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Statement of Significance

The chemical sciences often operate in the low-data regime, yet practitioners typically hold prior beliefs
about what should be feasible or expected. Such priors have seldom been incorporated into modeling approaches
in the chemical sciences. Large language models (LLMs) can offer a route to do so: recent findings indicate
that they carry priors shaped by their architecture and training data that can make them more data-efficient.
On top of that, they accept inputs in natural language and thus enable the use of data that could not have
been used for modeling before. We discuss two recent works that leverage this prior—using LLMs to score
fuzzy criteria in synthesis planning, and as in-context surrogate models for Bayesian optimization—and argue
that fully delivering on this promise will require better ways to evaluate fuzzy objectives and to reproduce
results.

The discovery of a material or molecule class is, by definition, a rare event. In machine-learning terms, this
means that we often have little data for those cases. And yet we rarely start empty-handed: faced with a new
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Figure 1: Inductive biases as priors over candidate functions; the dotted line marks the true function. A uniform
prior (grey) spreads belief evenly and so carries little mass on any particular function; with few data it cannot
concentrate on the truth. A hard restriction (purple red) places uniform mass on a compact set of functions and
none outside it; if the truth falls outside that set, as here, it is excluded no matter how much data is collected. A
soft inductive bias (teal)—what an LLM can provide—keeps support across the whole space while concentrating
most of its mass near the truth, combining the coverage of the uniform prior with the focus of the restriction.
This is what makes it useful when data are scarce. Illustration inspired by Wilson [1] and Goldblum et al. [2].

problem, a chemist already holds strong beliefs about what should be feasible or expected. We have largely failed
to put those beliefs into our models, starting them instead from scratch, as if we knew nothing.

In general, a good model is expressive enough to represent many kinds of functions while also having a
preference—an inductive bias—for the “right” ones [1] (Fig. 1).

Wilson and co-workers identified one such inductive bias in transformers, even untrained ones: they prefer
simple functions [2]. When one randomly samples sequences of characters from these models, the sequences are
simpler than randomly assembled ones. On top of this architectural effect, LLMs carry a prior shaped by all the
data they have seen in training. Two recent works show how to leverage this prior in the chemical sciences [3, 4],
in two complementary ways (Fig. 2).

Strategic reasoning for reaction planning
Synthesis planning is one area of strategic reasoning that relies on expert knowledge, with broad implications
such as in drug discovery, where the goal is to find the most efficient route to a target compound. Current
systems use models that predict single-step transformations. One can then couple those single-step predictions
to a search algorithm, such as Monte Carlo tree search [5], to find feasible synthesis pathways. A good synthesis,
however, also involves strategy. Expert chemists know when to use a protecting group, or not to carry a complex
stereocenter to the final transformation. This is very hard to implement with a search algorithm, and properties
such as “feasibility” tend to be too fuzzy to hard-code.

Bran and co-workers address this by using an LLM for the fuzzy scoring steps. In their Synthegy system,
they guide synthesis planning with natural language [6]. With a prompt such as “highly feasible synthesis routes
with high overall yields consider potential side reactions and byproducts, while ensuring that no unnecessary
reactions are performed”, they could filter out infeasible reactions from their synthesis routes. Crucially, the LLM
never generates routes or predicts single steps—a classical search algorithm does that—and is used only as an
evaluator for these fuzzy criteria. To evaluate the results, they recruited a panel of 36 experts and found that, in
a double-blind A/B study, the experts’ assessments agree with Synthegy in more than 71% of cases. The same
principle extends beyond route planning: the authors also use the LLM to score elementary electron-pushing
steps, guiding the search toward plausible reaction mechanisms.

These results indicate that LLMs can evaluate and rerank candidates against fuzzy criteria expressed in
natural language, drawing on the priors built up during training.
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Figure 2: Both works place the LLM at the same point—as the carrier of the prior—but they use it differently.
(a) In Synthegy, a classical search generates the candidate synthesis routes and the LLM only evaluates them
against a strategy stated in natural language; the LLM never generates chemical structures itself. (b) In BO-ICL,
the LLM is the surrogate model of Bayesian optimization: past experiments are supplied as natural-language
context, the LLM predicts each outcome and its uncertainty (⋆ marks the next pick), and the result is appended
to the context.

Bayesian optimization
Such chemical priors—and the ability to incorporate fuzzy “hints”—also matter for optimization. The most
commonly used flavor is Bayesian optimization, in which a surrogate model is trained iteratively to predict the
expected outcome of each measurement alongside an uncertainty. Using the prediction and uncertainty estimate,
an acquisition function then proposes the experiment that gives the best bet at reaching the optimum in the
next iteration. Despite numerous studies, reviews, and packages on Bayesian optimization, reliably convincing
results remain surprisingly difficult to achieve in practice.

One reason is that we typically begin observations completely ignorant of previous optimizations or general
scientific understanding. Practitioners often use Gaussian processes initialized with a few datapoints for the task
at hand, but seldom draw on learnings from similar experiments or even simple chemical heuristics to guide the
optimization.

Ramos and co-workers provide a different paradigm—again relying on the LLM as prior [7]. The authors
implement the LLM as the surrogate model using in-context learning. In in-context learning, no model weights
are updated, and the “learning” happens directly “in the context” by providing training examples in the prompt.
A useful side effect is that inputs can be provided in natural language, which could be used to incorporate fuzzy
intuitions to further tune the model’s prior. The authors demonstrate Bayesian optimization with in-context
learning on four datasets. They also consider experimental procedures in natural text—a relevant application, as
many modeling efforts currently rely on simplified tabularized representations of experimental procedures—and
at least match the performance of Gaussian process regression. They further perform prospective validation by
optimizing catalysts for the reverse water-gas shift reaction, where their LLM-based optimization approached the
thermodynamic yield limit within a handful of iterations, well ahead of a random search.
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Conclusions and outlook
Both works rest on the same idea: by carrying prior knowledge and accepting inputs in plain language, LLMs let
us do more with less data—and let us simply tell a model what we already know. This may be one of the field’s
central promises, and curiously one of its least explored.

Two obstacles might explain why. The first is evaluation: there is still no scalable, systematic way to score
performance on the soft objectives these methods target, and progress is hard to judge without it. The works
by Bran and Ramos make first steps in this direction — but the fundamental fact that things that are hard to
specify are hard to evaluate remains. For instance, there is no ground truth for what counts as “good strategy”.
Bran and co-workers handle this carefully, with their expert panel—and even so the experts disagree with one
another about as much as they disagree with the system, the more so on the hardest routes. That is less a
shortcoming of their setup than a property of the objective: one cannot cleanly score a system against a target
the experts themselves do not agree on. The temptation is then to fall back on whatever is easiest to measure—a
version of McNamara’s fallacy, where we optimize the proxy we can quantify and quietly drop the objective we
actually care about [8].

The second is reproducibility. This is especially visible in the Bayesian-optimization work: the models in the
preprint were unavailable a short time later, the peer-reviewed version uses a different set, and some of those
are already gone as we write this comment. And it is not only a matter of access: in the synthesis work, the
capability itself is tied to scale—strategy-aware reasoning appears only in the newest and largest models, and
smaller ones do no better than chance. Either way, the prior we lean on is a moving target, and—with proprietary
models—one we often do not control. And it might be even worse than a moving target: the performance
of these models seems to depend, in ways we do not yet fully understand, on factors such as how a problem
is represented or phrased, and they can behave in strange ways—arriving at correct answers through what
philosophers call epistemic luck [9–14]. This matters here because, when an LLM rediscovers a catalyst, it is hard
to distinguish true chemical reasoning from memorization. Such failures can be probed—Ramos and co-workers
scramble their labels and find that their method then does no better than random search, evidence that it uses a
real signal rather than recall—but these checks are still the exception. Even the uncertainty calibration that
Bayesian optimization relies on depends on the base model, and a post-trained model can be less calibrated than
the base one [15].

Beyond this, there is a more fundamental tension. Optimization identifies local extrema within a given
candidate space; discovery seeks to extend that space beyond what was anticipated. The use of a prior is most
suited when data are scarce. However, in discovery we often want to leave the familiar behind—and an LLM’s
prior pulls back toward what is already common in its training data. Ramos and co-workers see this directly: the
pretraining that speeds up their optimization also biases it toward literature-familiar catalysts. This brings us to
the deeper question of whether any model or system can ask new questions or create new knowledge, or only
recombine what it has already seen [16, 17].

The opportunity is nonetheless real: LLMs let us fold the tacit [18], hard-to-formalize knowledge that defines
so much of chemistry—experimental procedures, rules of thumb, intuitions about what should work—directly
into our models. Whether we deliver on it depends less on better models than on whether we, as a community,
learn to evaluate these methods rigorously and to preserve the ground we gain.
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