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Abstract
Optimising chemical reactions over multiple ob-
jectives, such as yield, selectivity, and cost, re-
mains a central challenge in chemical synthesis.
Current model-driven approaches rely on fixed
molecular representations such as one-hot encod-
ings that discard chemical knowledge, or molecu-
lar descriptors that require domain-specific selec-
tion workflows and lack common representations
across chemically distinct reaction components.
Here, we present a multi-objective Bayesian opti-
misation framework that replaces fixed featurisa-
tions with trainable large language model (LLM)
embeddings. Textual descriptions of reaction
conditions are encoded by a fine-tuned language
model jointly optimised with Gaussian process
surrogates, producing dense, task-adaptive rep-
resentations that improve as more experimental
data is collected. We benchmark our approach
against established descriptor libraries and one-
hot encoding baselines across sequential low-data
optimisation of nickel- and palladium-catalysed
cross-couplings and large-batch 96-well plate
high-throughput experimentation regimes, achiev-
ing practical convergence thresholds in fewer it-
erations across all settings. Our framework pro-
vides a general, out-of-the-box approach to multi-
objective reaction optimisation broadly applicable
across reaction types and reaction components,
without requiring descriptor selection workflows
or domain-specific feature engineering.

1. Introduction
Chemical reaction optimisation is essential to chemical syn-
thesis, and optimising reaction conditions requires navigat-
ing vast combinatorial spaces of reaction components such
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as ligands, catalysts, and bases, while balancing multiple
objectives such as yield, selectivity, and cost (Taylor et al.;
Düker et al., 2026; Ball et al., 2025; Nippa et al., 2025;
Schoepfer et al., 2024). This challenge is particularly acute
in pharmaceutical process and preclinical chemistry, where
identifying robust conditions for active pharmaceutical in-
gredient (API) synthesis entails additional environmental,
health, and safety considerations (Zhang; Lipton & Bar-
rett, 2006; Zhao et al., 2024; Clarke et al., 2018), and in
academic settings where enabling novel transformations of-
ten requires extensive exploration of many diverse reaction
parameters (Rowsell et al., 2024; Delaney et al., 2023).

Machine learning approaches have proved remarkably ef-
fective, with Bayesian optimisation emerging as the leading
framework for data-efficient reaction optimisation, having
been applied to low-data regimes (Shields et al.; Torres et al.;
Braconi & Godineau, 2023; Romer et al., 2024; Cadge et al.,
2025b; Zhang et al., 2024; Taylor et al., 2023; Dunlap et al.,
2023) and, more recently, to highly parallel high-throughput
batched reaction optimisation (Sin et al.; Schlama et al.,
2026). Despite these algorithmic advances, how best to rep-
resent reaction components for model-driven optimisation
remains an open and consequential challenge.

Molecular descriptors have been the dominant featurisation
strategy in reaction optimisation and prediction (Figure 1a).
Pre-computed descriptor libraries such as Kraken (Gensch
et al.) and the COSMO-RS (Moity et al.) database provide
readily available steric and electronic properties for estab-
lished compound classes and have been widely adopted (Dal-
ton et al.; Sin et al.; Schlama et al., 2026; Romer et al.,
2024; Cadge et al., 2025b;a; Shved et al., 2024; Christensen
et al., 2021). Alternatively, tailored and often laborious
feature engineering workflows, involving conformer ensem-
ble analysis, statistical decorrelation, and reaction-specific
mechanistic interrogation, can yield highly informative de-
scriptors, though at the cost of computationally expensive
density functional theory (DFT) or semi-empirical calcula-
tions (Samha et al., 2024; Dotson et al., 2022; Souza et al.,
2025; Gandhi et al., 2025; Rinehart et al., 2023; Call et al.,
2025; Ocampo et al., 2025; Bannwarth et al., 2019; Kohn
et al., 1996).

Despite their widespread use, descriptor-based approaches
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Figure 1. Featurisation approaches for model-driven reaction optimisation. a, Conventional approaches for representing chemical
entities. Left: molecular descriptors (e.g., Sterimol parameters, buried volume, and bite angle) incorporate physicochemical properties
derived from density functional theory (DFT) (Kohn et al., 1996) or extended tight-binding (xTB) (Bannwarth et al., 2019), enabling
chemical similarity-aware representations. However, descriptor sets are component-class-specific (e.g., parameters for monodentate ligands
are not directly applicable to bidentate ligands), require domain-specific expertise for feature engineering, and can be computationally
expensive to generate. Right: one-hot encoding assigns a binary indicator vector to each categorical component (e.g., different ligands,
bases, and precursors), yielding sparse, high-dimensional representations that encode no chemical similarity. b, This approach: trainable
large language model (LLM) embeddings for reaction optimisation. Textual descriptions of reaction conditions are encoded by a LoRA-
fine-tuned (Hu et al., 2021) language model into dense, continuous embeddings. These embeddings are passed through objective-specific
projection heads into independent Gaussian process (GP) surrogate models, and the entire architecture is trained end-to-end. The
architecture is embedded within a multi-objective Bayesian optimisation cycle, with the LLM representations improving at each iteration,
organising representations by reaction performance. This yields a unified, task-adaptive representation without requiring descriptor
computation or domain-specific feature engineering.

face fundamental limitations. Selecting which descriptors
to compute relies on a priori chemical intuition about which
molecular properties govern reactivity, a process that is
biased by existing mechanistic understanding and must of-
ten be repeated for each new reaction system. More crit-
ically, descriptors are often not transferable across chem-
ically distinct reaction components. Steric and electronic
parameters for monodentate phosphines, for example, are
only partially applicable to bidentate ligands, and reactions
involving chemically heterogeneous components such as
inorganic bases and organometallic additives may lack any
meaningful shared descriptor space, making feature engi-
neering increasingly prohibitive as chemical diversity grows.

One-hot encoding offers a simpler alternative that is uni-
versally applicable and has shown competitive performance
in some settings (Ranković et al., 2024; Shields et al.; Tor-
res et al.). However, it produces sparse, high-dimensional
representations that encode no chemical similarity, and its
dimensionality scales with the number of reaction compo-
nents (Figure 1a).

Advances in large language models (LLMs) have shown
strong performance across chemical tasks (Ashyrmamatov
et al., 2026; Oarga et al., 2026; M. Bran et al., 2024; Zim-
mermann et al., 2025; Lu & Zhang, 2022; Alampara et al.,
2026; Bran et al., 2026; Armstrong et al., 2025) and demon-
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strated that their learned embeddings can serve as dense,
informative representations for predictive modelling (Ross
et al., 2022; Chithrananda et al., 2020; Jablonka et al., 2024).
Recent work has further shown that LLM representations
can be adapted to specific optimisation tasks through joint
fine-tuning with Gaussian process surrogates (Ranković
et al., 2025). Crucially, LLMs encode arbitrarily complex
chemical information into fixed-length dense representa-
tions directly from text, offering a naturally unified fea-
turisation method across any reaction component. These
important advances notwithstanding, a general framework
for multi-objective reaction optimisation, applicable across
chemically heterogeneous reaction components and vali-
dated across experimental regimes from low-data to high-
throughput settings, has yet to be realised.

Here, we introduce a multi-objective chemical reaction opti-
misation framework that uses trainable LLM embeddings
as a unified reaction representation (Figure 1b). Textual de-
scriptions of reaction conditions are encoded by a low-rank
adaptation (LoRA)-fine-tuned language model and passed
through reaction objective-specific projection heads into
independent Gaussian process surrogates, with the archi-
tecture trained end-to-end via joint marginal log-likelihood
maximisation. This joint training produces dynamic embed-
dings that are refined at each optimisation iteration, progres-
sively organising the latent reaction space by reaction per-
formance. We benchmark our approach against established
descriptor libraries and one-hot encoding baselines across
sequential low-data optimisation of nickel- and palladium-
catalysed cross-couplings and large-batch 96-well plate
high-throughput experimentation campaigns, demonstrating
that our approach achieves practical convergence in fewer
iterations across all settings. By replacing fixed, domain-
specific featurisations with a dynamic out-of-the-box repre-
sentation, we provide a general approach to multi-objective
reaction optimisation compatible with modern HTE automa-
tion platforms, without requiring descriptor computation or
feature engineering.

2. Methods
2.1. Metrics for multi-objective optimisation problems

We consider the simultaneous maximisation of M objec-
tive functions ym : X → R, m = 1, . . . ,M (e.g., reaction
yield and selectivity), over a finite chemical design space
X = {x1, . . . ,xN}, where each xi is a vector of reaction
conditions. The aim is to identify the Pareto optimal set, also
referred to as the Pareto front. We say that x′ dominates x
(written x′ ≻ x) if ym(x′) ≥ ym(x) for all m = 1, . . . ,M
and yj(x

′) > yj(x) for some j ∈ {1, . . . ,M}. The Pareto
optimal set is then defined as:

P∗ =
{
x ∈ X

∣∣ ∄x′ ∈ X : x′ ≻ x
}

(1)

We seek to approximate P∗ using as few experimental
iterations or evaluations as possible with multi-objective
Bayesian optimisation. The quality of a candidate Pareto
front P ⊆ RM , obtained from the current set of observa-
tions, is measured by its dominated hypervolume (Figure 2a)
relative to a reference point r ∈ RM , chosen such that
rm < pm for all p ∈ P and m = 1, . . . ,M :

HV(P, r) = Vol
({

y ∈ RM | ∃p ∈ P :

rm ≤ ym ≤ pm ∀m
}) (2)

where Vol(·) denotes the Lebesgue measure. Hypervolume
is a widely used quality indicator for multi-objective op-
timisation, rewarding both convergence to the true Pareto
front and diversity along it (Torres et al.; Zhang et al., 2024;
Daulton et al., a;b). Importantly, it is monotonic and Pareto-
compliant (Guerreiro et al.; Audet et al., 2021), meaning
that if one candidate Pareto front strictly dominates another,
it will achieve a strictly higher hypervolume. In this work,
we report the normalised hypervolume percentage, defined
as HV(P, r)/HV(P∗, r)×100%, to evaluate the quality of
candidate Pareto fronts P identified by optimisation algo-
rithms relative to the true Pareto front P∗.

2.2. Representing reaction conditions

We evaluate three featurisation approaches for representing
reaction conditions.

One-hot encoding. As a universally applicable and inex-
pensive baseline that has shown competitive performance
in prior work (Ranković et al., 2024; Shields et al.; Torres
et al.), each unique categorical variable (e.g., XPhos, diox-
ane, PhMe) is represented as a binary indicator vector, and
all component vectors are concatenated to form the input
representation (Figure 1a).

Molecular descriptors. Widely adopted as the primary
featurisation strategy in reaction optimisation, molecular
descriptors from established descriptor libraries were in-
cluded as a chemically informative baseline (Dalton et al.;
Sin et al.; Schlama et al., 2026; Romer et al., 2024; Cadge
et al., 2025b;a; Shved et al., 2024; Christensen et al., 2021).
Monophosphine ligands were represented using 190 DFT
descriptors from the Kraken library (Gensch et al.), with
Principal Component Analysis (PCA) (Maćkiewicz & Rata-
jczak, 1993) applied to retain components explaining 99%
of the variance, reducing dimensionality while preserv-
ing information. Solvents were parameterised using four
COSMOtherm-derived DFT descriptors from the COSMO-
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RS database (Moity et al.). The remaining categorical vari-
ables (e.g., bases and precursors), for which comparable
descriptor libraries are not readily available, were repre-
sented using one-hot encoding.

Large language model representations. Natural language
provides a flexible modality for encoding chemically hetero-
geneous reaction components without requiring component-
class-specific featurisation. Each reaction condition xi ∈ X
is represented as a textual prompt describing its components
following the template:

Reaction condition: ligand: {ligand
name} solvent: {solvent name}
precursor: {precursor name} base:
{base name}

A pre-trained language model hϕ maps the tokenised prompt
to a sequence of embedding vectors Hi = hϕ(xi) ∈
RL×demb , where L is the sequence length and demb

is the model’s hidden dimension. A pooling operator
POOL : RL×demb → Rdemb aggregates the token-level rep-
resentations into a fixed-dimensional embedding ei =
POOL(Hi) ∈ Rdemb to produce a sequence-level represen-
tation. We adopt pooling strategies based on each model’s
architecture. For encoder-decoder models, only the encoder
stack is used, and pooling is applied over its hidden states.
The T5 encoder-decoder models (T5-base (Raffel et al.,
2020), T5-small, and T5-chem (Christofidellis et al., 2023))
use mean pooling, which averages hidden states over non-
padded tokens. We use last-token pooling for the decoder-
only model Qwen2.5 (Yang et al., 2024), which takes the
hidden state at the last non-padding position, as causal at-
tention ensures that only this token has attended to the full
input sequence (Radford et al., 2018). Mean pooling is
also evaluated for Qwen2.5. For the BART-base encoder-
decoder model (Lewis et al., 2019), we use mean pooling
following the T5 models, and additionally evaluate CLS
pooling as BART inherits a <s> classification token. All
models were accessed via the Hugging Face Transformers
library (Wolf et al., 2019). Ablation studies over pre-trained
language model architectures and pooling strategies across
all benchmark datasets are presented in Appendix Section B.

2.3. Overview of optimisation loop

We initialise our Bayesian optimisation workflows using
low-discrepancy Sobol sequences (Burhenne et al.) to en-
sure diverse coverage of initial points across the search
space, which are evaluated to form the initial training data.
At each subsequent iteration of the optimisation loop, the
surrogate model is fitted to all currently observed data, a
batch of candidates is selected by optimising the acquisition
function over the remaining design space, and the selected
experiments are evaluated and added to the training set.

We use the qLogNParEGO acquisition function (Daulton
et al., b; Ament et al., 2023; Pilon et al., 2026), a log acquisi-
tion function that conditions on noisy baseline observations
and applies Chebyshev scalarisation to reduce the multi-
objective problem into single-objective subproblems. For
batch acquisition, candidates are selected in a greedy sequen-
tial fashion, with each selection conditioned on previously
chosen pending points.

For surrogate models using fixed input representations (one-
hot encoding and molecular descriptors), we used an opti-
mised Gaussian process (GP) configuration adapted from
EDBO+ (Torres et al.) and Minerva (Sin et al.) following
standard marginal likelihood optimisation. For our approach
using an LLM-based deep kernel surrogate with learned in-
put representations, the GP hyperparameters and language
model parameters are optimised jointly as described in Sec-
tion 2.4. All experiments are repeated over 20 random seeds
to report statistical variation.

2.4. LLM-based deep kernel Gaussian process surrogate

The LLM first maps tokenised reaction condition prompts
to pooled embeddings ei ∈ Rdemb. For each objective
m = 1, . . . ,M , a trainable projection head gϕm transforms
the language model embedding ei to an objective-specific
representation z

(m)
i = gϕm

(ei). A Gaussian process (GP)
then models the mapping from each projected representation
to its corresponding objective value:

ym(xi) = fm(z
(m)
i ) + ϵm,

fm ∼ GP(µm, kθm),

ϵm ∼ N (0, σ2
m)

(3)

where fm is the latent function for objective m, modelled
as a Gaussian process with constant mean function µm and
kernel function kθm , and ϵm is Gaussian observation noise
with variance σ2

m. We use the Matérn-5/2 kernel:

kθm(z, z′) = σ2
f,m

(
1 +

√
5ρ

ℓm
+

5ρ2

3ℓ2m

)
exp

(
−
√
5ρ

ℓm

)
,

where ρ = ∥z− z′∥2
(4)

where σ2
f,m is the signal variance, and ℓm is the length-

scale. Together with the constant mean function µm and
noise variance σ2

m, these constitute the GP hyperparameters
θm = {µm, σ2

f,m, ℓm, σ2
m}. The kernel matrix for objec-

tive m is given by Km = kθm(Z(m),Z(m)) + σ2
mI, where

Z(m) collects the projected embeddings of all observed re-
action conditions. The M GPs are queried jointly by the
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multi-objective acquisition function. The language model
hϕ, projection heads {gϕm}Mm=1, and GP hyperparameters
{θm}Mm=1 are trained end-to-end by minimising the sum of
negative marginal log-likelihoods:

L = −
M∑

m=1

log p(ym | Z(m), θm), (5)

where the marginal log-likelihood for objective m is:

log p(ym | Z(m), θm) =− 1

2

[
ỹ⊤
mK−1

m ỹm

+ log |Km|+ n log 2π

] (6)

where n is the number of observations and ỹm = ym−µm1
denotes the targets centred by the constant mean function.
GP targets are standardised to zero mean and unit variance
for training. Gradients from all M objectives are backprop-
agated through the kernel and projection heads to the shared
LLM parameters ϕ, where each projection head gϕm re-
ceives gradients only from its corresponding objective. This
enables the LLM to learn representations that are jointly
optimised for GP predictive performance across all objec-
tives, while each projection head specialises for its target
objective.

2.5. Parameter-efficient fine-tuning of language models
with LoRA

The language model embeddings of reaction conditions
evolve across BO iterations as the LLM is fine-tuned on
accumulating observations. To do so efficiently, we ap-
ply parameter-efficient fine-tuning (PEFT) with Low-Rank
Adaptation (LoRA) (Hu et al., 2021). Rather than updat-
ing all of the pre-trained language model’s parameters, we
use LoRA to update only a small subset. For a pre-trained
weight matrix W0 ∈ Rd×k, LoRA injects trainable low-
rank decompositions such that the weight update takes the
form:

W = W0 +∆W,

∆W =
α

r
BA, with B ∈ Rd×r,A ∈ Rr×k (7)

where r ≪ min(d, k) is the rank and α is a scaling hyper-
parameter. We use LoRA to target a subset of linear projec-
tion matrices within the pre-trained language models, using
rank r = 4 and α = 16.

3. Results
We benchmarked our approach (MO-LLM) against estab-
lished featurisation methods in reaction optimisation: DFT
descriptors, computed from the Kraken (Gensch et al.) and

COSMO-RS (Moity et al.) descriptor libraries, and one-hot
encoding baselines (see Section 2.2 for more details). All
reaction representations were embedded within the same
multi-objective Bayesian loop and acquisition function (see
Section 2.3). For each benchmark dataset, all reaction repre-
sentation methods were allocated an identical experimental
budget, determined based on the number of optimisation
iterations required for at least one method to reach practi-
cal convergence (≥95% of the maximum hypervolume) on
average across 20 random seeds (Figure 2a). We report the
mean number of iterations required to reach 90% and 95%
hypervolume thresholds, with standard error across seeds, as
these thresholds represent practically relevant levels of con-
vergence to the true Pareto front (see Section 2.1 for a more
detailed explanation of hypervolume metrics). We addition-
ally report the percentage of optimisation runs (initialised
with different random seeds) reaching each hypervolume
threshold within the allocated experimental budget as a mea-
sure of robustness; these results are provided in Appendix
Section A. Among the pre-trained language models and
pooling strategies evaluated (T5-base (Raffel et al., 2020),
T5-small, T5-chem (Lu & Zhang, 2022), BART-base (Lewis
et al., 2019), and Qwen2.5-0.5B (Yang et al., 2024)), T5-
base with mean pooling consistently yielded the best opti-
misation performance and is used in MO-LLM throughout
this study. Full ablation studies across model architectures
and pooling strategies are provided in Appendix Section B.

3.1. Sequential low-data reaction optimisation

We first evaluated our approach (MO-LLM) in sequential
low-data optimisation regimes, where minimising the num-
ber of experiments required to identify high-performing
reaction conditions is the primary goal (Figure 2b). We
used two open-source multi-objective reaction datasets, each
comprising experimental yield and selectivity as the op-
timisation objectives and presenting large combinatorial
search spaces with diverse categorical reaction components:
a nickel-catalysed Suzuki coupling (384 experiments from a
space of 88,000 combinations, varying ligand, Ni-precursor,
base, solvent, co-solvent, and temperature) (Sin et al.), and
a palladium-catalysed Suzuki coupling (404 experiments
from 59,040 combinations, varying ligand, Pd-precursor,
base, solvent, and co-solvent) (Schlama et al., 2026). Each
campaign was initialised with 5 experiments selected us-
ing diversity-guided Sobol sampling (see Section 2.3), after
which the Bayesian optimisation loop selected one can-
didate per iteration. On the nickel-catalysed Suzuki cou-
pling, MO-LLM reached the 90% hypervolume threshold
in approximately 13 iterations on average, roughly half the
number required by both the DFT descriptor-based (∼26
iterations) and one-hot encoding (∼24 iterations) baselines
(Figure 2b). At the more stringent 95% threshold, the gap
narrowed, though MO-LLM retained a consistent advantage,
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Figure 2. Benchmarking multi-objective reaction optimisation across experimental regimes. a, Metrics for evaluating multi-objective
optimisation. Left: the hypervolume indicator quantifies the volume of objective space dominated by the current Pareto-optimal set,
providing a scalar measure of multi-objective performance. Right: convergence is assessed by tracking the normalised hypervolume
over optimisation iterations; the number of iterations required to reach practical performance thresholds (90% and 95% of maximum
hypervolume) serves as a comparative metric across featurisation methods. Additionally, we report the percentage optimisation runs
(initialised with different random seeds) reaching each threshold as a measure of robustness in Appendix Section A. b, Sequential low-data
reaction optimisation benchmarks. Two multi-objective case studies from published reaction datasets are evaluated: a nickel-catalysed
Suzuki coupling (Sin et al.) (384 experiments from a space of 88,000 combinations) and a palladium-catalysed Suzuki coupling (Schlama
et al., 2026) (404 experiments from a space of 59,040 combinations). Iterations required to reach 90% and 95% hypervolume thresholds
are compared for our approach (MO-LLM), DFT descriptor libraries (Kraken (Gensch et al.), COSMO-RS (Moity et al.)), and one-
hot encoding, repeated across 20 random seeds (see Section 2.2 for more details). MO-LLM consistently reaches both thresholds in
fewer iterations across both case studies. c, 96-well plate HTE reaction optimisation benchmark. A palladium-catalysed sulfonamide
coupling (Schlama et al., 2026) (virtual benchmark of 21,648 experiments) from a published dataset is optimised in large parallel batches
of 96 experiments. MO-LLM achieves convergence in fewer plate iterations than descriptor-based and one-hot baselines.

converging in approximately 24 iterations compared to ∼28
for DFT descriptors and ∼30 for one-hot encoding. On the
palladium-catalysed Suzuki coupling benchmark, MO-LLM
achieved both the 90% and 95% thresholds in approximately
65 iterations on average, while the descriptor-based and

one-hot encoding baselines required approximately 80 itera-
tions each to reach the same performance levels (Figure 2b).
Across both case studies, MO-LLM consistently reached
practical convergence thresholds in fewer experiments than
either baseline, improving sample efficiency. MO-LLM also
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achieved a consistently higher proportion of successful opti-
misation runs reaching both convergence thresholds within
the allocated experimental budget, indicating more robust
convergence across different random seeds (see Appendix
Section A).

3.2. Highly parallel 96-well HTE reaction optimisation

Modern high-throughput experimentation (HTE) platforms
have combined parallel screening with data-driven optimi-
sation (Sin et al.; Porte et al., 2026), enabling the explo-
ration of large reaction spaces in compressed experimental
timescales. We next sought to evaluate MO-LLM in this
batched optimisation setting, where reducing the number of
HTE plate iterations directly translates to savings in experi-
mental time. We used an open-source palladium-catalysed
sulfonamide coupling dataset (21,648 virtual experiments,
varying ligand, Pd-precursor, base, and solvent) (Schlama
et al., 2026) as a benchmark, optimising yield and selectivity
in parallel batches of 96 experiments to simulate 96-well
plate HTE campaigns (Figure 2c). Results for 24- and 48-
well plate batch sizes are provided in Appendix Section A.
MO-LLM reached practical convergence thresholds in ap-
proximately 1.2 plate optimisation iterations on average,
whereas both the DFT descriptor-based and one-hot encod-
ing baselines required approximately double the number
of plate optimisation iterations (∼2.4) to achieve the same
thresholds (Figure 2c). MO-LLM also achieved a higher
proportion of successful optimisation runs reaching both
convergence thresholds, with detailed results provided in
Appendix Section A. Given that each 96-well plate cam-
paign typically requires approximately one week of experi-
mental and analytical time, this reduction translates directly
into meaningful savings in time and resources. These re-
sults demonstrate that our approach offers consistent ad-
vantages across both sequential low-data regimes, where
sample efficiency is crucial, and parallel large-batch settings
increasingly adopted in pharmaceutical process develop-
ment and academic high-throughput screening (Götz et al.,
2023; 2025; Mahjour et al., 2023).

Software and Data
All data and custom code developed for this work is im-
plemented in Python and will be made publicly available
in an open-source GitHub repository under the Apache 2.0
licence upon acceptance of this manuscript.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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A. Supplemental main text benchmarking studies
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Figure 3. Sequential low-data optimisation benchmarks comparing different representation methods (MO-LLM, DFT descriptor databases,
and one-hot encoding) on the nickel-catalysed and palladium-catalysed Suzuki coupling datasets. Top panels: mean number of iterations
required to reach 90% and 95% hypervolume thresholds (lower is better, error bars indicate standard error across 20 random seeds).
Bottom panels: percentage of optimisation runs (initialised with different random seeds) reaching each threshold within the allocated
experimental budget (higher is better).
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Figure 4. High-throughput experimentation (HTE) optimisation benchmarks on the palladium-catalysed sulfonamide coupling dataset,
comparing MO-LLM, DFT descriptor databases, and one-hot encoding across 24-well (left), 48-well (middle), and 96-well (right) plate
batch sizes. Top panels: mean number of plate iterations required to reach 90% and 95% hypervolume thresholds (lower is better, error
bars indicate standard error across 20 random seeds). Bottom panels: percentage of optimisation runs (initialised with different random
seeds) reaching each threshold within the allocated experimental budget (higher is better).
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B. Influence of different pre-trained models and pooling strategies
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Figure 5. Ablation studies over pre-trained language model architectures and pooling strategies on the nickel-catalysed (top) and
palladium-catalysed (bottom) Suzuki coupling datasets. Mean number of iterations required to reach 90% and 95% hypervolume
thresholds are compared across T5-chem (mean pooling), BART-base (mean and CLS pooling), T5-base and T5-small (mean pooling),
and Qwen2.5-0.5B (mean and last token pooling). Error bars indicate standard error across 20 random seeds. T5-base with mean pooling
consistently achieved practical hypervolume thresholds within the fewest iterations across all datasets and thresholds.
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Nickel-catalysed Suzuki coupling dataset
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Figure 6. Percentage of optimisation runs (initialised with 20 different random seeds) reaching 90% and 95% hypervolume thresholds
within the allocated experimental budget, across pre-trained language model architectures and pooling strategies on the nickel-catalysed
(top) and palladium-catalysed (bottom) Suzuki coupling datasets. Models and pooling strategies are as described in Section 2.2.
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Figure 7. Ablation studies over pre-trained language model architectures and pooling strategies for high-throughput experimentation
(HTE) optimisation on the palladium-catalysed sulfonamide coupling dataset, across 24-well (top), 48-well (middle), and 96-well (bottom)
plate batch sizes. The bar charts show the mean number of plate iterations required to reach 90% and 95% hypervolume thresholds.
Models and pooling strategies are as described in Section 2.2. Error bars indicate standard error across 20 random seeds.
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Figure 8. Percentage of optimisation runs (initialised with 20 different random seeds) reaching 90% and 95% hypervolume thresholds
within the allocated experimental budget, across pre-trained language model architectures and pooling strategies for high-throughput
experimentation (HTE) optimisation benchmarks on the palladium-catalysed sulfonamide coupling dataset, across 24-well (top), 48-well
(middle), and 96-well (bottom) plate batch sizes. Models and pooling strategies are as described in Section 2.2.
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