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Abstract

Steering generative models to propose candidates that optimize expensive black-box func-
tions is a central problem with applications in scientific discovery. Recent approaches inte-
grate Bayesian optimization (BO) with large language models (LLMs) to guide candidate
generation, but often require complex architectures or tight coupling between surrogate
models and generators. We propose Local Thompson Prompting (LTP), a simple and mod-
ular alternative that leverages a Gaussian process (GP) surrogate to perform Thompson
sampling over previously evaluated candidates, and uses the resulting samples to directly
condition LLM prompts. This yields a lightweight mechanism for uncertainty-aware explo-
ration without modifying the LLM or training additional components. We evaluate LTP
on two domains—Semantle (word-guessing) and molecular optimization—and show that it
consistently outperforms existing BO-LLM baselines while remaining architecturally min-
imal. These results suggest that effective BO-style exploration can be achieved through
prompt-level interventions alone.

1. Introduction

Many scientific discovery problems require optimizing expensive black-box functions over discrete,
structured spaces. Drug molecule design is a canonical example: given a protein target, the goal is to
find a molecule with high binding affinity and drug-likeness, where each evaluation may require com-
putationally expensive molecular docking. The challenge is that the search space is combinatorially
large, evaluations are costly, and optimal candidates often lie far outside the observed data.

Large language models (LLMs) have emerged as powerful priors over structured discrete spaces
such as SMILES strings for molecules. They can generate diverse, syntactically valid candidates
and leverage in-context learning to adapt their outputs based on provided examples. This makes
them attractive as generators in a Bayesian optimization (BO) loop, where they can be guided
to produce desirable candidates. However, existing approaches either forgo principled uncertainty
estimation Yang et al. (2023), or optimize an acquisition function in a continuous latent space and
decode proposals back to the input space Agarwal et al. (2025), introducing a gap between where
the surrogate model operates and where candidates are evaluated.

We ask: Can we leverage in-context learning to steer the LLM?

Our approach, Local Thompson Prompting (LTP), uses a Gaussian process (GP) surrogate purely
as a scoring function via Thompson sampling. The resulting samples are used to guide the selection
of in-context exemplars, which steer the LLM toward promising regions of the search space. An
inner refinement loop further enables local exploration. This eliminates the continuous-to-discrete
decoding bottleneck while retaining the GP’s ability to guide generation through uncertainty.

Our contributions are as follows:



e We propose a latent optimization-free framework for Bayesian optimization with LLMs, where
optimization is performed by steering the model via in-context prompts rather than optimizing
over inputs or latent representations.

e We introduce Local Thompson Prompting (LTP), which uses Thompson sampling to construct
prompts that induce an uncertainty-aware proposal distribution over candidates directly in the
input space.

e We demonstrate that this approach achieves strong empirical performance on discrete opti-
mization tasks.

2. Background

Bayesian optimization. BO is a sample-efficient approach for optimizing expensive black-box
functions f : X — R. A GP surrogate p(f|D;) is fit to evaluated observations Dy = {(z;, f(x:))}_;,
and an acquisition function is maximised to select the next candidate. For example, in our MolOpt
setting, X is the space of SMILES strings, and f is a scalarised combination of binding affinity (Vina
score) and drug-likeness (QED).

Thompson Sampling. Rather than optimizing an acquisition function, Thompson sampling
draws a single function sample f ~ p;(f|D;) and selects candidates that maximise f. This pro-
vides natural exploration-exploitation balance and is particularly well-suited to batch selection.

Table 1. Comparison of ICL-based, training-free LLM optimization methods

Method Surrogate Generator Latent BO? Train-free? Domain
OPRO None (greedy) LLM X v General
LLAMBO LLM-as-surrogate LLM X v Tabular
BoPRO GP (input space) LLM v v General
LTP GP (input space) LLM X v General

3. Related Work

We focus our comparison on in-context learning (ICL)-based, training-free methods that use LLMs
as generators over structured discrete spaces. Refer Table 1 for a comparison

OPRO Yang et al. (2023). OPRO frames optimization as iterative prompting: the LLM is
provided with previously evaluated (z, f(x)) pairs and proposes new candidates at each step. It
requires no surrogate and no fine-tuning, but relies on a greedy top-k selection policy without an
uncertainty model. As a result, it tends to stall on harder problems and fails to explore unseen
regions of the search space.

LLAMBO Liu et al. (2024). LLAMBO replaces the GP surrogate with the LLM itself, which
both predicts objective values and generates candidates conditioned on a target score. Uncertainty
is approximated via Monte Carlo prompt permutation—a heuristic that improves with more obser-
vations but remains uncalibrated relative to a GP posterior. LLAMBO excels in early search when
the LLM’s pretrained priors are informative, but its surrogate quality degrades relative to GPs as
data accumulates. It was designed and validated exclusively on hyperparameter tuning over tabular
spaces.



BoPRO Agarwal et al. (2025). BoPRO extends OPRO with a GP fitted in a continuous
embedding space Z. At each step, the acquisition function is maximized in Z to obtain a latent
proposal, and the k nearest observed candidates in Z are retrieved via KNN and used as in-context
examples. This provides principled, uncertainty-driven exploration, but the KNN retrieval serves
as a heuristic workaround for the ill-posed problem of decoding a latent proposal back to the input
space X.

4. Method: Local Thompson Prompting

Our method, Local Thompson Prompting (LTP), replaces latent-space optimization with direct GP-
guided exemplar selection. The key insight is that the GP posterior can be used to rank evaluated
molecules, and these rankings can be communicated to the LLM through in-context exemplars.

Algorithm. Algorithm 1 provides a formal description of LTP.

The inner refinement loop over r =1, ..., R serves a dual exploratory role. At r = 1, the exemplar
pool is initialized as P; = D;, anchoring generation in the neighbourhood of the best previously
evaluated candidates. For r > 1, the pool transitions to Pr = |Ji = 1"7'G;, shifting from global to
local exploration by conditioning the LLM on candidates generated in earlier rounds.

At each round, m exemplars &, C P, are selected by ranking under f . The LLM then generates
n candidates G, = LLMGenerate(&,,n), which are accumulated into C;. After R rounds, the top-k
candidates B; C Ct are evaluated using the true oracle f and appended to Dt + 1.

The Thompson sample f ~ pi(f | Dy) is drawn once per outer iteration and held fixed across all
inner rounds via the Matheron sampling rule, ensuring consistent ranking throughout the refinement
trajectory.

A key architectural difference from BOPRO is that the GP acts as a ranker of candidates rather than
a proposal generator. As a result, GP miscalibration directly affects which molecules are selected as
exemplars for the LLM (see Section 6).

Prompt Design. The LLM prompt includes: (1) a task description specifying the objective(s)
and their relative importance (if multiple objectives are present), (2) task-specific context when
required (e.g., the target protein name, to leverage the LLM’s chemical knowledge), and (3) the
top-k exemplars. Scores are not shown explicitly—the LLM instead relies on structural patterns in
the exemplars rather than numerical interpolation.

5. Experiments

Setup. We use Mistral-large-2407 (via AWS Bedrock) as the LLM generator. The GP uses a
Matern kernel with hyperparameters fit via marginal log-likelihood on the warmstart data and refit
at each iteration. We compare against BOPRO and OPRO.

Task 1: Semantle. Semantle is a word-guessing game where the black-box function re-
turns the cosine similarity between a guessed word and the hidden target word. We use
gte-qwen-2-1.5b-instruct as the encoder model ¢ for generating the embeddings. We evaluate
on 10 hidden words with a budget of 400 black-box evaluations for each word. Results are reported
as average best similarity score across 5 seeds.

Task 2: MolOpt. MolOpt requires finding drug molecules that optimize a scalarised objective
f(z) = 0.8 Vina(x) 4+ 0.2- QED(z) for a given protein target x, following Agarwal et al. (2025). We
use Molformer as the encoder model ¢ for generating the embeddings. We evaluate on 10 protein
targets from the Dockstring benchmark with a budget of 200 black-box evaluations per protein.



Algorithm 1 Local Thompson Prompting (LTP)

Require: Initial dataset Dy, evaluation budget 7', batch size k, refinement rounds R, exemplars
per round m, candidates per round n
1: fort=0,1,...,7—1do

2 fp(f| D)

3: Ci + 0

4: forr=1,...,Rdo

5: if » =1 then

6: P, < D;

7: else

8: Pr Uiz Gi

9: end if

10: Select m exemplars &, C P,
11: G, < LLM(&,,n)

12: Ci + C UG,

13:  end for

14:  Select top-k candidates B; C C;
15:  Evaluate {f(2)}zen,; Dit1 < D U{(z, f(2))}zen,

16:  Update GP posterior piy1(f | Diy1)
17: end for
18: return argmax(y ,)eps Y
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Figure 1. Our method LTP outperforms both BO-
PRO and OPRO across the full evaluation budget
of 50 runs.

Figure 2. LTP substantially outperforms both BO-
PRO and OPRO.

Results. On Semantle (Figure 1), our method is able to solve & 70% of runs on average compared
to BOPRO’s =~ 58% and OPRO’s ~ 50%.

On MolOpt (Figure 2), LTP achieves a scalarised objective value of ~ 0.78 at 200 evaluations
compared to BOPRO’s =~ 0.63 and OPRO’s = 0.62. The consistent gap throughout the run suggests
our GP-guided exemplar selection provides a stronger signal than BOPRQO’s latent-space approach
for this task.

6. Discussion and Future Work

We have shown that adaptive generation with LLMs can be achieved using GP-guided exemplar
selection, yielding a simpler architecture that remains competitive. At the same time, our analysis



indicates that removing the latent-space buffer increases sensitivity to the quality of the GP, making
the following directions important.

Constrained BO. We can integrate a classifier to enforce validity constraints and avoid selecting
invalid candidates for black-box evaluation (e.g., in the MolOpt task).

Representation learning. Instead of relying on pre-trained embedding models, we can learn
candidate representations (e.g., using deep kernel GPs).

Alternative generative models. Our framework is not specific to LLMs; diffusion models or
flow-based models could replace the LLM as the generator.

7. Conclusion

We propose LTP, a simple method for performing Bayesian optimization with LLM-based genera-
tors, and demonstrate strong performance on both Semantle and MolOpt. Our analysis highlights
the role of in-context examples as anchor points for steering generation, suggesting that prompt con-
struction is a key lever for controlling the exploration—exploitation tradeoff. These findings motivate
future work on constraint-aware prompting, more principled exploration strategies, and improved
representations for guiding generation.
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