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The exponential growth of scientific literature presents anincreasingly acute challenge
across disciplines. Hundreds of thousands of new chemical reactions are reported
annually, yet translating them into actionable experiments becomes an obstacle?.
Recent applications of large language models (LLMs) have shown promise® ¢, but
systems that reliably work for diverse transformations across de novo compounds have
remained elusive. Here we introduce MOSAIC (Multiple Optimized Specialists for
Al-assisted Chemical Prediction), acomputational framework that enables chemists to
make use of the collective knowledge of millions of reaction protocols. MOSAIC is built
onthe Llama-3.1-8B-Instruct architecture’, training 2,498 specialized chemical experts

in Voronoi-clustered spaces. This approach delivers reproducible and executable
experimental protocols with confidence metrics for complex syntheses. With an
overall 71% success rate, experimental validation demonstrates the realizations of more
than 35 new compounds, spanning pharmaceuticals, materials, agrochemicals and
cosmetics. Notably, MOSAIC also enables the discovery of new reaction methodologies
thatare absent from the expert’s training, a cornerstone for advancing chemical
synthesis. This scalable model of partitioning vast domains into searchable expert
regions enables ageneralizable strategy for Al-assisted discovery wherever accelerating
information growth outpaces efficient knowledge access and application.

Therapid advancement of science demands efficient methods to navi-
gate an ever-expanding knowledge base. Hundreds of thousands of
new reactions are documented annually, joining millions of known
transformations across numerous repositories? This exponential
growth presents afundamental challenge in which manually accessing
information becomes inefficient and expertise-dependent (Supple-
mentary Information Section 19). As chemistry drives innovation in
various fields, the ability to translate this knowledge into actionable
protocols becomes critical.

The nature of this challenge points to an intriguing solution. As
chemistry progresses through iterative experimentation guided by
the literature, the field is exceptionally well suited for LLMs integra-
tions. These models, trained on extensive scientific texts, captures
intricate relationships underlying chemical concepts, as exemplified
by GPT-4 (refs. 8,9). Existing approaches in chemistry have achieved
milestone success by developing bespoke models tailored to specific
tasks, such as predicting reaction conditions, estimating overall yields
orinferring predefined reaction action sequences' ™. Recently, there
has been notable progress in making use of LLMs as intelligent assis-
tantsin chemical research’®. Systems built on the language-processing
capabilities of a generative pre-trained transformer (GPT) have dem-
onstrated the potential to coordinate laboratory automation and
synthesis planning**®.

However, present approaches relying on proprietary models face
issues with reproducibility owing to model updates, non-deterministic
outputs®, lack confidence metrics for assessing reliability and struggle
with complex chemical inputsin SMILES** (Supplementary Informa-
tion Sections 13-17). Although existing bespoke models can suggest
reaction conditions or predict yields”, they fall shortin providing the
complete details, such as stoichiometry, temperature profiles, and
workup steps that determine experimental outcomes. These pro-
cedural nuances require extensive laboratory experience, yet even
decades of expertise cannot encompass the growing breadth of experi-
mental methodologies. This limitation also affects robotic synthesis
platforms, in which missing protocols necessitate frequent human
intervention for critical parameters'®",

Recent developmentsinopen-access models suchas Llama 3.1 (ref. 7)
and fine-tuning techniques such as Low-Rank Adaptation (LoRA)* have
enabled domainspecialization for chemistry®. We introduce the Multi-
ple Optimized Specialists for Al-assisted Chemical Prediction (MOSAIC)
model, aframework that transforms Llama-3.1-8B-Instruct into 2,498
specialized chemistry experts (Fig. 1a-d) using the Pistachio database
(see ‘Data availability’). This decentralized search-driven approach
substantially reduces hardware barriers, enabling subset training on
modestly equipped set-ups (4-GPU), rather than large infrastructures
requiring tens or hundreds of graphics processing units (GPUs) at
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Fig.1|MOSAICframework. a, Buchwald-Hartwig aminationreaction fingerprint
generation. The reaction components are encoded using concatenated RDKit
(blue outline) and Morgan (red outline) fingerprints. A difference fingerprint is
computed by subtracting the reactant from product fingerprints, for which
blackrepresents +1, white -1and blank elements 0. b, Schematicillustration
ofthe KMN. The input reaction is used by the KMN to generate features and
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captures reaction characteristics. ¢, Treemap visualization® of the encoded
reaction space, highlighting Buchwald-Hartwigreactions (orange) against
otherreaction classes (blue). The KMN metric effectively distinguishes between
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intraclass clustering.d, Conceptualillustration of specializationsin respective
Voronoi cells. The reaction universe is clustered into regions by FAISS*®

(each cellhasone orseveral reactions of high similarity) and then fine-tuning
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once. Moreover, it mitigates hallucinations through specialized exper-
tise, provides quantifiable uncertainty estimation (Fig. 1e and Extended
DataFigs.1and2) and enables dynamic scaling for new experts rather
thanretraining the entire system (Methods).

Using acollection of language models, we achieve fully elaborated,
human-readable procedures for chemical synthesis using arbitrary
reactions (Fig. 1f). By systematically processing and integrating col-
lective intelligence, this framework offers a valuable tool potentially
applicable to the wealth of expanding scientific domains in which
expert knowledge must be efficiently accessed and applied.

Quantitative assessment

The development of language models capable of generating com-
prehensive chemical procedures represents an emerging frontier
in synthesis planning. Although previous work has largely focused
on specialized models for singular prediction tasks, the ability to
interpret and generate end-to-end synthesis procedures, from rea-
gent selection to yield prediction, remains underexplored. Here we
introduce quantitative assessments to evaluate how fine-tuned lan-
guage models handle such tasks. Further, we benchmark MOSAIC
with general-purpose LLMs, offering perspectives on chemical
understanding in Al systems.

Yield prediction analysis

During predictions, MOSAIC processes the entire experimental proce-
dure, including reagents, solvents and process descriptions, enabling
it to anticipate likely experimental outcomes by integrating several
dimensions of the synthetic considerations (Fig. 2a).

Weimplemented abinning strategy that groupsyieldsintoteninter-
vals of ten percentage points from 0 to 100 (specifications in Sup-
plementary Information Section 4). This approach accommodates
the token-based nature of the predictions while mitigating experi-
mental variability owing to factors such as individual skill levels and
database-reported product impurity.

Our analysis reveals that MOSAIC achieves modest correlations
between prediction bin centres and true yield medians (R*= 0.811;
Fig. 2b). Although the tokenization-based approach shows systematic
patterns, itincurs substantial prediction errors that limitits quantita-
tivereliability (see the ‘Model limitations’section). Also, toensure the
robustness of these findings, we conducted further analysis by limiting
reactions toamaximum of 20 instances per class, which yielded com-
parable performance (R*=0.809; Fig. 2c), confirming that the system
asawhole capturesyield patterns across diverse reaction types rather
than memorizing frequent reaction classes.

Reagent and solvent prediction accuracy

To evaluate the accuracy of MOSAIC in predicting reagents and sol-
vents, we used a quantitative metric (D) measuring the overlap between
predicted and true molecular sets (Methods and Supplementary Infor-
mation Section 5). Summarized results are presented in Table 1 and
Fig.2d.

In the simplest case of single predictions (one-shot), the model
achieves exact matches for reagents and solventsin 22.4% and 29.8% of
cases, respectively, whereas partial matchesincrease to 45.4% and 51.7%,
respectively. When considering predictions using several experts, for
reagents, the exact match accuracy nearly doubles to 43.0%, whereas
solvent prediction accuracy increases to 32.8%. Statistics for the total
number of predictions fromthe top three experts are shownin Fig. 2e.
Furthermore, the partial match success rate in several-expert predic-
tionsreaches 76.0% for reagents and 55.2% for solvents. The combined
successrate for predicting at least some correct components (reagents
or solvents) reaches 94.8%, indicating that MOSAIC almost always

identifies relevant reaction components, even if not providing the
exact conditions. These results show that consulting several experts
improves prediction accuracy.

In cases in which no partial match was achieved even with three
experts, our analysis revealed that MOSAIC frequently predicted
chemically viable alternatives rather than making erroneous predic-
tions. For example, in nitro-to-amino transformations, the model often
predictedironasareagentinstead of the tin chloride presentinthetrue
set. This differentiation reflects the nuanced expertise of the model.
In fact, among the top ten experts for such reactions, all focused on
nitro-to-amino chemistry, one expert (ranked sixth) specialized in
tin chloride transformations (further examples in Supplementary
Information Section 5).

Two representative cases illustrating ‘half-match’ (D =0.5) and
‘no-match’ (D =1) are analysed in Fig. 2f,g. In the no-match cases, the
predictions could represent plausible alternatives to achieve the
desired transformations. The D metric represents a lower bound on
predictionreliability. When evaluated against literature precedents, it
quantifies the guaranteed overlap between predicted and successful
reagents and solvents, without penalizing chemically viable alterna-
tives that differ from the reference protocol. This metricis only appli-
cable when literature ground truth exists. Therefore, it cannot assess
predictions for new reactions in which protocols are not available.
Furthermore, experimental success depends on numerous factors
beyond reagent and solvent selection, including procedural details,
substrate-specific reactivity and operational parameters. Therefore,
directexperimental validations are necessary to assess usein practical
synthesis.

Comparison with general-purpose LLMs

Toevaluate the capabilities of present language modelsin addressing
chemistry-specific tasks while quantifying the advantage from domain
specialization, we compare across diverse and important reaction
types. The assessmentincludes 12 reactions through Suzukicoupling,
olefin metathesis, Buchwald-Hartwig amination, Heck reactions,
Sonogashira coupling and esterification applied to new substrates
with varying complexities. These reactions are tested with: GPT-40
mini, Claude 3.5 Haiku, Claude 3.5 Sonnet and ChatGPT ol Pro.

The evaluation framework considers scoring criteria related to the
chemical understanding and experimental feasibility (Methods). To
ensure reliability and account for response variations, we repeat pre-
dictions from each model three times using identical prompts that
contain the template and example (Fig. 2h). The results, summarized
in Fig. 2i and also documented in Supplementary Information Sec-
tions 13-18, corroborates the framework’s consistent advantage at
providingclearinstructions for chemical synthesis. Operating withonly
8 billion parameters as compared with the likely orders-of-magnitude
larger models such as ChatGPT ol Pro and Claude 3.5 Sonnet, the supe-
rior performance of MOSAIC suggests that targeted fine-tuning and
chemistry-specific optimization can overcome raw parameter count
advantages in specialized domains.

Besides chemistry knowledge, this evaluation revealed that
instruction-following capabilities were as important. Models dem-
onstrated markedly different abilities to respond consistently toiden-
tical prompts. For example, Claude 3.5 Haiku could provide detailed
responses in one trial while refusing to answer in another, claiming
insufficient information. This inconsistency presents a challenge for
users seeking reliable assistance. Premium models such as ChatGPT
ol Pro and Claude 3.5 Sonnet demonstrated better instruction com-
prehension and achieved higher scores than GPT-40 mini and Claude
3.5 Haiku, which exhibited erratic behaviour, including superficial
template copying and inconsistent response patterns. This variation
ininstruction-following reliability represents another barrier to using
general-purpose LLMs for practical synthesis applications, as chemists
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MOSAIC closest centroid distance

The model predicts sodium hydroxide in ethanol,acommon strategy used for
hydrolysis. Inboth examples, the model suggests reasonable alternatives that
couldlead to viable synthetic outcomes. h, Prompt design. The four-section
promptintroducesreactants, completes reagent mappingsin SMILES, translates
to chemical names and then predicts procedures with classification and yield.
i, Comparing general-purpose models with MOSAIC on 12 transformations. The
resultshows superior performance from MOSAIC across the tested reactions.
Scoresbelow 5.0 oftenindicate less useful responses for synthetic practices.
Errorbarsindicate thestandard error of the mean.j, MOSAIC confidence and
experimental success rate plot. Data points represent mean experimental
success rate within the binned distance ranges. Sample sizes are indicated by n.
Greenshadingrepresents datadistribution. Circle sizes are proportional to n.
Cy, cyclohexyl; Et, ethyl.



Table 1| Reagents and solvents prediction results (in %
matches)

Prediction type Match Reagent Solvent Both

One-shot Exact 22.4 29.8 12.9
Partial 45.4 51.7 73.0

Several shots Exact 43.0 32.8 28.9
Partial 76.0 55.2 94.8

‘Both’: solvents and reagents as one set.

require consistent and efficient responses without having to trouble-
shoot model behaviour.

New compounds across broad reactions

To evaluate the practicality, generality and reliability of the proposed
framework, we conducted extensive experimental validations by exe-
cuting exact, highest-ranked predictions onreactions foundational to
modern chemical synthesis. These studies examined two notions of
novelty: molecular and transformation novelty, which concerns the
realizations of previously unreported compounds and reactions. All
experiments are detailed in Supplementary Information Section 19
for methodological transparency.

The focus was placed onbroadly applicable catalytic reactions cen-
tral to pharmaceuticals and materials development. The Buchwald-
Hartwig amination forms carbon-nitrogen bonds that are ubiqui-
tous among drug molecules. Conditions for these challenging reac-
tions were accurately predicted (Fig. 31a-1c), with notable chemical
insight demonstrated through suggestions of palladium-catalysed
Buchwald-Hartwig, copper-catalysed Goldberg and SyAr reactions
asviable alternatives across different substrates (see Supplementary
Information Section 19, case studies on N-arylation reactions). This
versatility proved invaluable in synthesizing derivatives of clinically
important compounds, including the antidepressant nortriptyline
and the cholesterol-lowering medication fenofibrate.

Efficient assembly of drug-like scaffolds was enabled (Fig. 3 2a-2c),
containing sensitive functional groups that typically pose synthetic
challenges under Suzuki coupling conditions?. The framework was
further applied to guide Heck coupling reactions (Fig. 3 3a-3d), in
which previously reported transformations had proved unsuccessful®
(Fig. 33d), demonstrating potential to unlock synthetic bottlenecks.

Through application to olefin metathesis reactions (Fig. 3 4a
and 4b), precise manipulation of carbon-carbon double bonds
in pressure-sensitive adhesive 4-acryloyloxy benzophenone using
cross metathesis and in functional material monomers using ring-
opening metathesis were achieved, supporting applications from
small-molecule synthesis to polymer science*?,

Particular strength was demonstrated in alkyne transformations
crucial for applications ranging from natural products to functional
materials®. Navigation of dual-catalytic systems in Sonogashira cou-
plings was achieved (Fig. 3 5a), essential for advanced materials and
optoelectronic device development?. For diaryl ethers, among the
most prevalent scaffolds in medicinal chemistry and agrochemicals®,
several viable pathways for estrone derivatives were provided (Fig. 3
6a and 6b), adapting established methods for complex bioactive
molecule modification.

Beyond catalytic reactions, transformations in which controlling
selectivity and reactivity remains challenging were investigated.
Controlled oxidation of pentaerythritol derivatives to corre-
sponding aldehydes was accomplished (Fig. 3 7a) while avoid-
ing toxic metals such as chromium?. Implication was shown in
site-selective and stereoselective reactions of chiral pool materi-
als, including previously unsuccessful® conjugate addition to the
monoterpene carvone (Fig. 3 7b) and stereoselective olefination

of L-perillaldehyde (Fig. 3 7¢) using Horner-Wadsworth-Emmons
conditions®.

The capability of the system extended to complex substrate modi-
fications, with prediction of prenylation of the sesquiterpene natural
product sclareolide® (Fig. 3 7e) and site-selective manipulation of
multifunctional molecules through silyl monoprotection of acces-
sible phenolic sites of hesperetin (Fig. 3 7d), a naturally occurring
antioxidantand anti-inflammatory agent. This outcome underscores
the ability of the system to capture established selectivity principles
from training.

Translational applications

The practicalimpact of this computational framework spans diverse
chemical industries through validated real-world applications. In
pharmaceutical development, both new drug-like molecule design
(Fig. 4 8a) and strategic therapeutic modifications (Fig. 4 8b-8d)
are enabled, proving indispensable for optimizing safety, efficacy
and pharmacokinetic properties®. In catalysis research, synthesis
of specialized ligands for industrial processes®* (Fig. 4 9a) and new
photocatalysts that make use of light energy for sustainable chemis-
try* (Fig. 4 9b and 9c¢) is facilitated. The versatility of the framework
extends across materials science, agricultural chemistry and con-
sumer applications. Synthetic routes to conjugated compounds for
electronic devices were accurately predicted® (Fig. 4 10a and 10b),
creation of pyrabactin variants for crop protection was enabled”
(Fig. 4 11a-11c) and synthesis of potential fragrance and anti-ageing
compounds that are analogues of hedione and retinyl retinoate was
achieved®® (Fig. 412aand 12b).

Most notably, MOSAIC has demonstrated potential that enables
the development of new methods. As a case study, we used a cascade
annulation of heteroaryl dihalides to form bioisosteric analogues of
indoles. Conventional annulations of aryl dihalides are well established
butanalogous transformations for the synthesis of various azaindoles
remain underdeveloped®*°, Specifically, a study shows that the syn-
thesis of 5-azaindole derivative does not proceed under the existing
method®. Inlight of this limitation, MOSAIC guided the development of
anew protocol for various azaindole synthesis (Fig. 4 13a-13d) through
an unreported annulation of heteroaryl dihalides with N-alkyl ally-
lamines. Notably, 5-azaindole derivative 13d was afforded under the
developed method. For the tasked reaction forming 13a, the closest
expert centroid distance is 320, well above the typical confidence
threshold (<150). The lack of closely related precedent reactions
underscore that the prediction fell far outside the knowledge space,
indicating agenuinely new transformation from the perspective of the
predicting expert (details in Supplementary Information Section 19
and Extended Data Figs. 1and 2). By using the collective knowledge,
MOSAIC transforms traditional iterative trial-and-error approaches
intoinformed exploration, accelerating access to previously uncharted
regions of chemical space.

Of37realized compounds, 35 proceeded on the first attempt using
top-ranked predictions, with only two requiring lower-ranked proce-
dures. These successful applications represent most of the examined
transformations, although not all predictions yielded successful out-
comes. As detailed in Extended Data Figs. 3 and 4, certain reactions
resulted in trace yields or fell outside the present capabilities of the
model, illustrating the range of experimental outcomes across the
evaluated chemical space. Correlation of predicted product colours
and physical forms with experimental outcomes is summarized in
Supplementary Table 5, with discrepancies found attributable to purity
and isolation variations.

Finally, we investigated all synthetic attempts encompassing trans-
formations presented in Figs. 3 and 4, as well as unsuccessful endeav-
ours as shown in Extended Data Figs. 3 and 4. This study enabled
determination of the relationship between the closest expert centroid
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distances (confidence metric) and experimental outcomes (Fig. 2j).
The resulting correlation exposes a predictive framework. Overall, a
successrate of 71% was achieved. Transformations positionedin close
proximity to expert knowledge domains (distances <100) achieve suc-
cessrates exceeding 75%, whereas those at greater distances fromthe
corresponding experts yield approximately 50%. This observation
establishes a quantitative basis for experimental prioritization, ena-
bling strategic resource allocation between high-confidence targets
for more reliable progress and lower-confidence explorations that
pave the path to new synthetic methodologies.
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Model limitations

Analysis of MOSAIC validation reveals two distinct failure modes that
provide strategic guidance for deployment. High-confidence pre-
dictions that yield poor experimental results indicate the need for
expanded exploration within the prediction space of the model. How-
ever, transformations atlarge distances from the training distribution
reflect knowledge boundariesin which databasesinadequately capture
rapidly evolving methodologies, such as photochemistry (Extended
DataFigs. 3 and 4). MOSAIC proves to be most valuable when applied
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Fig.4|Compoundssynthesized for translational applications across chemical
industries. Isolated yields are reported for all compounds. Products were
obtained using the highest-ranked predictions unless otherwise indicated.
Synthetic targets span pharmaceutical development, materials science, catalysis
research, agricultural chemistry and consumer applications, demonstrating
the broad applicability of the computational framework acrossindustrial

with awareness of these chemical-space limitations, enabling efficient
exploration within precedent-richdomains while serving as an honest
guide toidentify when methodological development may be required.

Moreover, MOSAIC operates within boundaries that reflect the
present state of Alin chemistry. The model excels at identifying and
adapting known reaction patterns but cannot discover entirely new
transformations involving unprecedented reagents, a limitation that
connects with the fundamental role of experimental chemistry in
advancing new synthetic methodologies. Also, MOSAIC is not expected
to achieve optimal yields through one-shot predictions. Successful

sectors.Bold and grey numbersinsquare bracketsindicate the closest centroid
distances to the transformation and MOSAIC-predicted yields, respectively.
2Second-ranked prediction was successful.°Nuclear magnetic resonanceyields.
‘Yield after standard method development practices performed toimprove the
reaction efficiency. See Supplementary Information for experimental details.
Bn, benzyl.

experimental outcomes in this work establish feasibility towards
productive transformations, although iterative optimization may be
needed to maximize efficiency for specific substrates.

For specialized applications, the general-purpose architecture
of MOSAIC trades precision for breadth. For instance, although it
can predict yields for specific Buchwald-Hartwig reactions between
4-methylaniline and aryl halides, it does not match the precision of
bespoke models™ that are optimized for this task using curated data-
sets*’. The presentimplementation inherits constraints fromstandard
LLM tokenization strategies. Onthe one hand, tokenizationinherently
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discretizes continuous chemical yield values into finite vocabulary
units, causing precisionloss. Instead of representing continuous values
asreal numbers with floating-point precision, LLMs map the infinite
space of possible yields (0-100.0%) into a limited set of discrete tokens,
fundamentally constraining numerical representation. Moreover,
although embedded tokens effectively capture chemical knowledge*,
they are stillinefficient with translating between SMILES notation and
compound names for large molecules with several heterocyclic rings.

Implementation of chemistry-specific tokenization approaches, such
as mixing atom-level encoding® or a multimodal representation with
explicit molecular graph information**, could possibly enhance the
performance of MOSAIC. Furthermore, although our implementation
uses Llama-3.1-8B-Instruct as the base model, the architecture of the
framework is model-agnostic and could seamlessly incorporate larger
models such as the 70B and 405B models (ref. 7) or the more recent
Llama 4 series, which demonstrate superior performance in general
language tasks. This flexibility ensures that it can readily incorporate
future advances in both language modelling and chemical representa-
tion, further narrowing the gap between computational prediction and
experimental outcomes.

Discussion

The development of MOSAIC embodies the principle that methods
using computational search tend to scale effectively with increasing
amounts of data and resources. By partitioning the vast chemical
reaction spaceinto searchable Voronoiregions and assigning special-
ized experts to these regions, MOSAIC can continuously expand its
coverage and precision as more data become available. The search
mechanism through Facebook Al Similarity Search (FAISS) enables
efficient navigation, allowing the system to quickly identify the most
relevant expert models for any given query. This architecture allows
us to grow the number of experts as new reaction classes emerge.
Further, this approach avoids the limitations of strict definitions
of reaction types, instead allowing the system to discover and
use similarities across transformation patterns directly from the
Voronoi cells.

Chemists have already adapted to many changesin how literatureis
accessed, from physical books to online repositories, and the advent
of LLMs offers the next transition. We foresee MOSAIC functioning as
acompassinmodern chemical synthesis. The integration of LLMs with
comprehensive reaction databases creates a powerfulinsilico platform
thatenables chemists to systematically obtain reaction procedures and
identify viable synthetic routes with speed and precision. The value of
MOSAIClies notinreplacing chemical expertise butin rapidly surveying
vast chemical space toidentify promising experimental directions that
would otherwise require extensive literature review and accumulated
experience. What once required extensive manual effort and expert
intuition for each reaction to determine suitable conditions can now
be accomplished within minutes.

Although seasoned chemists may not yet rely onlanguage models for
routine transformations, these computational frameworks arebecoming
increasingly indispensablein contemporary laboratory practice. Chem-
istryisanempirical science in which new methodologies often emerge
through meticulous mechanisticinvestigation and serendipitous discov-
ery.Byintegrating empirical and modelling techniques, chemical intui-
tions and data-driven inspirations are bridged. This approach reduces
thetime, resources and possible environmentalimpact associated with
reaction development and optimization, while simultaneously expand-
ing the boundaries of the synthetically accessible space.
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Methods

Model framework and design

Training LLMs on extensive datasets poses substantial computational
challenges, particularly in coordinating several GPU devices across
nodes. Traditional approaches require complex dataand model parallel-
ization strategies, alongside intricate synchronization mechanisms**%,
For large datasets, conventional non-parallelization-optimized train-
ing methods, with limited batch sizes, could extend training times to
months for asingle investigation.

To overcome this limitation, we build MOSAIC through three progres-
sive components. Thefirstis a distance metric to quantify similarities
between chemical reactions. Specifically, we seek a nonlinear kernel
functionK:

KWy V= | 3, 1900 - 0V )P | (1)

By design, this function assigns smaller values to similar reactions
and larger values to dissimilar ones represented by V. Weimplemented
thisidea through a neural network functioning asanonlinearmap ¢, in
whichthe Euclidean distance between the pair of transformed reaction
descriptions (V,and V) approximates K. This architecture, designated
asthe Kernel Metric Network (KMN), processes chemical transforma-
tions encoded in SMILES notation and classifies them among 2,285
distinct reaction classes (training details in Supplementary Informa-
tionSection 1). We extract the 128-dimensional representation, termed
thereaction-specific fingerprint (RSFP), fromthe layer preceding the
classification heads. RSFP therefore encodes essential information
aboutreaction classifications.

The second component uses the FAISS library for efficient clus-
tering*. FAISS implements inverted file indexing*, which generates
quantized Voronoi centroids from vector databases. Althoughinverted
file indexing was originally designed for rapid distance calculations
between query vectors and large databases, we repurposed its clus-
tering capability to partition and architect the reaction space. This
approachfirst evaluates distances between query vectors and Voronoi
centroids and then for vectors within the selected Voronoi regions.
Reactions used during KMN training and validation were encoded as
RSFPs, finally constructing a comprehensive chemical transforma-
tion space that captures desired metrics. In this space, 2,500 unsu-
pervised Voronoi regions were generated. To develop LLM experts
with domain-specific knowledge, we filtered reactions using strict
criteria, primarily requiring detailed procedural descriptions (Sup-
plementary Information Section 2). This process resulted in 2,498
non-empty clusters, each being interpreted as a domain of chemical
knowledge. The Voronoi-clustering methodology effectively groups
related reaction types. For instance, regions containing Buchwald-
Hartwig reactions typically encompass related Goldberg and SyAr
reactions (Fig. 1e), demonstrating the systematic ability to recognize
chemical similarities.

Finally, the Voronoi cells were used to train domain-specific LLM
experts. Rather than initiating independent processes, we first
fine-tuned a base model trained on the complete filtered dataset
(Supplementary Information Section 2). Subsequently, we continue
to individual expert models using data from each set. This approach
allows the expert models to maintain diverse knowledge related to
chemical nomenclature and substance state characterization while
developing specialized expertise in their domains.

When predicting procedures for a new reaction, MOSAIC first
encodes the query reaction using KMN to generate the RSFP. This is
then used to identify the most relevant regions through FAISS, effec-
tively locating the reaction in the chemical transformation space. For
instance, when presented with a Buchwald-Hartwig coupling reaction
involving chloro-substituted aromatics (Fig. 1e), the systemidentified
expert 883, whose knowledge composition predominantly consists of

chloro Buchwald-Hartwig amination and related C-N-bond-forming
transformations. The system activates these domain-specific experts
to provide complete synthetic procedures. These detailed guides in
naturallanguage are directly executable inlaboratory settings. Exactly
following the protocol shownin Fig. 1f afforded amination productin
96% isolated yield.

Conditions-matching metric

Toevaluate theaccuracy of MOSAICin predicting reagents and solvents,
we introduced a quantitative metric (D) to measure the difference
between predicted (S,,.q) and true (S,,.) sets of molecules:

_ |Spred n Struel

D=1
Struel

(2)

The metric serves two purposes: first, it provides a standardized
way to characterize the relationship between predicted and literature
conditions; second, it allows systematic categorization of predictions
by their degrees of match with reference procedures. This categoriza-
tion enables identification of casesin which chemically sound alterna-
tives toliterature methods exist. A difference of zero (D = 0) indicates
that the true set is a subset of the predicted set, which is considered
asanexact match. Predictions are conducted using both one-shot and
several-shots approaches. In the one-shot case, only the first predic-
tion with highest beam score from the top one expert of the query is
considered. Inthe several-shots approach, predictions fromup to three
expertsare aggregated. Furthermore, following an existing approach®,
we record the performance for partial matches, defined as cases in
which atleastone moleculeinthe true set appearsinthe predicted set.

LLM scoring criteria

Models were evaluated using one-shot prompting with a detailed exam-
ple (Supplementary Information Section 10), an established method
forassessing language model performance on domain-specific tasks™.
Credits aregiven on the basis of their ability to: correctly map atomsin
SMILES notation (1 point), identify appropriate reagents and solvents
(1-2 points), detail experimental operation procedures (1 point), specify
quantitative parameters such as molar ratios, temperatures and yields
(1-2 points), description of workup procedures (1 point) and accurately
classify reactions (1 point). Responses that failed to follow instruc-
tions or merely replicated the provided examples incurred a penalty
of =2 points. This penalty distinguished nonsensical or rote responses
from those exhibiting chemical understanding. Each criterion was
evaluated independently, rather than binary success/failure assess-
ments. This granular scoring approach allowed us to capture variations
in the model capabilities and provide a more nuanced comparison
for their chemical-reasoning abilities.

Prompt design

We developed a structured prompt template specifically adapted for
chemical contexts. The template logically organizes chemical infor-
mation to enable reaction prediction and then procedure generation.
Ourimplementation uses the structure described in Fig. 2h. Its design
uses theinherent autoregressive nature of transformer-decoder archi-
tectures® through a carefully arranged sequence to process chemical
information. The prediction begins with the processing of the provided
product and reactant as primary inputs. From here, the model further
generates atom mapping by means of SMILES strings, incorporating
both reagents and solvents. The model then derives specific reagents
and solvent SMILES from the mappings. Before generating natural lan-
guage descriptions, the model converts all SMILES notationsinto stand-
ardized chemicalnames or accepted abbreviations. Using this translated
chemical nomenclature, the model synthesizes detailed reaction pro-
cedures. Finally, the classification and reactionyields are predicted on
the basis of the cumulative information from the previous steps. This



sequential approach enables consistent and chemically meaningful
outputs while maintaining the natural flow of information processing.

Experiment prioritization

We define a prioritization scheme that assigns integer ranks starting
from 1, with higher values indicating lower priorities for experiments.
Given Nexperts, for which each expert e provides M, predictions (M, var-
ies by expert), we establisharanking function R(e,p),in whiche € [1, N]
represents the expertindexandp € [1, M,] denotes the predictionindex
for expert e. The ranking is determined by:

R(e,p)=N(p-1)+e

This formulation ensures a systematic ordering in which all predic-
tions at priority level p areranked before proceeding tolevel p + 1, while
maintaining a consistent ordering among experts within each priority
level. When an expert has exhausted their predictions, they no longer
contribute to subsequent priority levels. Applications of the prioritiza-
tion strategy are provided in Supplementary Information Section 19.

Incremental expert scaling

MOSAIC supports incremental updates through a hierarchical index-
ing design that avoids retraining the entire framework and requires
no rebalancing of existing clusters. When new reaction data become
available, the original FAISS index with its 2,498 Voronoi regions and
trained expertsis preserved, whereas asecond-level index s created for
the newreactions. The existing KMN generates RSFPs, which are then
clusteredinto further Voronoiregionsinthe second index. New experts
aretrained onthese clusters following the same progressive fine-tuning
approach, starting from the base model trained on the complete filtered
dataset. During prediction, the search operates hierarchically: results
are retrieved first from the original index, then from the second-level
index, concatenated and ranked by centroid distance to select the
most relevant experts. This process canbe repeated iteratively as more
data become available. Example code and annotated notebooks are
available (‘Code availability’).

Safety guidelines

All chemical procedures produced by MOSAIC must only be carried
out by individuals with appropriate safety training and in properly
equipped laboratory environments. Many chemical reactions involve
hazardous materials, potentially dangerous conditions or risks that
may not be fully detailed in the procedural descriptions. Safe and suc-
cessful execution requires thorough knowledge of chemical reactivity
and strict adherence to safety protocols. We acknowledge that no Al
system, including MOSAIC, can yet guarantee absolute safety across
all queries. Users should be aware that predictions vary in reliability
and should critically evaluate all suggestions before implementation.
The confidence metrics provided by MOSAIC serve as the first layer of
assessment, indicating the familiarity of the model with similar reac-
tiontypes. For reactions with high confidence scores, users can review
the evidence trails provided by reaction references to verify align-
mentwith established literature practices. For low-confidence predic-
tions, especially those involving unexplored chemical space, further
verification through traditional literature searches isrecommended.
MOSAIC s designed to enable queries to the vast foundational knowl-
edge in the most tangible ways but not to replace chemical intui-
tion and established reference sources. The system’s transparent
confidence assessments and reference trails are intended to foster
responsible implementation rather than encouraging uncritical
acceptance.

Data availability

The Pistachio database (version number 2024Q1) can be accessed at
https://www.nextmovesoftware.com/pistachio. Source data are pro-
vided with this paper.

Code availability

The code and annotated notebooks are available at https://github.
com/haoteli/MOSAIC. Anarchived code base and the reaction universe
visualization are available from Zenodo at https://doi.org/10.5281/
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Extended DataFig.1|Higher-confidence examples. Analysis of confidence
(distance) patternsreveals distinct thresholds that correlate with prediction
reliability. For example, high-confidence predictions (distances <50) demonstrate
strong structural and mechanisticresemblance, sharing similar transformation

patterns with close similarity in both reactantand productstructures. Moderate
confidence predictions (distances100-200) retain core transformation
patterns while exhibiting greater variationin substrate and product structures.
Boc, tert-butyloxycarbonyl.
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Extended DataFig.2|Lower-confidence examples. Lower-confidence
predictions (distances >200) fallin the same broad reaction category but
ofteninvolve different reactive groups or alternative reaction conditions.
These predictions provide valuable syntheticinsights. When querying the
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Buchwald-Hartwig coupling of arylbromides at distance 300, analogous
couplingswitharyliodides were identified, suggesting alternative synthetic
approaches or serving as mechanistic inspiration for method developments.
Boc, tert-butyloxycarbonyl; SEM, 2-(trimethylsilyl)ethoxymethyl.
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Examples of reactions where the model predicted plausible conditions,
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Extended DataFig. 3| Failed examples with higher confidence. There are
cases in which MOSAIC showed high confidence (distance <100) but yielded
poor experimental results (<15% yield) with top two predicted procedures.
Despite chemically sound protocols representing appropriate reaction classes,

OMe

these transformations require expanded prediction exploration beyond initial
top-ranked suggestionsto achieve practical synthetic success. i-Pr, isopropyl;
pin, pinacolato.



Example of reactions that are intrinsically challenging for model to give predictions
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Examples of reactions related to recent literature reports (including the lowest confidence example)
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Extended DataFig.4|Examples withreactions existing at distance from
MOSAIC’s training distribution. Representative transformationsrequire
specialized methodologies poorly captured in present patent-dominated
databases. These cases highlight the need for incorporating more experts from
rapidly evolving fields such as photochemistry to expand model capabilities

into disconnected chemical space®*%. Despite showing high confidence with
thetransformation, the model seemed to struggle with generation for symmetric
multiple functionalizationin which no valid predictions were produced from
thetop two experts. Ph, phenyl; Tf, trifluoromethanesulfonate.
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