emulator training, further analysis of emulators,162

including for multi-fidelity settings and noise emulators, are in Sec. B.163

4.3 Hyperparameter optimization (HPO)164

The choice of hyperparameters (e.g., learning rate, batch size) plays a significant role in determining165

the effectiveness of LLM training [46]. Our HPO benchmark consists of a moderate-dimensional166

search space that describes how the LLM performance varies w.r.t. the choice of LoRA fine-tuning167

hyperparameters (rank, alpha, target modules), learning rate, and batch size.168

Our benchmark data in BOLT consists of datapoints from real LLM training runs with different169

training hyperparameters. Each training run fine-tunes a model on a fixed 100k-sample subset of170

OpenMathInstruct-2 [69] using LoRA under a given hyperparameter configuration. We then evaluated171

the fine-tuned model on MATH-500 [31, 50] using the lm-eval harness framework [25]. We have172

multiple observations for each training run via checkpoint evaluations throughout training, and used173

early stopping to increase coverage of the hyperparameter space within a fixed compute budget.174

In total, this yielded 7k+ observations per emulator across all runs and checkpoints. We trained 2175

emulators, one for each model size (Qwen3-4B and Qwen3-8B [76]). More details are in Sec. C.1.176

Problem formulation. The base problem search space is a 7 dimensional mixed-variable space,177

comprising continuous variables (learning rate, LoRA dropout), integer variables (batch size, LoRA178

rank, LoRA alpha, LoRA layers), and categorical variables (LoRA target modules). Full search space179

specification in Table 4. After fitting, the emulator is a 2-layer MLP and is deterministic.180

Problem variants. There are three variants in this task family. HPO base problem is single-fidelity,181

single-objective at the full training budget, with a 7-dimensional search space. The other two are182

multi-fidelity variants with an additional fidelity parameter to indicate the observed LLM performance183

at a given scale (i.e., training tokens or model size), making them well-suited for multi-fidelity BO184

research [23]. HPO with continuous token fidelity (HPO-MF-Cont) adds a fidelity parameter s ∈ [0, 1],185

normalized from the raw range [105, 9.1 × 106] that controls the number of training tokens seen.186

HPO with discrete model-size fidelity (HPO-MF-Disc) uses a 4B low-fidelity and 8B high-fidelity187

model. As a result, both multi-fidelity variants are 8-dimensional problems. Evaluating the function188

at a higher fidelity incurs more optimization budget, but yields more accurate observations.189

4.4 Data mixture optimization (DMO)190

Optimization over data mixtures can lead to performance gains for both pretraining [54, 75] and191

supervised fine-tuning (SFT)[14, 48]. Data curriculum adjusts mixture proportions across training192

stages, which further improves performance but increases search space complexity [57, 79]. There is193

also growing research interest in examining the optimization of LLM data mixtures over multiple,194

possibly competing, objectives. Our DMO problem settings span these research areas.195

Datapoints were collected from real LLM training runs across different training data mixtures in196

both single and multi-objective settings. Each training data mixture contains 10k samples randomly197

drawn from three TULU-3 SFT data domains (instruction following, math, and code) [44] at a198

specified mixing proportion. We perform SFT on a pretrained Qwen3-4B model and evaluate on199

three objectives: IFEval [80], MATH-500 (4-shot), and MBPP+ [5, 53]. The DMO-4B emulator is200

trained on 3k+ datapoints, spanning diverse mixture configurations, and predicts all three objective201

scores given a data mixture curriculum. See Sec. C.2 for more training details.202

Problem formulation. The search space is XDMO ≜
{
x ∈ R6

≥0 |
∑3

i=1 xi = 1,
∑6

j=4 xj = 1
}

,203

where x1:3 and x4:6 are the mixture proportions over the three data sources at stage 1 (tokens 0–5M)204

and stage 2 (tokens 5M–10M), respectively. Full simplex-constrained space is specified in Table 5.205

Evaluations comprise IFEval, MATH-500, and MBPP+ scores and these are combined into different206

objectives for each of the three problem variants.207
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Table 3: Example prompt candidates and corresponding scores
Prompt Score
Write the solution in a concise, technical style typical of advanced mathematics. 0.810
Break down the problem into smaller subproblems and solve each one sequentially. 0.716
Provide only the final answer without any explanation or intermediate steps. 0.374

Problem variants. All three variants share XDMO as the search space and a single multi-output208

emulator, differing only in objective definition and noise structure. DMO base problem has a single209

objective and defines the objective as the unweighted mean of the three scores. This serves as the210

entry point for BO on a simplex-constrained space. Multi-objective DMO (DMO-MO) defines the211

objective function fDMO : XDMO → [0, 1]3, returning the three scores directly and targeting Pareto-212

front methods such as multi-objective BO [15]. DMO with heteroscedastic noise (DMO-Het) has213

a single MATH-500 objective and adds ε ∼ N (0, σ2
DMO(x)) to each output, where σDMO(x) is the214

prediction from the noise model. This variant is a natural testbed for noise-aware methods [39, 45].215

4.5 Prompt optimization (PO)216

The right prompts can substantially improve performance at inference time [81]. However, the text217

space is discrete and unstructured, and its embedding space high-dimensional, making undirected218

search inefficient. Prompt selection at test time is also time-sensitive, and long-context inference is219

computationally costly. Our PO dataset and emulator makes it assessible for researchers to evaluate220

their methods on prompt optimization problems, without needing repeated, expensive inference.221

We pre-generated a corpus of 5,014 candidate prompts for mathematical reasoning and embedded222

each prompt using EmbeddingGemma [62], which supports Matryoshka Representation Learning223

(MRL) [43] and can produce meaningful representations at varying dimensionalities. Each prompt224

candidate was evaluated on MATH-500 (0-shot), to maximize the influence of the prompt rather than225

the few-shot demonstrations. Some candidate prompts and their scores are in Table 3. Tabular data is226

used for this task rather than a learned emulator as interpolated embeddings cannot be easily decoded227

back to natural language prompts, and selecting from a pre-generated candidate pool is standard228

practice in prompt optimization [34, 51, 65, 81]. Further details on corpus generation and evaluation229

are in Sec. C.3.230

Problem formulation. The search space is XPO ≜ {zi}5014i=1 ⊂ Rd, where each point zi is the d-dim231

embedding of a candidate prompt i. The objective fPO : XPO → [0, 1] is the MATH-500 accuracy232

obtained under prompt i from Qwen3-14B model. Acquisition functions are optimized over the233

discrete candidate set.234

Problem variants. PO-128, PO-256, PO-512, and PO-768 correspond to MRL truncations at235

d ∈ {128, 256, 512} and the full embedding dimension d = 768, respectively.236

5 Experiments237

We benchmark a wide range of BO methods on BOLT, as well as some common black-box op-238

timization methods. All experiments have noisy observations with σN set to 0.001, except the239

hetereoscedastic noise problem DMO-Het, where noise is input-dependent and thus requires a per-240

point noise model σDMO(x). For single-objective problems, we plot the logarithm of simple regret,241

log(f∗ −maxt′≤t f(xt′)), where xt′ is the observed point at iteration t′. For multi-objective prob-242

lems, we plot the logarithm of hypervolume difference, log(HV(PFt) − HV∗), where PFt is the243

noiseless Pareto frontier across all observations at iteration t. These are common evaluation metrics244

found in optimization literature [15, 67]. The optimal values f∗ and HV∗ are found empirically via245

exhaustive evaluation for tabular data, or gradient ascent of 200 best points found via grid evaluation246

for MLP emulators. Each method has 10 initial observations. All GP-based methods are implemented247

in BoTorch [6], using an RBF kernel with a dimensionality-scaled lengthscale prior [36]. Results are248

averaged over 5 runs and 95% confidence intervals are shown as shaded areas, with initial observa-249

tions excluded in the plots. Additional experimental details and discussion on evaluation metrics are250

in Sec. D.251
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Figure 2: Results on BOLT’s HPO problems. MF variants are plotted against the cumulative budget,
where each observation cost range from 0.1 to 1, depending on the fidelity chosen.

5.1 HPO experiments and analysis252

We compare a range of acquisition functions including Thompson sampling (TS), expected im-253

provement (EI, NEI), upper confidence bound (UCB), knowledge-gradients (KG), entropy-search254

methods (PES, MES, GIBBON), as well as common black-box HPO baselines (TPE, CMA-ES255

BOHB, ASHA). For multi-fidelity problems, we adapt acquisition functions to be cost-aware [23]256

and show the results w.r.t. the cumulative budget. The cost for each multi-fidelity evaluation was set257

to 0.9 · fid(x) + 0.1. More implementation details are in Sec. D.1 and results are shown in Fig. 2.258

GP-based BO methods generally outperform non-GP-based HPO baselines. LogNEI, (MF-259

)MES, and (MF-)GIBBON are the strongest performers across all three settings over 200 iterations.260

We note that non-GP baselines have substantially faster wall-clock times (Table 9), although this261

overhead is negligible compared to the much more costly, repeated LLM trainings with different262

hyperparameters at every iteration.263

Evaluation budget is an important consideration for acquisition function selection. In the264

standard HPO setting (Fig. 2a), TS outperforms other methods under 25 iterations but is subsequently265

overtaken. UCB faces a similar budget dependency through its β parameter that balances exploration266

and exploitation, which we analyze in Sec. D.2.267

Cost-scale sensitivity is a practical liability of MF methods. Multi-fidelity acquisition functions268

incorporate a cost utility to discount evaluations at lower fidelities, but there is no principled way to set269

this. We select cost scales by comparing early-stopped runs, though this choice can significantly affect270

performance and fidelity allocation across methods, affecting the transferability to new problems.271

Analysis of acquisitions functions at different cost scales on both MF problems are in Sec. D.3.272

We include a breakdown of fidelity queries per method for both multi-fidelity problems in Sec. D.4.273

5.2 DMO experiments and analysis274

Since LLM finetuning and evaluation are often conducted in parallel, we evaluate both single-275

observation and batched acquisition strategies, plotting performance against the number of optimiza-276

tion iterations. Batched candidates are selected via sequential greedy conditioning [6]. Batch sizes277

and population (for genetic algorithms) are noted where they differ from a default of one.278

We compare against a range of acquisition functions, including multi-objective variants and an279

evolutionary method (NSGA2). Since entropy-based methods (MES, PES, JES) rely on a candidate280

set to approximate the optimal-value/optimal-point distribution, we replace the standard box-uniform281

grid with Dirichlet-sampled points to respect the simplex constraint on each mixture group. For282

DMO-Het, we additionally include noise-aware MLHGP that learns a noise model with expectation283

maximization (EM) [39] and a GP with known ground-truth noise to serve as an oracle upper bound.284

Additional implementation details are in Sec. D.5 and results are shown in Fig. 3.285

NEI-based methods dominate overall. LogNEI performs best on single-objective problems, while286

NEHVI(q = 5) leads on multi-objective DMO-MO problem. Notably, NEHVI with a single observa-287
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Figure 3: Results on BOLT’s DMO problems. (q = 5) indicates a batch size of 5, and NSGA2 has 50
observations in each iteration. All other methods use only 1 observation per iteration.
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Figure 4: Results on BOLT’s PO problems. (q = 5) indicates a batch size of 5. Note that dTURBO
and dBAxUS are our adapted methods for a discretized search space.

tion per iteration matches NSGA2(pop_size=50) despite using 50× fewer function evaluations per288

iteration, and with substantially tighter confidence intervals, indicating more consistent performance.289

Batch BO accelerates convergence. Since batch methods collect more observations per iteration, it290

is expected and observed that they outperform single-observation BO over the same iterations. Larger291

batch sizes generally accelerate early convergence, though gains can diminish over time, for instance,292

MES(q = 5) plateaus after 50 iterations. The effect of batch size is acquisition-function dependent:293

GIBBON shows little difference between q = 5 and q = 10, whereas LogNEI and MES exhibit more294

pronounced gains, possibly reflecting differences in the acquisition landscape across methods.295

Noise-aware methods yield modest improvements under heteroscedastic noise. When noise is296

known (LogNEI+KN), performance surpasses standard homoscedastic LogNEI in 200 iterations,297

confirming that correct noise modelling is beneficial. LogNEI+MLHGP performed marginally better298

than LogNEI, suggesting the EM-learned noise model captures sufficient noise structure.299

5.3 PO experiments and analysis300

Beyond benchmarking acquisition functions, we evaluate trust-region and subspace-reduction meth-301

ods, specifically TuRBO [20] and BAxUS [59]. Since PO problems operate over a discrete candidate302

set, we introduce discretized variants of these methods, which we term dTuRBO and dBAxUS. In these303

variants, the trust-region hyperrectangle is replaced by the k nearest neighbors of the current best304

solution in embedding space, where k is doubled upon success and halved upon failure. Consequently,305

Sobol candidate generation and sparse perturbation are no longer required. We omit SAASBO [19]306

due to its prohibitive computational cost, and MSR [60] as it is inapplicable to discretized search307

spaces. Finally, for acquisition functions that support batch selection, we include results with batch308

size 5, reflecting the parallel evaluation setting common in practice. More implementation details,309

including on dTuRBO and dBAxUS, are provided in Sec. D.6. Results are shown in Fig. 4.310
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Standard acquisition functions fail to scale. LogEI, LogNEI, UCB, TS, and GIBBON largely311

plateau between −3 and −5 log simple regret within the first 50 iterations, with negligible improve-312

ment thereafter, making them indistinguishable from random search. A notable exception is LogEI at313

PO-768, which descends to approximately −7, suggesting it benefits from the richer expressivity of314

the full embedding dimensionality, though it remains far behind trust-region methods.315

Batch evaluation partially compensates for the absence of trust-region structure. Log simple316

regret of LogNEI(q = 5) reaches approximately −12.5 for all PO problems without any local search317

constraints, far exceeding its sequential counterpart and showing that parallel acquisition provides318

meaningful gains independent of trust-region structures.319

Local search methods lead to substantial performance gains. Across all problem dimensions,320

dTuRBO+LogNEI and dBAxUS+LogNEI reach log simple regret of approximately −10 to −15,321

demonstrating that the k-NN trust region adaptation perserves the effectiveness of local search in322

discretized search spaces. Combining local search with batch evaluation yields further gains, with323

dTuRBO+LogNEI(q = 5) and dBAxUS+LogNEI(q = 5) achieving the lowest regret and approaching324

the optimal solution within 200 iterations, across almost all PO problems.325
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variance for PO

Subspace reduction may be unnecessary for LLM embedding spaces.326

At PO-128, dBAxUS performs notably worse than dTuRBO, as PO-327

128 embeddings require 74.2% of principal components to explain 95%328

of variance (Fig. 5), violating the low-dimensional active subspace as-329

sumption underlying BAxUS [59]. At higher dimensionalities, where330

variance concentrates in fewer principal components, dBAxUS recovers331

but results are mixed for single-observation runs. With batch size 5,332

dBAxUS matches dTuRBO but converges more slowly, likely due to333

wasted evaluations in very low-dimensional subspaces before expansion.334

This suggests subspace reduction is most effective when the embedding335

space has genuine dimensional redundancy, a property that may not hold336

for LLM embeddings, as they tend to be broadly informative across dimensions.337

6 Limitations338

To collect sufficient data to fit reliable emulators for BOLT, we required practical measures such as339

smaller training token budgets, reduced maximum token limits, and, for HPO tasks, the exclusion of340

chain-of-thought reasoning. This may not represent the best achievable performance of the evaluated341

models under unconstrained inference. Nevertheless, the optimization challenges BOLT is designed342

to benchmark (mixed-variable search spaces, simplex-constraints, and more) are intrinsic to the343

structure of LLM tasks themselves and remain consistent across inference and training configurations.344

We also plan to update the benchmark with new LLM architectures in the future, in an effort to345

continue modernizing optimization benchmarks.346

7 Conclusion and Future Work347

Black-box optimization methods hold significant promise for automating and accelerating LLM348

pipeline optimization, but progress has been hampered by the lack of accessible and reproducible349

evaluations grounded in real LLM experiments. BOLT is critical to unlocking this progress, by350

providing emulators and tabular datasets built on real LLM experiments, enabling fast, reproducible351

benchmarking without large-scale compute.352

Our evaluation reveals that mature BBO methods, in particular, NEI- and GIBBON-based approaches,353

transfer effectively to LLM tasks, but strong performance required adaptation to LLM-specific354

structural challenges, including simplex-constrained and discretized search spaces. These challenges355

reflect the structure of real LLM pipeline optimization problems and highlight gaps for the BBO356

community to tackle.357

BOLT is extensible to more optimization problems, for example contextual and constrained optimiza-358

tion, as new optimization settings can be constructed using our publicly available emulators and data.359

There are also many other LLM-centric tasks that fit the black-box optimization framework, such as360

decoding configuration and RLHF reward weighting, that can be future extensions of BOLT.361
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A BOLT usage examples570

1 from bolt import HPO
2 import torch
3

4 # Instantiate a problem
5 problem = HPO(noise_std=0.001)
6

7 # BoTorch-compatible metadata
8 problem.bounds # (2, 7) tensor of lower/upper bounds
9 problem.dim # search-space dimensionality

10 problem.continuous_inds # indices of continuous variables
11 problem.discrete_inds # indices of integer variables
12 problem.categorical_inds # indices of categorical variables
13

14 # Sample random candidates and round integer/categorical variables
15 lb, ub = problem.bounds
16 X = lb + torch.rand(10, problem.dim) * (ub - lb)
17 X[:, problem.discrete_inds] = X[:, problem.discrete_inds].round()
18 X[:, problem.categorical_inds] = X[:, problem.categorical_inds].round()
19 y = problem(X) # (10, 1)

Listing 1: BOLT usage example.

B Additional emulator details and analysis571
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Figure 6: Real and predicted ranks on test set.
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Emulator training. We chose 2-layer MLP for objective emulators to balance the trade off between572

model complexity and amount of training data needed, to prevent overfitting. Dropout and layer norm573

was also used during training for regularization.574

Actual and predicted rank comparison of data points in the test set is shown Fig. 6, where predicted575

ranks largely align with actual ranks. For the DMO emulator, lower- and higher-ranked points are576

generally better aligned than intermediate ones, which could be due to mixture compositions in the577

intermediate range being more similar and harder to discriminate.578
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Figure 9: Noise emulator predictions for MATH-500 standard deviation. if_prop1 indicates mix-
ture proportion of information following data at stage 1 of the curriculum, while math_prop1 and
math_prop2 represent math data proportions at stage 1 and 2 respectively.

Multi-fidelity settings. We analyze the HPO emulators under multi-fidelity settings in Fig. 7. For579

continuous fidelity, as expected, error relative to the highest fidelity is largest at lower fidelities. For580

discrete fidelity, differences largely cluster around −0.6 to 0.2, indicating that the 4B model serves as581

a reliable proxy for the 8B model’s performance.582

Multi-objective setting. We visualize the optimal Pareto frontier of the DMO-4B emulator in Fig. 8,583

shown as three 2D slices of the joint IFEval–MATH-500–MBPP+ objective space. A clear trade-off584

is visible between IFEval and MATH-500, forming a concave frontier in that projection. MBPP+585

varies more smoothly across the frontier, suggesting code performance is less in tension with the586

other two objectives. Overall, the frontier spans a diverse set of Pareto-optimal mixtures, reflecting587

meaningful flexibility across objective priorities.588

For the noise model, hyperparameters such as kernel choice were selected via k-fold cross-validation589

with k = 5. The final model was trained on all 50 data samples using the selected hyperparameters: a590

Laplacian kernel with γ = 0.1. This model choice was motivated by the limited number of samples,591

as each data point requires multiple training runs and evaluations, making large-scale collection592

computationally expensive.593

Visualization of the noise model predictions are shown in Fig. 9. The predicted noise distribution594

closely mirrors the actual, with higher noise concentrated at low if_prop1 (stage 1 information595

following proportion) and high math_prop1 (stage 1 math proportion) values. The predicted vs.596

actual plot on the training set also shows points tracking closely along the diagonal, confirming that597

the noise emulator fits the training data well. Some underestimation is visible at higher std_math598

values, which is expected given the limited number of high-noise samples in the 50-point training set.599

C Details on data generation for emulators600

C.1 Hyperparameter optimization601

OpenMathInstruct-2 [69] was selected as the training data. We used only the answer for training,602

due to time and compute constraint. Long reasoning chains increase the training and evaluation time603
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substantially. Evaluation was similarly done by prompting for only an answer without reasoning, on604

MATH-500.605

We fine-tune from Qwen3 Base models rather than the Instruct models for this task, for more variance606

in the evaluation scores. 2 H200 was used for each training run, and checkpoints are saved every 200607

steps for evaluation.608

HPO’s mixed-variable search space is specified in Table 4.609

Table 4: Mixed-variable search space for HPO.
Parameter Type Range

Learning rate Cont. [10−6, 10−3] normalized to [0, 1]
Per device batch size (2n) Int. [2, 4] (effective batch size is 2×)
LoRA rank (2n) Int. [2, 5]
LoRA alpha (2n) Int. [2, 5]
LoRA dropout (2n) Cont. [0, 0.1] normalized to [0, 1]
LoRA layers Int. [1, 30]

LoRA target modules Cat.

0: (q_proj, v_proj)
1: (q_proj, v_proj, k_proj, o_proj)
2: (gate_proj, up_proj, down_proj)
3: (all-linear)

[HPO-MF-Cont] Token fidelity Cont. [105, 9.1× 106] normalized to [0, 1]

[HPO-MF-Disc] Model fidelity Cat. 0: HPO-4B emulator
1: HPO-8B emulator

C.2 Data mixture optimization610

We construct training mixtures from three datasets spanning instruction following, math, and611

coding: tulu-3-sft-personas-instruction-following, tulu-3-sft-personas-math, and612

tulu-3-sft-personas-code [44]. Each training run has two stages: stage 1 (tokens 0-5M) and613

stage 2 (tokens 5M-10M). At each stage, 10k samples are drawn from the three datasets following614

a mixing proportion. This roughly corresponds to 5M tokens or less for each 1 epoch. Training615

hyperparameters are: learning rate 10−4, per device batch size 16 (effective batch size 32), lora rank616

8, lora alpha 8, lora dropout 0.05, lora layers 30, and lora target modules q_proj,v_proj.617

Evaluations were done with lm-eval [25]. We use the inst_level_strict_acc metric for IFEval,618

math_verify metric for MATH-500 (4-shot, minerva format), and pass@1 for MBPP+.619

Table 5: Simplex-constrained search space for DMO.
Parameter Type Range Constraint

x1 IF proportion (stage 1) [0, 1] x1 ≥ 0,
∑3

i=1 xi = 1

x2 Math proportion (stage 1) [0, 1] x2 ≥ 0,
∑3

i=1 xi = 1

x3 Code proportion (stage 1) [0, 1] x3 ≥ 0,
∑3

i=1 xi = 1

x4 IF proportion (stage 2) [0, 1] x4 ≥ 0,
∑6

j=4 xj = 1

x5 Math proportion (stage 2) [0, 1] x5 ≥ 0,
∑6

j=4 xj = 1

x6 Code proportion (stage 2) [0, 1] x6 ≥ 0,
∑6

j=4 xj = 1

XDMO ≜ {x ∈ R6
≥0 |

∑3
i=1 xi = 1,

∑6
j=4 xj = 1}. Effective free parameters: 4.

C.3 Prompt optimization620

C.3.1 Prompt generation621

Qwen3-14B was used to generate a set of prompts for the candidate set, using multiple meta-prompts622

to ensure a diverse set of generated prompts. Prompts are embedding using EmbeddingGemma [62].623
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Duplicate prompts were removed via exact text match and thresholding on embeddings distance. In624

addition to generated prompts, common prompts selected by prompt optimization papers in Table 6625

were also added to the candidate set. Meta-prompts used to generate the rest of the prompts are626

shown in Table 7.627

Table 6: Prompts from prior prompt optimization methods.
Method Prompt

Zero-Shot CoT [41] “Let’s think step by step.”

APE [81] “Let’s work this out in a step by step way to be sure we have the right answer.”

OPRO [77] “Take a deep breath and work through this problem step-by-step.”
“Break this down.”
“A little bit of arithmetic and a logical approach will help us quickly arrive at
the solution to this problem.”
“Let’s combine our numerical command and clear thinking to quickly and
accurately decipher the answer.”
“Let’s work through this problem step-by-step:”

PromptBreeder [22] “SOLUTION:”

ZOPO [34] “Let’s find the solution by using the given information.”

INSTINCT [51] “Let’s think about it.”

InstructZero [13] “Let’s use the instruction to solve the problem.”

Plan-and-Solve+ [72] “Let’s first understand the problem, extract relevant variables and their corre-
sponding numerals, and make a complete plan. Then, let’s carry out the plan,
calculate intermediate variables (pay attention to correct numerical calculation
and commonsense), solve the problem step by step, and show the answer.”

C.3.2 Prompt evaluation628

We evaluate candidate instruction prompts on the MATH-500 benchmark [31] using the lm-eval629

library [25], on Qwen3-14B in non-thinking mode. The candidate instruction is placed in the system630

instructions. All evaluations use greedy decoding (temperature T = 0), 4-shot prompting, and631

math_verify as the scoring metric. We cap generation at 1024 tokens.632

The best instruction prompt recovered by our BO search is: “Write the solution in a concise, technical633

style typical of advanced mathematics.”, achieving 81.0% accuracy on MATH-500. Note that the634

optimal instruction is specific to our generation configuration, and may differ especially under a635

different token budget. Our cap of 1024 tokens is substantially smaller than those used in most636

frontier model papers, for example, the evaluation results in Qwen3 use a max output length of637

32, 768 [76]. We chose a smaller budget to keep evaluation cost tractable across 5014 prompt638

candidates evaluations. Qwen3-14B in non-thinking mode is also able to produce concise, direct639

answers that fit comfortably within 1024 tokens.640

D More experiment details641

Monte Carlo (MC)-based implementations were used for LogNEI, PES, MES, GIBBON, JES, and642

KG acquisition functions, with 128 quasi-MC samples using Sobol sequences per iteration.643

D.1 HPO experiments644

For the single-fidelity HPO problem, we compare random sampling, Thompson sampling (TS) [12],645

log expected improvement (LogEI) [3, 38], log noisy expected improvement (LogNEI) [3], upper646

confidence bounds (UCB) [67], predictive entropy search (PES) [33], max-value entropy search647

(MES) [73], GIBBON [55], and joint entropy search (JES) [35]. Knowledge gradient (KG) [23]648

was excluded as it was prohibitively slow for mixed-variable search spaces. These methods were649

implemented using the BoTorch library [6].650

To handle the mixed-variable space, we use a sum-and-product composite kernel comprising a651

Hamming-distance kernel for categorical variables and an RBF kernel for continuous and discrete652

17



Table 7: Meta-prompt categories and generation prompts. All meta-prompts follow the template:
“Generate [N] diverse and distinct short instructions (1–4 sentences each) that [DESCRIPTION].
Each instruction should be phrased as a direct directive to the solver. Output one instruction per line
with no numbering or extra formatting.” The table shows only the [DESCRIPTION] component and
count N for each category.

Category Description Count

Reasoning Style tell a math solver to use a specific reasoning style (e.g., step-by-step breakdown,
chain-of-thought, working backwards, proof by contradiction, elimination of wrong
choices, estimation first, drawing a diagram, considering special cases)

1000

Verbosity tell a math solver to operate at a specific level of detail or verbosity (e.g., give
only the final numerical answer, briefly sketch the key steps, show every algebraic
manipulation, explain each line as if teaching a beginner, include intermediate
checks)

1000

Persona adopt a specific voice or role for solving math problems (e.g., address the reader as
a student being guided, write as a peer collaborator, explain as a strict grader, narrate
as if thinking aloud, use the tone of a competition preparation coach)

1000

Format specify a notation or output format for math solutions (e.g., write all equations in
LaTeX, box the final answer, use numbered lines for each step, present results as a
table when possible, state assumptions explicitly before solving)

1000

Subject-Specific guide a math solver to identify and leverage the relevant mathematical structure of a
problem before solving (e.g., identify whether the problem is algebraic, geometric,
or combinatorial, reframe the problem in the most natural mathematical language,
check whether the problem reduces to a known result)

1000

Common Heuris-
tics

are common, general-purpose problem-solving heuristics applicable to any math
problem (e.g., think step-by-step, verify your answer at the end, re-read the problem
carefully before starting, check your solution against special cases, estimate the
answer before computing)

1000

Adversarial are unhelpful or counterproductive for solving math problems (e.g., vague directives
with no clear method, instructions to skip showing work, contradictory guidance,
focus on irrelevant topics, overly restrictive rules that prevent flexible reasoning)

1000

CoT Triggers serve as zero-shot chain-of-thought triggers — brief directives that prompt a solver
to reason carefully before giving the final answer, as alternatives to “Let’s think step
by step” (e.g., “Take a deep breath and work through this carefully.”, “Reason slowly
and methodically.”, “Walk through your logic before concluding.”)

200

CoT Structured impose an explicit reasoning structure on the solving process (e.g., plan your ap-
proach before computing, write out a scratchpad of intermediate values, number
each logical sub-step, annotate each line with the rule or property used, decompose
the problem into clearly labelled stages)

200

CoT Verification ask the solver to verify or sanity-check during or after solving (e.g., substitute the
answer back into the original equation, estimate the order of magnitude and check
against it, consider a simple special case to test your formula, check each step for
arithmetic or sign errors)

200

CoT Decomposi-
tion

guide the solver to decompose the problem into manageable parts before solving
(e.g., identify all given quantities and unknowns, break into sub-problems and solve
each in turn, reduce to a simpler analogous case first, separate into cases and handle
each independently)

200

CoT Reflection encourage metacognitive self-monitoring during solving — prompting the solver to
reflect on their own reasoning process (e.g., pause after each step and ask whether it
follows logically, flag uncertain steps and revisit them, backtrack if a contradiction
is reached, ask “does this answer make intuitive sense?”)

200

ordinal variables. Acquisition function optimization alternates between local search over discrete653

and categorical dimensions, and gradient-based optimization over continuous dimensions, with654

continuous relaxation and rounding applied to high-cardinality discrete variables (e.g., number of655

LoRA layers, with 30 discrete values) [6].656

For multi-fidelity problems, we compare MF-MES [68], MF-GIBBON, as well as cost-scaled variants657

of single-fidelity acquisition functions (LogEI, LogNEI, UCB, and PES). In cost-scaled acquisition658

functions, acquisition values are divided by an affine cost model c(x) = α · fid(x) + 1, where fid(x)659

is the fidelity parameter and α controls the cost sensitivity. For log-valued acquisition functions,660

log(c(x)) is subtracted from the acquisition values instead. We set α = 0.005 for UCB and PES,661

α = 0.01 for EI, and α = 0.05 for NEI, MF-MES, and MF-GIBBON. A sensitivity analysis over α662

is in Sec. D.3.663
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Finally, we include dedicated HPO baselines from popular HPO libraries: tree-structured Parzen664

estimator (TPE) [8] and covariance matrix adaptation evolution strategy (CMA-ES) [27, 56] from665

Optuna [1] for the single-fidelity setting problem, BOHB [21] from SMAC3 [52] for the continuous-666

fidelity setting, and asynchronous successive halving algorithm (ASHA) [47] from Optuna for the667

discrete-fidelity setting. Note that CMA-ES cannot handle categorical variables and will fall back to668

random sampling for the categorical LoRA target module variable.669

D.2 Discussion on UCB’s exploration parameter670

Results comparing different β in UCB are shown in Fig. 10. While βt following Srinivas et al.671

[67] often overexplore in practice, a fixed β allows direct control over the exploration-exploitation672

tradeoff and thus the convergence behavior. Smaller β values reduce exploration, enabling faster673

initial convergence but potentially at the cost of solution optimality, as seen for β = 1.0 in both674

HPO and DMO plots. Conversely, larger β values converge more slowly but tend to yield better675

final solutions. This suggests that β should be chosen with the compute budget in mind. To balance676

exploration and exploitation effectively, we selected β = 10.0 for HPO and β = 2.0 for DMO for677

comparison in main regret plots in Fig. 2a and Fig. 3a, where these values enable rapid convergence678

to a good solution.679

These results also suggest that an adaptive β schedule could be beneficial in practice, starting with a680

smaller β to exploit promising regions early, then increasing it over iterations to ensure sufficient681

exploration for final solution quality. The schedule of Srinivas et al. [67] is designed for theoretical682

no-regret guarantees in the infinite-horizon setting and grows too aggressively for finite budgets. A683

schedule calibrated to the evaluation budget could offer a principled middle ground between rapid684

early convergence and high final solution quality, which we leave for future work.685
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Figure 10: Comparison of β for UCB on HPO and DMO base problems. "UCB" refers to using
scheduled βt from Srinivas et al. [67]

D.3 Cost scale sensitivity686

In cost-scaled acquisition functions, acquisition values are divided by an affine cost model c(x) =687

α · fid(x) + 1, where fid(x) is the fidelity parameter and α controls the cost sensitivity. Larger α688

penalizes high-fidelity queries more heavily in their acquisition scores, encouraging more low-fidelity689

exploration. We evaluate sensitivity to the cost scale parameter α, comparing α ∈ {0.005, 0.01, 0.05}690

on both multi-fidelity HPO variants (continuous token-based fidelity and discrete model-size fidelity)691

in Fig. 11. The degree of sensitivity varies across acquisition functions and problems. On the692

discrete-fidelity problem (HPO-MF-Disc), methods are generally less sensitive to cost scale, likely693

because the binary fidelity choice limits the ways in which cost weighting can reshape query patterns.694

On the continuous-fidelity problem (HPO-MF-Cont), LogNEI, MF-MES, and MF-GIBBON exhibit695

the greatest sensitivity, with certain cost scales yielding substantially better performance over all696

50 iterations. MF-GIBBON in particular shows large spread across α values. While LogEI, UCB,697

and PES are comparatively robust across cost scales on both problems, they also achieve worse final698
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Figure 11: Performance on MF HPO problems on different cost scale.

performance. This suggests that cost scale sensitivity and strong performance may go hand-in-hand:699

methods that respond to cost scale can exploit it to achieve better results, making cost scale an700

important parameter that requires tuning.701

D.4 Fidelity proportions over iterations702

Figure 12 shows how each method allocates queries across fidelity levels over the course of optimiza-703

tion. Recall the acquisition functions are all cost scaled, with α = 0.005 for UCB and PES, α = 0.01704

for EI, and α = 0.05 for NEI, MF-MES, and MF-GIBBON.705

For the continuous-fidelity setting (HPO-MF-Cont), BOHB concentrates mass at a small number of706

discrete fidelity levels determined by its bracket schedule, as expected from its Hyperband-based707

design. All GP-based methods, including MF-MES and MF-GIBBON, rapidly saturate near fidelity=1708

after a brief initial exploration phase, with only a sparse cloud of low-fidelity evaluations in the early709

queries. Interestingly, LogEI, LogNEI, and UCB each exhibit a secondary cluster of observations710

near the lowest fidelity, indicating a bimodal allocation pattern in which intermediate fidelities are711

largely avoided. This does not appear to harm performance, as LogNEI achieves competitive regret712

with MF-MES on this task (Figure 2b).713

For the discrete-fidelity setting (HPO-MF-Disc), acquisition-based methods generally shift toward714

high-fidelity evaluations as optimization progresses, suggesting a tendency to exploit the high-fidelity715

region despite its greater cost. The notable exception is MF-MES, which begins with nearly all716

high-fidelity queries and progressively reallocates toward the cheap surrogate (fid=0) as the budget is717

consumed. The empirical performance of MF-MES on this task, achieving the third-lowest regret718

behind MF-GIBBON and LogNEI (Figure 2c), suggests that this allocation is not detrimental.719

Given that methods with vastly different fidelity allocation strategies can perform well, these results720

suggest a complex relationship between fidelity allocation and final optimization quality, one that721

likely depends on the specific configurations evaluated at each fidelity level rather than the allocation722

pattern alone.723

D.5 DMO experiments724

For the single-objective problems, we compare random sampling, TS, LogEI, LogNEI, KG, UCB,725

PES, MES, GIBBON, and JES. For the multi-objective problem, we benchmarked TSEMO [11],726

NSGA2 [16], ParEGO [40], NEHVI [15], PESMO [32] MESMO [7], and JESMO [71].727

Information-theoretic acquisition functions (PES, MES, GIBBON, JES, and their multi-objective728

variants) require approximations of the global optimum or Pareto-optimal set. Since standard box-729

constrained sampling cannot satisfy the simplex equality constraints of the data-mixture search space,730

we instead draw feasible candidates via symmetric Dirichlet sampling and select approximate optima731

by Thompson sampling and taking the argmax of each posterior draw over the candidate set. For732

JES, optimal inputs and values are drawn from the same posterior sample to ensure consistency.733
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Figure 12: Fidelity proportions of observations on MF HPO problems.

For multi-objective entropy-search methods, we draw multiple joint posterior samples over feasible734

candidates, extract the non-dominated set from each sample as an approximate Pareto front.735

The reference HV point HV∗ was set per objective as 10% below the observed minimum, with slack736

scaled to each objective’s range. Minima were computed from surrogate predictions over a dense737

regular grid on the mixture-ratio simplex.738

D.6 PO experiments739

For PO experiments, we compare random sampling, TS, LogEI, LogNEI, UCB, and GIBBON, as well740

as batched, dTuRBO, and dBAxUS variants with LogNEI. dTuRBO and dBAxUS are our discretized741

adaptations of TuRBO and BAxUS.742

TuRBO searches within trust-regions for scalability, expanding and contracting trust-region hy-743

perrectangles upon successive improvements and failures respectively, while BAxUS searches in744

reduced-dimensional subspaces via random projection and applies trust-region filtering within that745

subspace. TuRBO and BAxUS are originally designed for continuous spaces, particularly in their746

trust-region methodology.747

We adapted TuRBO and BAxUS to discretized search spaces by representing the trust regions as748

the k nearest neighbors of the current best solution, where k is doubled after τsucc consecutive749

improvements and halved after τfail consecutive non-improvements. The trust region is initialized750

with kinit = ⌊N/2⌋ candidates, where N = 5014 is the total prompt pool size. Both methods use751

τsucc = 3, dTuRBO uses a fixed τfail = 10, while for dBAxUS, τfail is set dynamically per subspace752
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expansion stage, calibrated so that the number of failures required to fully contract the trust region753

matches the per-stage evaluation budget, following the continuous-space contraction rate in BAxUS.754

We show how selected enhancements (batch size, dTuRBO, dBAxUS) affect the simple regret at755

iteration 200 in Table 8.756

Table 8: Delta in log simple regret at iteration 200 vs LogNEI baseline (mean ± std over 5 seeds).
Negative is better as it indicates lower log regret.

Enhancement PO128 PO256 PO512 PO768
q=5 −8.67± 7.75 −8.23± 7.61 −8.40± 7.54 −8.85± 7.67
TuRBO −5.87± 7.55 −10.61± 7.10 −5.12± 7.78 −5.67± 7.67
TuRBO+q=5 −14.05± 0.63† −13.61± 0.46† −13.78± 0.41† −14.09± 0.87†

BAxUS −0.43± 1.09 −2.27± 6.57 −10.82± 6.72 −5.99± 7.38
BAxUS+q=5 −8.61± 6.88 −13.61± 0.46† −13.78± 0.41† −14.09± 0.87†

† All 5 seeds hit the log-regret floor (≈ −18.42); deltas coincide when methods fully floor out.

D.7 On evaluation metric757

In Sec. 5, for single-objective problems, we evaluate performance using simple regret, which is758

defined as f∗−maxt′≤t f(xt′). While simple regret provides a clean picture of optimization progress759

over the budget t, it requires access to the noiseless f in their max term, which is computable on760

benchmarks but unavailable in practice.761

Another popular evaluation metric is inference regret, defined as f∗ − f(x̂t), where x̂t ≜762

argmaxx∈X µt(x) is the point that maximizes the posterior mean at iteration t. Inference regret763

is commonly used in entropy search-based methods [73], and it utilizes the surrogate model in764

estimating the optimal point. We additionally report the per-step variant of simple regret f∗ − f(x̃t),765

where x̃t ≜ argmaxt′≤t yt′ is the best point by noisy observations. Both of these metrics are not766

guaranteed to be monotonically non-increasing, but matches practical evaluation conditions more767

closely.768

Inference regret plots are Fig. 13 and per-step simple regret plots are in Fig. 14. With inference769

regret, methods are less differentiable in some problems like HPO, suggesting that they may have770

similar posterior mean despite different observations. Nevertheless, insights drawn from both plots771

are generally similar to the main simple regret plots in Sec. 5: LogNEI, MF-MES, and MF-GIBBON772

performs well for multi-fidelity HPO-MF-Disc and DMO experiments, methods using noise models773

and information perform better in heteroscedastic noise settings, and batched and dTuRBO methods774

are important for high-dimesional PO problems.775

D.8 Wall-clock time for experiments776

Wall-clock runtimes are reported in Table 9 and Table 10. Note that these runtimes include emulator777

query time, which is negligible. Most experiments ran on L40 GPUs, with a subset using H100 or778

H200 GPUs to accommodate the higher VRAM demands of the GPU-accelerated implementation,779

which scales with the number of observations and input dimensionality (e.g., PO-768 has d = 768780

which is memory intensive).781

E Compute usage782

We detail the compute used for generation of BOLT’s data, and BO experiments in Table 11.783

F Broader Impact784

Our work introduces BOLT, a benchmark to spur development of BBO methods for LLM config-785

uration optimization, and does not directly affect LLM model outputs where societal impacts are786

more pronounced. By enabling more efficient LLM pipeline optimization, BOLT could indirectly787
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Figure 13: Results on BOLT’s HPO problems using inference regret. Random is not included as
random sampling does not maintain a posterior mean.
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Figure 14: Results on BOLT’s HPO problems using per-step simple regret.

24



Table 9: Mean wall-clock time per BO step — HPO and DMO.

(a) HPO

Method Time / step

HPO

RANDOM 0.00186 s
TS 10.8 s
TPE 0.0113 s
LogEI 13.5 s
LogNEI 12.9 s
UCB 12.5 s
UCB(beta=10.0) 12.8 s
PES 16.3 s
MES 17 s
GIBBON 14.6 s
JES 17.1 s

HPO-MF-Cont

RANDOM 0.00654 s
BOHB 0.665 s
LogEI 17.6 s
LogNEI 15.8 s
UCB 22 s
MF-MES 15.8 s
MF-GIBBON 13.6 s

HPO-MF-Disc

RANDOM 0.00525 s
ASHA 0.0175 s
LogEI 16.4 s
LogNEI 12.6 s
UCB 24.5 s
PES 41.7 s∗

MF-MES 29.4 s
MF-GIBBON 18.5 s

(b) DMO

Method Time / step

DMO

RANDOM 0.00509 s
TS 2.02 s
KG 21 s
LogEI 3.7 s
LogNEI 5.53 s
LogNEI(q=5) 17.1 s
LogNEI(q=10) 1.8 min
UCB 3.1 s
UCB(beta=2.0) 3.15 s
PES 7.03 s
MES 3.31 s
MES(q=5) 7.83 s
MES(q=10) 14.5 s
GIBBON 3.17 s
GIBBON(q=5) 21.4 s
GIBBON(q=10) 52.8 s
JES 4.1 s

DMO-MO

RANDOM 0.0246 s
TSEMO 2.35 s
NSGA2(pop_size=50) 8.78 s
ParEGO 4.65 s
ParEGO(q=5) 19.3 s∗

NEHVI 1.35 min
NEHVI(q=5) 6.33 min
PES_MO 16.6 s
MES_MO 9.14 s
MES_MO(q=5) 53 s∗

JES_MO 12.8 s

DMO-Het

RANDOM 0.00541 s
TS 2.03 s
KG 25.2 s
LogEI 3.44 s
LogNEI 6.59 s
LogNEI+KN 5.98 s
LogNEI+MLHGP(em=5) 7.69 s
UCB 2.96 s
UCB(beta=2.0) 3.38 s
PES 4.38 s
MES 3.11 s
GIBBON 2.92 s
JES 4.42 s

∗Ran on H100. †Ran on H200. Otherwise ran on L40

contribute to making capable LLMs more accessible to smaller organizations and researchers with788

limited resources. On the negative side, accelerating LLM development pipelines could indirectly789

contribute to faster proliferation of capable language models, amplifying existing societal concerns790

around misuse.791
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Table 10: Mean wall-clock time per BO step — PO.
Method PO-128 PO-256 PO-512 PO-768

RANDOM 0.00746 s 0.00966 s 0.0146 s 0.0112 s
TS 8.19 s 9.04 s 8.76 s∗ 4.98 s†

LogEI 10.3 s 12 s 6.82 s∗ 1.76 s†

LogNEI 8.55 s 10.6 s 7.15 s∗ 6.54 s†

LogNEI(q=5) 30.3 s 59.4 s∗ 1.01 min∗ 40.7 s†

UCB 7.65 s 9.34 s 7.22 s∗ 4.65 s†

GIBBON 9.57 s 9.94 s 7.34 s∗ 4.89 s†

TuRBO+LogNEI 9.8 s 10.3 s 8.85 s∗ 3.84 s †

TuRBO+LogNEI(q=5) 14.9 s 16.1 s 13.5 s∗ 7.4 s†

BAxUS+LogNEI 7.77 s 7.04 s∗ 7.13 s∗ 4.55 s†

BAxUS+LogNEI(q=5) 8.15 s 7.21 s∗ 9.79 s∗ 7.68 s†

∗Ran on H100. †Ran on H200. Otherwise ran on L40

Table 11: Compute Usage Summary
Stage Model Training Eval

HPO 8B 29 H200 GPU-days 11 L40 GPU-days
4B 21 H200 GPU-days 7 L40 GPU-days

DMO 4B 66 H200 GPU-days 29 L40 GPU-days

PO 14B – 21 H200 GPU-days
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