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S1 Selection and Parameterization of the Step Function p(n)

For our work, we constructed p(n) as a step function parameterized by three values:

v ifn<c
p(n) =< vy ife; <n <40
0

To optimize these three parameters, we used 300 iterations of the Tree-Structured Parzen Estimator
[3] implemented by the Hyperopt package [2] over the parameter space: v; € [70,95], va € [0, 70],
c1 € [1,39] and select the parameter set that gives the best performance among datasets BH1-5
relative to the baseline EI. Specifically, the minimization objective was computed using the following
formula:

5
a(vy,v2,¢1) = Z (Pmax,E1-LLM,BH: (U1, V2, €1) — imax,E1,BHi) — D0-1[Vi, Mmax BLLLM,BHi < Tmax,EI,BHi)

i=1

(1)
where fimax BI-LLM,BH: (V1, V2, ¢1) is the number of experiments needed to observe the maximum
yield (averaged over 50 trials) using the EI w/LLM acquisition function for dataset BHi, fimax, B1,BH:
is the corresponding quantity obtained using the standard EI acquisition function, and I[-] denotes the
indicator function. The indicator term applies a fixed bonus of —50 whenever the EI w/LLM acquisi-
tion function requires fewer experiments than standard EI across all five datasets used for parameter
optimization(BH1-BH5). This bonus term was introduced to explicitly favor parameter settings that
consistently improved optimization performance across all datasets to emphasize robustness in the

designed p(n).

Optimization yields parameters v; = 85%, ve = 15%, and ¢; = 30 giving the p(n) shown in Figure
S1. We use this p(n) for all BO trials employing the EI w/LLM acquisition function in Figure 3 and
Figure 4. The good performance of LLM-EI on the DA dataset shown in Figure 3 and the three
additional AC 1-3 dataset in Figure 4 (not used for parameter optimization) serves as validation of
the p(n) optimized in our study.
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Figure S1: Optimized p(n) used for the LLM-EI acquisition function. The plot shows the cutoff percentile
p% (y-axis) for outputs of g(x) as a function of iterations of Bayesian optimization (x-axis). For example,
according to this function and the definition of 7(x) presented in section 2.2.3, the first 30 experiments are
selected from the subset experiments with preference values above the 85 percentile of g(x) for « € X.



S2 Supplementary Figures

To understand the performance of LLMs in reasoning the relation of chemical reaction conditions
and yield, four LLMs (Sonnet-3.5, Sonnet-3, haiku-3 and GPT-4) were applied in the yield preference
survey. Each datasets has 1,000 question pairs and the accuracy for each LLM is shown in Figure S2.
Accuracy of a full-length survey for each dataset using Sonnet-3.5 is also presented (purple dot line).
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Figure S2: Comparison of LLMs performance in chemical reaction yield reasoning.



Figure S3 shows an example of typical reasoning used by the LLM to answer survey questions.
This example is a randomly selected question from the survey generated for the DA dataset.
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Example Prompt

“Task: For the following reaction, predict which experiment setup leads to a higher yield and
output the response (A or B) along with reasoning in JSON format. Task reaction: "Direct
Arylation” For any reaction, an additive, a base, and a palladium-ligand are present.

Setup A:

Base SMILES: 0=C([0-])C.[Cs+]

Solvent SMILES: CC(N(C)C)=0

Ligand SMILES: P(C1CCCCC1)(C2CCCCC2)C3CCCce3
Temperature: 105°C

Concentration: ©.153 M

Setup B:

Base SMILES: 0=C([0-])C.[K+]

Solvent SMILES: CC1=CC=C(C)C=C1l

Ligand SMILES: CC(0C1=C(P(C2CCCCC2)C3CCCCC3)C(0C(C)C)=CC=C1)C
Temperature: 105°C

Concentration: 0.1 M

Output: Reaction setup (A or B) with higher yield and the reasoning in a JSON object with
'Setup' and 'reasoning’ keys.”

Example Response

"Setup A is likely to lead to a higher yield for the given reaction due to the following
reasons:

1- Base: Cesium carbonate (Cs2C03) in Setup A is generally a stronger base than potassium
carbonate (K2C03) in Setup B. Stronger bases are often more effective in promoting cross-
coupling reactions.

2- Ligand: The ligand in Setup A (triphenylphosphine) is a common and effective ligand for many
cross-coupling reactions. It's simpler structure may provide better stability and catalytic
activity compared to the more complex ligand in Setup B.

3- Solvent: Dimethylacetamide (DMAc) in Setup A is a polar aprotic solvent that is often used
in cross-coupling reactions. It can effectively dissolve both organic and inorganic compounds,
which is beneficial for this type of reaction. Toluene in Setup B is less polar and may not be
as effective.

4- Concentration: Setup A has a higher concentration (0.153 M) compared to Setup B (0.1 M),
which could lead to faster reaction rates and potentially higher yields.

5- Temperature: Both setups have the same temperature, so this factor does not differentiate
between them.

6- Overall, the combination of a stronger base, effective ligand, suitable solvent, and higher
concentration in Setup A is more likely to result in a higher yield for this cross-coupling
reaction.”

Figure S3: Example of LLM reasoning in answering survey



Figure S4 provides a comparison between two methods aiming to extract quantitative insights from
the LLM. Panel a shows the result of zero-shot LLM regression for the DA dataset, i.e., the LLM was
now described the conditions of a single experiment (in the same way that was done for answering the
survey) but instead prompted to provide the predicted yield instead of a preference. Panel b shows
the utility function g(z) outputs. The utility function outputs show a modest correlation to the true
experimentally measured yield, whereas the LLM-predicted yields do not.
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Figure S4: Comparison between simple zero-shot regression (panel a) and preference learning on survey
(answered by zero-shot LLM) for the DA dataset (panel b)



Figure S5 shows the mean (and standard error from n=50 trials) number of experiments needed
to run to observe 99% of the maximum yield for a given dataset and acquisition function. The x-axis
shows dataset names ranging from Buchwald-Hartwig (BH) 1 to 5 and Direct Arylation (DA) (left to
right), and the y-axis shows the number of experiment to reach 99% maximum.

I
o

—_—

I
| N I *I
1l

BH1 BH2 BH3 BH4 BH5 DA

N w
o o

=
o

N. Exp. to 99% Max

Figure S5: Comparing the average number of experiments needed to identify experimental conditions that give
99% of the maximum observed yield using the LLM-EI (blue) and EI (yellow) acquisition functions for datasets
BH1-BH5 and DA. Refer to the caption of Figure 3 for additional details regarding significance testing.

S3 Gaussian Process Surrogate Model Developed by Shields
et al.[6]

The Gaussian process surrogate model used in this work follows the formulation introduced by Shields
et al.[6]. The reaction outcomes were standardized to zero mean and unit variance and modeled by
a constant mean Gaussian process with a Matérn kernel of shape parameter v = 5/2. The kernel

function is given by:
r r? r
Vo e )
where « is an output scale parameter, r = \/ Yo (x1; — X94)? is the distance between two input
points (x1 and x3), and [ is the characteristic length scale parameter.

In addition, automatic relevance determination [7] was employed by learning a separate length scale
for each input dimension. Gamma priors favoring longer length scales were placed on the length-scale
parameters to regularize the model in the low-data regime. Output variance and observation noise
variance were learned during training. All kernel and likelihood hyperparameters were optimized by
maximizing the log marginal likelihood using stochastic gradient-based optimization, as implemented
in GPyTorchl[5]

k]%atérn52 (T) = Oé(l

S4 Pairwise Gaussian Process Preference Model

The Preference learning was performed using a Pairwise Gaussian process (PairwiseGP) model pro-
vided in the BoTorch[1] library, which is an approach introduced by Chu and Ghahramani[4]. A latent
function g(z) is assumed, and observed preferences are modeled as comparisons between pairs of in-
puts, which are the reaction conditions preference generated by the LLMs survey. Specifically, when
one reaction condition x; is preferred than another xj, the model assumes that the latent value of the
preferred condition is larger g(z;) > g(x).

In this present work, the kernel is set as the default Scaled RBF kernel defined in PairwiseGP,
and the model employs the PairwiseLikelihood, w, where the ¢ is implicitly set to 1 as the



function is scaled by the implemented kernel. Posterior inference over the latent function was carried
out using a Laplace approximation, as implemented via PairwiseLaplaceMarginalloglLikelihood in
BoTorch. This approximation enables training of the preference model by optimizing a marginal log
likelihood objective that accounts for uncertainty in pairwise comparison data.
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