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Abstract

Learning molecular representation is a critical step in molecular machine learning

that significantly influences modeling success, particularly in data-scarce situations.

The concept of broadly pre-training neural networks has advanced fields such as com-

puter vision, natural language processing, and protein engineering. However, similar

approaches for small organic molecules have not achieved comparable success. In this

work, we introduce a novel pre-training strategy, substrate scope contrastive learning,

which learns atomic representations tailored to chemical reactivity. This method con-

siders the grouping of substrates and their yields in published substrate scope tables as

a measure of their similarity or dissimilarity in terms of chemical reactivity. We focus

on 20,798 aryl halides in the CAS Content CollectionTM spanning thousands of publi-

cations to learn a representation of aryl halide reactivity. We validate our pre-training

approach through both intuitive visualizations and comparisons to traditional reac-

tivity descriptors and physical organic chemistry principles. The versatility of these

embeddings is further evidenced in their application to yield prediction, regioselectivity
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prediction, and the diverse selection of new substrates. This work not only presents

a chemistry-tailored neural network pre-training strategy to learn reactivity-aligned

atomic representations, but also marks a first-of-its-kind approach to benefit from the

human bias in substrate scope design.

Introduction

Encoding molecular structures into appropriate numerical representations that are computer-

readable is key to accurate prediction of molecules’ reaction behavior, which is a pivotal

challenge in chemical science and engineering. Traditionally, explaining reactivity based on

chemical structure has relied on physical modeling and mechanistic analysis, along with the

computation of key physical descriptors to build statistical models.1–4 This “feature engi-

neering” approach relies on a prior understanding of relevant (computable) properties, which

vary across different classes of molecules and reactions. In contrast, the advent of machine

learning (ML)5 and, notably, deep learning (DL),6 has facilitated end-to-end learning as an

alternative to manual crafting of molecular features. In principle, DL models can extract

task-specific information from chemical structures, forming numerical features known as rep-

resentations or embeddings. While already applied in modeling reaction yields,7–9 most DL

models remain remarkably ineffective or inaccurate in low data regimes.

The paradigm of pre-training deep neural networks on tasks with abundant data and

adapting them to other tasks10–14 offers an attractive approach to enhance efficiency and

generalizability. Ideally, such strategies enable few-shot learning, where models can learn

new concepts from just a handful of examples.15,16 Successes in this approach are evident

across computer vision,17–20 natural language processing,21–23 and protein engineering.24,25

Inspired by these successes, numerous network pre-training strategies for molecular structures

have been developed.26–30 However, unlike in other domains, these methods have not yet led

to substantial improvements in modeling.31

We believe that there is a fundamental misalignment between existing pre-training tasks
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and the information crucial for downstream applications. Pre-training tasks for graph neural

networks, for example, have involved predicting atom or functional group identities given the

rest of the chemical structure,26,32 which primarily teaches models about valence rules and

the prevalence of certain functional groups. Similarly, pre-training tasks for models operat-

ing on SMILES strings33 teach models about similar principles along with the specifics of

the SMILES language.34–37 Recently introduced pre-training tasks involving the reconstruc-

tion of three-dimensional (3D) conformations, add steric considerations to the spectrum of

information a model can learn,28,30,38 which represents progress but is still coarse for many

of the chemical properties we are interested in.

Anticipating chemical reactivity39—whether quantitatively (e.g., predicting yields) or

qualitatively (e.g., predicting regioselectivity)—is a challenge where an ideal pre-trained

molecular representation would incorporate information beyond valence rules, substructure

popularity, and accessible conformations. To address this challenge, we introduce sub-

strate scope contrastive learning (ContraScope), a new pre-training approach based on

contrastive learning40–42 that leverages published reactions and benefits from human bias in

substrate scope design (see Figure 1B and more statistics in Figure S2). The core idea of our

method is that molecules exhibiting similar reactivity under identical circumstances should

be considered similar in numerical representation as well. Given that one molecule can react

in many disparate ways, we focus our representation learning goals on obtaining atom-level

embeddings of specific reactive sites, rather than molecule-level embeddings. As a measure

of synthetic similarity, we utilize substrate scope tables—collections of substrates, typically

numbering 10-30, with their reaction yields reported under a consistent set of conditions.

Published substrate scope tables often reflect a bias towards successful outcomes.43 However,

this bias suggests that, on average, two molecules within the same scope exhibit more similar

reactivity than two molecules from different scopes. ContraScope is devised based on this

principle.

We demonstrate the efficacy of our contrastive learning approach using aryl halides, a
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key class of substrates employed in a wide range of chemical reactions. Specifically, we cu-

rated substrate scope tables from the literature published from 2010 to 2015, as indexed

in the CAS Content CollectionTM, the largest human-curated collection of scientific data

in the world, and demonstrate that our pre-training strategy successfully learns represen-

tations that capture key aspects of aryl halide reactivity. The learned embeddings show

quantitative correlations with traditional reactivity descriptors and can be directly applied

to tasks with limited data, such as yield prediction, regioselectivity prediction, and substrate

selection. Our results support the hypothesis that substrate scope tables and publication

bias, though previously considered detrimental to model training, actually offer valuable

insights into reactivity patterns and can serve as a significant source of information. We

hope to encourage the development of additional functionality-focused pre-training tasks—

and pre-training tasks that effectively utilize human bias—to further the pursuit of universal

molecular representations in chemistry.

Substrate Scope Contrastive Learning

The goal of our pre-training approach is to derive a multidimensional vector representation

for the reactive atom in an aryl halide substrate that captures essential aspects of its reactiv-

ity. Ideally, this could be accomplished through supervised learning using a vast and varied

dataset of molecules and their respective yields across numerous reaction conditions. How-

ever, the reality of data acquisition presents us with substrate scope tables that represent

a narrow selection of molecules, influenced by the selective reporting tendencies and norms

in scientific research and publication (see Figure S2 for statistics of the dataset). The core

idea of substrate scope contrastive learning (ContraScope) is to use molecules not listed in a

scope table as negative samples, leveraging the artificial bias in the substrate scope selection.

The model is trained on triplet of molecules: for each molecule as an anchor, we randomly

select another molecule from the same substrate scope to serve as a positive sample, ensuring
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Figure 1: (A) Substrate scope tables for training the network are curated from the CAS
Content Collection, focusing on aryl halides with their associated yields. The substrate scope
i, j shown in the figure are real samples from the database.44,45 (B) Overview of substrate
scope contrastive learning : Our pre-training strategy leverages the selective reporting bias
in chemical reactions, partially revealed by the pronounced inclination towards higher yields
in the histogram displaying the yield distribution for all surveyed reactions. Embeddings of
substrates from the same scope table are pulled together, while embeddings of substrates
from distinct scope tables are forced apart. A message-passing neural network operates on
molecular graphs to derive atomic embeddings. The training aims to provide reactivity-
aligned atomic embeddings learned from the substrate scopes, constructing a vector space
representing reactivity trends. (C) The uniformly pre-trained embeddings can benefit various
reactivity-related tasks.
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that their embeddings are closely aligned; concurrently, we sample a molecule that doesn’t

belong to the substrate scope to act as a negative sample, ensuring their embeddings are

distantly separated. Recognizing that molecules within the same substrate scope can exhibit

varying degrees of reactivity, we define the ideal distance between the anchor and positive

molecules as the difference in their yields. Formally, we train our model by minimizing the

following loss function:

L(ma,mp,mn) = (d(ma,mp)− γ|ya − yp|)2︸ ︷︷ ︸
Distance proportional to yield difference

+ β log[1 + exp(M − d(ma,mn))]︸ ︷︷ ︸
Distance at least a margin M away

(1)

where ma,mp,mn denote a triplet of molecules, comprising an anchor, a positive, and a neg-

ative sample. d(·, ·) denotes the embedding distance between two molecules as learned by

the model. ya and yp represent the reported yield under identical reaction conditions for the

anchor and positive molecules. The margin M , alongside the ratios β and γ are constants de-

termined through hyperparameter tuning (see section Learning curves and hyper-parameter

tuning in SI for detailed values). These terms “pull” substrates from the same substrate

scope closer based on how similar their yields are, while they “push” away all other aryl

halides, on average, not reported in the scope.

Substrate scope tables and associated reaction yields are sourced from a subset of the

CAS Content Collection describing publications and patents between 2010 and 2015. We

restrict our analysis to aryl halides as they are an important category of molecules widely

employed as building blocks in medicinal chemistry.46,47 To ensure consistency within each

substrate scope, we verified that all reactions involved transformations at a C–X bond and

were performed under identical conditions, including reactants besides the aryl halides in

the case of multi-component reactions, according to the database. We excluded scopes

with fewer than five reactions, resulting in a total of 6,919 scopes with 64,192 reactions.

For each training epoch, each aryl halide serves as the anchor in 16 triplets, which also

include one randomly-sampled positive instance from the same scope and one randomly-
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sampled negative instance from a different scope. We adopt a graph isomorphism network

(GIN),48 a widely used graph neural network, as the model architecture. The aryl halides

are represented in graphs with atom and bond identities as input features.49 Details on our

training methodology are in the Methods Section.

Results

Learned aryl halide embeddings exhibit alignment with qualitative

and quantitative measures of reactivity

To evaluate the consistency of the learned aryl halide representations with human under-

standing of reactivity, we perform a combination of qualitative and quantitative analyses.

We first visualize the learned embeddings to elucidate how the model has learned to organize

the chemical space of aryl halides. To this end, we encoded a set of molecules comprising

the 500 most frequently used aryl halides, augmented by a random sample of 2922 aryl

halides from the substrate scope dataset. Upon encoding, we used t-distributed stochas-

tic neighbor embedding (t-SNE)50 projection to visualize the 64-dimensional embedding

learned by the model in Figure 2A (see Figure S8 for results of other projection methods

and a comparison with embeddings from an untrained network). A detailed examination of

the position of specific structures in the embedding space (referred to as call-outs in Figure

2A) reveals that molecules with qualitatively similar reactivities—characterized by either

electron-withdrawing groups (e.g., nitro, aldehyde, carbonyl) or electron-donating groups

(e.g., hydroxyl, ether, amine, alkyl)—tend to cluster together. This pattern is consistent

across various halide classes, underscoring the broad applicability of the embeddings we

have developed.

In order to validate whether quantitative distances in the learned embedding space ac-

curately reflect known functional similarity in chemical reactivity, we next encoded a set of

12 hand-selected para-substituted bromobenzenes, then calculated and visualized their pair-
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Figure 2: Qualitative analysis of aryl halide embeddings obtained through substrate scope
contrastive learning. (A) A two-dimensional projection of learned embeddings using t-SNE;50

each point denotes an aryl halide and is colored by halide type. Neighborhoods of similar
aryl halides in the embedding space are annotated with structures, with the relevant C–X
carbon highlighted. (B-C) Heatmap of the pair-wise distance between 12 para-substituted
aryl bromides, showcasing that the learned embeddings’ signal-to-noise (SNR) distances
(left) better reflects functional similarity than the conventional Tanimoto distances based on
structural fingerprints (right).
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wise distances (Figure 2B). The heatmap reveals that molecules with electron-withdrawing

groups, such as nitrile, ester, and trifluoromethyl, demonstrate notably reduced distances

compared to those with electron-donating groups like methoxy, hydroxyl, ether, and amine.

This discernible pattern is not mirrored in the Tanimoto distances51,52 (refer to Figure 2C),

where distances are measured based on shared structural features in Morgan fingerprints.

This comparison emphasizes that distances in our learned embedding space more effectively

capture functional similarities in chemical reactivity than standard measures of structural

similarity.

To further probe the correlation between our data-driven, substrate scope-informed em-

beddings and chemical reactivity, we embarked on a comparative analysis employing estab-

lished reactivity descriptors2 calculated with first-principle quantum calculations.54 We ana-

lyze a set of 762 aryl halides comprising of 500 of the most frequently appearing aryl halides

from our dataset and 262 monosubstituted aryl halides with functional groups sourced from

a Hammett constant table.55 We calculated reactivity descriptors using Gaussian 1656 and

auto-qchem,57 with a particular focus on local atomic properties at the aromatic carbon

bonded to the halogen, as our contrastive learning approach is designed to learn reactivity

localized to the C–X motif, rather than molecule-level properties. Subsequent t-SNE pro-

jection mapping of this aryl halide set, as illustrated in Figure 3A, revealed that molecules

positioned closely in the embedding space exhibited similar values of these atom-level re-

activity descriptors. While the strongest differentiator is the identity of the halogen, more

subtle patterns within each halide class can be seen.

To provide a more quantitative perspective of consistency, we trained simple (linear) ma-

chine learning models to predict various reactivity descriptors using the ContraScope embed-

dings as input features. We compare model performance using our embeddings, widely-used

molecular descriptors58 or fingerprints,59 and embeddings from two other popular pre-trained

deep learning models. One is the same GIN architecture but pre-trained with a common at-

tribute masking task (AttrMask),26 and another is a state-of-the-art chemical language model
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Figure 3: Relationship between the learned embeddings and conventional reactivity descrip-
tors. (A) t-SNE visualizations of the learned embeddings, colored by traditional reactivity
indicator values. (B) Regression performance (r2) when learning to predict various physical
organic chemistry descriptors from different input representations using linear models; neg-
ative values are excluded from the plot. Our embeddings, ContraScope, exhibit enhanced
correlation with calculated reactivity descriptors compared to other common features. (C)
Analysis of support vector machine (SVM)53 regression performance as a function of dataset
size, highlighting the efficacy of our embeddings in scenarios with limited data.

(ChemGPT).37 The regression performance of embeddings learned through substrate scope

contrastive learning was comparable to, and often exceeded, these other representations

(3B). As expected, these correlations are weaker for molecule-level features (Figure S16).

Moreover, we also observe a stronger ability to predict reactivity descriptors starting from

our embeddings in data-limited regimes (Figure 3C), highlighting the effectiveness of our
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pre-training strategy.

While these descriptors are all computable and do not truly need to be predicted from

other molecular representations, these results illustrate a proof-of-concept for fine-tuning on

reactivity-related tasks. The success of our purely data-driven approach, rooted in substrate

scope selection, underscores the overlooked value of the human bias inherent in substrate

scope tables, which unlocks a new information source for chemical reactivity modeling.

Pre-trained embeddings help enable various downstream applica-

tions

The primary motivation for pursuing better molecular representations through pre-training

is to enable downstream applications, particularly in low data regimes. We therefore select

three example use cases with which to illustrate the promise of substrate scope contrastive

learning.

Yield prediction. As a first case study, we examine the prediction of reaction yields of

various aryl bromides under identical reaction conditions. We select a Ni/photoredox cat-

alyzed cross-coupling reaction, with reported yields for a diverse set of substrates published

after 2015,3 and therefore not contained in our pre-training set. Kariofillis et al. report

achieving a validation r2 of 0.57 with a univariate model based on a computed DFT descrip-

tor, specifically electronegativity. Without being trained on any physical organic chemistry

concepts or features (like electronegativity) and without requiring the cost of electronic struc-

ture calculations, our learned ContraScope embedding is able to achieve a comparable r2 of

0.51 (Figure 4A). Other common fixed or pre-trained representations based on structure are

far less successful.

Regioselectivity prediction. As a second case study, we applied our embeddings to

compare likelihood of multiple reactive sites within a molecule. We focused on a palladium-

catalyzed Suzuki-Miyaura coupling reaction using polyfluoronitrobenzenes.60 The model was

trained with yield data from penta- and trifluoronitrobenzenes, and used to predict the reac-
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Figure 4: Validation and application of learned embeddings in various downstream tasks.
(A) Application of our embeddings to predict the yield of aryl bromides in cross-coupling
reactions.3 We show its predictive performance via leave-one-out validation compared with
other common featurizations and a scatter plot mapping our predictions against experimen-
tal yields. (B) Application of our embeddings to predict the regioselectivity in arylation
reactions of fluorobenzenes, with the model trained on penta- and trifluoronitrobenzenes
to anticipate reactivity in tetrafluoronitrobenzenes, highlighting the reaction centers con-
firmed by experiments and annotated with prediction outcomes.60 (C) Application of our
learned embeddings for substrate scope selection, illustrated by a t-SNE plot representing
purchasable aryl bromides categorized by clustering, with the chosen scope marked by cross
symbols and detailed on the side.
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tivity of different C-F sites in tetrafluoronitrobenzenes. The results, qualitatively confirmed

by experimental data, show that a support vector machine (SVM) model using our aryl

halide representations correctly learns to predict the expected reactivity at the C–F site

ortho to the nitro group, but also distinguishes subtle differences in electronic effects, par-

ticularly where two adjacent C–F sites are nonequivalent (Figure 4B). This result highlights

the proficiency of our embeddings in providing atomic-level representations to distinguish

similar reactive sites and underscores the importance of learning atomic embeddings rather

than molecular embeddings for reactivity prediction tasks.

Substrate scope selection. As our final case study, we illustrate how learned em-

beddings can assist in the selection of a “diverse” set of aryl bromides, which one may

wish to do at the outset of an experimental screening campaign. This process, inspired by

Kutchukian et al.’s61 and Kariofillis et al.’s3 methodology, involved clustering the chemi-

cal space of commercially-available aryl bromides using K-means;62 while the authors used

a DFT-derived feature vector, here we use our learned embeddings. A representative aryl

bromide is chosen from each cluster to form a set designed to exhibit a diverse range of

reactivities (Figure 4C). Unlike clustering based on structural fingerprints or expert-selected

descriptors, our approach relies on the specific reactivity profiles of aryl halides as exempli-

fied by our embeddings, in principle leading to a more curated set for this class of compounds

better aligned with their unique reactivity characteristics. As there is no objective correct

answer for diverse substrate selection, we leave the selection for qualitative interpretation by

the reader.

Discussion

We have demonstrated that substrate scope tables from journal articles, known for being

small and biased towards high-yielding examples, are in fact valuable sources of information

for molecular representation learning. This is the first approach to utilize these groupings
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as an information source and to demonstrate their correlation with reactivity features and

expert intuition. By learning patterns of human bias, ContraScope extracts the expert

knowledge and reactivity trends underlying this bias. We illustrate this both qualitatively

and quantitatively, showing how our learned embeddings align with established physical

organic chemistry descriptors.

While the applications showcased in this paper—such as the supervised learning of reac-

tion yields and regioselectivity, along with the diverse substrate selection for experimental

design—underscore the versatility of our learned embeddings, it is important to recognize

that they serve as proofs-of-concept; our embedding approach, like any other, is not a univer-

sal solution. For instance, a nearest neighbor regression analysis of yield across all training

substrate scopes indicates that two molecules with similar embeddings do not necessarily

exhibit similar yields, which is similar to other common features (Figure S14). Moreover,

substrates may achieve low reaction yields as a result of side reactions rather than inherent

lack of reactivity at the C–X motif, which would not be captured in our approach; this may

partially explain the observed lack of correlation for structurally complex aryl halides in the

chemistry informer library61 (Figure S15). Additionally, our operational presumption that

all unobserved molecules in scope tables are less similar is a simplification that holds true

only on average. From a practical standpoint, our loss function combines a term for anchor-

positive loss with one for anchor-negative loss in a linear manner, which poses challenges in

training both loss terms simultaneously and can at times lead to instability in the training

process. All those challenges underscore that understanding and predicting chemical reac-

tivity remains an open question, highlighting the need for further refinement of pre-training

strategies and loss functions, specially designed for chemical data.

Overall, our work presents a conceptual framework for pre-training reactivity-aligned

atomic representations from the selective bias inherent in substrate scope tables. With the

availability of our code and pre-trained model, this methodology can be applied to new reac-

tion systems and to develop novel chemical embeddings for diverse molecular classes. We are
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optimistic that our framework will serve as a catalyst for further advancements in the field,

fostering more targeted and functionality-aligned approaches in molecular representation

learning.

Methods

Substrate data for training In this study, we focus on aryl halides. We partitioned

reactions recorded in the CAS Content Collection between 2010 and 2015 into substrate scope

tables comprised of reactions from the same publication source, wherein the only variable is a

single aryl halide substrate. All other substrates and recorded conditions remained constant

within each scope. Importantly, all reactions take place at an aryl C–X bond. Scopes with

fewer than 5 reactions and reactions without recorded yields were excluded. This led to

our final training dataset of 20,798 distinct aryl halides, covering 64,192 reactions and 6,919

substrate scopes.

Calculation of reactivity descriptors All reactivity descriptors are calculated by density-

functional theory (DFT) with Gaussian 1656 via an automated descriptor generation pipeline

built on top of AutoQChem.57 For each unique aryl halide, up to 20 conformers were gen-

erated using RDKit’s ETKDG algorithm63 and optimized using the MMFF94 force field.64

To reduce computational overhead when using DFT, the lowest-energy conformer for each

molecule was then selected via GFN2-xTB.65 Any conformer for which any energy calcu-

lation did not converge was discarded. The lowest-energy conformer for each aryl halide

then underwent geometry optimization and frequency calculations in Gaussian 16 using the

B3LYP functional66,67 with the 6-31G*68 basis set. Atoms with atomic number > 35 use the

LANL2DZ69 basis set instead. This led to the generation of 25 molecule-level descriptors

per molecule (energies, energy corrections, dipole moment, HOMO/LUMO energies, elec-

tronegativity, etc.) and 19 atom-level descriptors per atom per molecule (buried volume,

partial charges, NMR shielding constants, etc.), and the relevant atom-level descriptors for
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the reactive C–X bond were extracted. The full set of descriptors is listed in Figures S5 and

S6.

Featurization and network architecture We adopt a graph representation of molecules

and the graph isomorphism network (GIN)48 for modeling them. GIN is one kind of graph

neural network that updates the representation of each atom over multiple iterations as

follows:

h(k)
v = MLP(k)

(1 + ϵ(k))h(k−1)
v +

∑
u∈N (v)

h(k−1)
u

 (2)

where h
(k)
v is the atom representation of atom v at k-th layer, N (v) is a set of atoms that

are covalently bonded to atom v. ϵ is a learnable scalar and MLP represents a multi-

layer preceptrons model. Utilizing this atom-wise message-passing schema, GIN is able to

propagate and aggregate information through network layers to embed atoms in a manner

that respects graph isomorphism. After hyper-parameter tuning, the network has a hidden

dimension of 64, and message passing layer of 5. For the initial representation of molecular

graphs, we use minimal featurizations49 that include atomic numbers, total degrees, formal

charges, chiral tags, number of hydrogens, hybridization types, aromaticity, mass, and bond

types.

Substrate scope contrastive learning The training of substrate scope contrastive learn-

ing involves triplet sampling, computing loss function depicted in Eq. 1, and back-propagation.

Within an epoch, each aryl halide serves as the anchor molecule once and 16 triplets are

sampled randomly for each anchor. We exclude all cases with identical molecules sampled in

one triplet. Based on empirical performance, we adopt a distance metric called signal-noise

ratio distance (SNR),70 defined as follows:

d(mi,mj) = dSNR(fi, fj) =
var(fi)

var(fj − fi)
(3)

where fi, fj is the embedding of aryl halide mi,mj. We take the representation of an aryl

halide’s reactivity, fi, to be the atom-level feature of the carbon atom in the reactive C–
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X bond from the GIN. The Adam71 optimization algorithm is used for stochastic gradient

descent.

To monitor the model performance during the training, we collected four datasets eval-

uating the ability of the learned embeddings to adapt to downstream tasks: 15 aryl bro-

mides with associated reaction yields for a cross-coupling reaction,3 61 mono-substituted

aryl halides with Hammett constants,72 and calculated Muliken charges and NMR shielding

constants. At the end of each epoch, we used the learned embeddings as features, selected

the most informative features indicated by mutual information73 and the most correlated

features indicated by the Pearson correlation coefficient, and trained a k-Nearest Neighbor

(k-NN) to predict the reaction yields, Hammett constants, Muliken charges and NMR shield-

ing constants. We evaluated the r2 74 of prediction with leave-one-out cross-validation on the

four validation datasets and summed them up as a single scalar value for monitoring the

training process and determining the time of early termination of the training. Training

curves are shown in Figure S4.

Validation with traditional reactivity descriptors To validate if the embedding learns

anything about reactivity, we selected the most commonly used 500 aryl halides from the

training set and supplemented them with p-, m-, and o-substituted aryl halides with common

functional groups selected from a study of Hammett constants,55 providing a dataset with 762

aryl halides in total. Reactivity descriptors were calculated for this set of 762 molecules. For

each molecule, we computed RDKit2D descriptors75 and Morgan fingerprints59 (1024 bits,

radius 2) using Therapeutic Data Commons (TDC).76 As other pre-trained representation

baselines, we employed a pre-trained GIN with node-masking26 and ChemGPT37 with 4.7 M

parameters, available from Deep Graph Library (DGL)77 and HuggingFace,78 interfaced via

molfeat.79 For Figure 3B, we assessed k-Nearest Neighbor (k-NN), linear regression, L1 and

L2 norm, and support vector machine (SVM)53 on each embedding, reporting the best r2

performance. Performance validation used a 3-fold cross-validation, with mean and range of

r2 for the top model is shown in the bar plot. In Figure 3C, we trained an SVM model53 on
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a specific subset of the training data, using the remaining data for performance evaluation.

This was repeated thrice with independent seeds, reporting the mean and range. For all

machine learning models, we adopt the implementation from scikit-learn.80

Downstream applications For yield prediction, we used 15 aryl bromides with experi-

mental yields,3 employing leave-one-out validation. Molecular embeddings were calculated

by the ContraScope-trained GIN as previously described, and other common featurization

was calculated using the same pipeline as above. For all embeddings, we selected features

that are the most informative or most correlated with the prediction targets indicated by

mutual information73 and Pearson correlation coefficient, and tested models including k-NN,

linear regression, L1 and L2 norms, SVM, random forest, and MLP, reported the highest

validation r2. The r2 value of the univariate model using electronegativity is from the orig-

inal study3 for comparison. For regioselectivity prediction, training data comprised penta-

and trifluoronitrobenzenes to predict reactivity at C-F sites in tetrafluoronitrobenzenes.60

Each C–F site was encoded and labeled with its yield if reactive, or zero otherwise. During

inference, all C–F sites were encoded, and the model predicted each site’s reactivity as a

binary classification task. For substrate scope design, we used the same purchasable aryl

bromides as Kariofillis et al. and encoded them for K-Means clustering into 15 groups, se-

lecting a representative from each. All machine learning models were implemented using

scikit-learn.80
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The misalignment of current pre-training methods and

functionalities

Recent years have witnessed significant advancements in representation learning for molecules,

accompanied by a diverse array of pre-training strategies. These strategies have emphasized

various aspects, including chemical valence,26 structural similarity,29 and conformational

information.28,30 Despite these developments, a consistent or marked enhancement in perfor-

mance for downstream tasks remains elusive, as noted in Sun et al. (2022).31 A contributing

factor to this challenge may be the misalignment between the objectives of these learning

models and the specific requirements of their target applications, particularly in modeling

molecular functionality.

Focusing on graph neural networks, early methodologies primarily targeted node or con-

textual prediction, as detailed in Hu et al. (2020).26 These approaches often classified atoms
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or groups with identical chemical valences as analogous. This technique, however, shows

limitations, as evidenced in the molecules depicted in Figure S1. Here, the pre-training

method erroneously identifies distinct functional groups as identical, overlooking substan-

tial differences in their chemical functionalities. Similarly, traditional contrastive learning,

which views structurally similar molecules as comparable in the embedding space,29 falls

short. The assumption that consistent valence bonds or structural resemblance equates to

analogous molecular properties is often flawed, as significant variances may arise. While

the integration of 3D conformational data offers benefits for properties reliant on specific

conformations, such as those derived from quantum chemical computations,28,30 its utility

diminishes in broader biological or reaction contexts. Additionally, language model pre-

training that focuses on string representations like SMILES33 tends to prioritize syntax

comprehension over understanding the intrinsic molecular significance.

This view of the landscape of pre-training approaches for small molecules, intended to be

used for the prediction of chemical reactivity but only using information about structure and

conformation, served as inspiration for this study. ContraScope is a pre-training approach

that is fundamentally based on chemical reactivity.

Figure S1: Illustration of various substituted benzonitriles. Despite the structural similarity
of the benzonitrile backbone across all molecules, the diverse electronic properties of the sub-
stituents significantly influence the molecular functionality. This exemplifies the limitation
of some pre-training methods in graph neural networks that may not distinguish between
these functional nuances. The corresponding SMILES notations are provided below each
molecule, indicating that the highlighted substituents are also interchangeable in string rep-
resentation, which also brings into question the reasonableness of string-based pre-training
methodologies.
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Statistics of the dataset

In Figure S2, we present statistics of the substrate scope dataset we derive from the CAS

Content CollectionTM, which includes the size distribution of the substrate scopes, the yield

values’ distribution for all reactions utilized in the training set, and the distribution of the

yield standard deviation within these scopes. The data reveal a predominant trend of small

substrate scopes, with the majority comprising fewer than 20 substrates. Additionally, there

is a discernible skew towards higher yields within the dataset indicating the artificial selective

bias that hindered typical supervised machine learning.

(a) The distribution of the
yields of reactions used in train-
ing.

(b) The distribution of the sizes
of substrate scopes.

(c) The distribution of the
yields’ standard deviation
within substrate scopes.

Figure S2: The statistics of the substrate scope dataset used for training.

In Figure S3, we show the cumulative coverage of reactions by the top-k most frequently

occurring aryl halides. Notably, the data indicate that the 500 aryl halides with the highest

frequency of occurrence account for more than half of the total reactions in the training set.

This observation underscores the existence of a frequently utilized subset of aryl halides and

substantiates our methodological choice to focus on a select group of these compounds for

in-depth analysis.
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Figure S3: Illustration of the coverage of reactions by the top-k most frequently occurring
aryl halides. The x-axis, which is log-scaled for better visual comprehension, represents the
k aryl halides ranked by frequency of appearance. It is observed that the 500 most prevalent
aryl halides account for over half of the reactions in the dataset.

Learning curves and hyper-parameter tuning

The GIN network was trained with our substrate scope contrastive loss, as described in

Equation 1. The value of the total loss, anchor-positive term, and anchor-negative term

are depicted in Figure S4(a-c). The cumulative gradient of the total loss across all trainable

parameters is illustrated in Figure S4(d). As described in the Method section, under the Sub-

strate scope contrastive learning subsection, we constructed four validation tasks to monitor

the training process. This monitoring involved evaluating the network’s ability to predict

reaction yields, Hammett constants, Mulliken charges, and NMR shielding constants. The

summation of the coefficient of determination (r2) values across these four validation tasks,

as well as the Pearson correlation coefficient between the predicted targets and their most

correlated features, are presented in Figure S4(e-f). Overall, we can see the r2 and the Pear-

son correlation coefficient plateau after 50 epochs and oscillate after that. We terminated

the training at the 56th epoch, which reached the highest aggregate r2 value.

We tuned the hyper-parameter of the network architecture and the training details to
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maximize the summation of r2 across these four validation tasks. The resulting GIN network

has 64 hidden channels, 5 layers. An Adam optimizer was used with a momentum of 0.9, an

initial learning rate of 0.00005, and a learning rate decay of 0.999. 16 triplets are sampled

for each anchor molecule and a batch size of 4096 was used for training. In Equation 1, we

used γ of 4.022879258650723, β of 0.6120957227224214, and M of 1.906408074987083.
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(a) Total substrate scope contrastive loss. (b) The value of the anchor-positive term.

(c) The value of the anchor-negative term. (d) The sum of the gradient of total loss.

(e) The summation of r2 across the four valida-
tion tasks.

(f) The summation of the Pearson correlation
coefficient across the four validation tasks.

Figure S4: The learning curves of the pre-training process. The mean and range of four
curves with distinct random seeds are reported.
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Details of reactivity descriptors

In the following tables, we present descriptions of all reactivity descriptors extracted from

DFT-level calculations carried out on the aryl halides.

Figure S5: All computed global (molecule-level) descriptors using autoqchem,57 and an
explanation of each.

7



Figure S6: All computed local (atom-level) descriptors using autoqchem,57 and an explana-
tion of each.

Additional Results

Intuitive investigation of the learned embeddings

To offer an intuitive examination of the bit-level details of the embeddings, we illustrate

the bit value of the corresponding position in the embeddings with a heatmap and their

hierarchical clustering in Figure S7. We analyzed the same set of aryl bromides as Figure

2B-C.
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Figure S7: Hierarchical clustering analysis of learned embeddings for a set of aryl bromide
molecules. The dendrogram on the topindicates the similarity between the aryl bromide
variants. The heatmap below shows the bit value of the corresponding position in the
embeddings for each molecule.

Visualization of learned aryl halide chemical spaces

To offer insights into the evolution of the embeddings during training, we present the com-

parative analysis of our embeddings using PCA, t-SNE, and UMAP projections, both pre-

and post-training, in Figure S8. This analysis utilizes the identical set of molecules featured

in Figure 2A.
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(a) The projection of embeddings before training the GIN using substrate scope groupings.

(b) The projection of embeddings after training the GIN using substrate scope groupings.

Figure S8: The projection of embeddings on a random sampled subset of the substrate scope
data. Points are colored by the class of halides.

Correlation with conventional reactivity indicators

Below, we show the analysis of SVM models’ regression performance as a function of dataset

size on descriptors other than shown in Figure 3C.
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Figure S9: Analysis of SVM regression performance under different dataset size for predicting
NMR shielding constants.

Figure S10: Analysis of SVM regression performance under different dataset size for predict-
ing NPA charges.
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Figure S11: Analysis of SVM regression performance under different dataset size for predict-
ing NPA valences.

Below, we show the t-SNE projection visualizations of the learned embeddings of the 762

aryl halides under the same setting of Figure 2A, colored by traditional reactivity indicator

values.
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Figure S12: The t-SNE projection colored with various reactivity descriptors.
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Figure S13: The t-SNE projection colored with various reactivity descriptors. (Continued)

Regression performance on the training substrate scopes

We tried to use the learned embedding as feature to predict reaction yields in the training

data. Each substrate scope was treated as a single regression task and leave-one-out vali-

dation r2 for each scope is shown. The methods compared include ContraScope combined

with k-Nearest Neighbors (kNN), RDKit2D with kNN, and RDKit2D with Random Forest

(RF). The distributions highlight the variability and challenges encountered in the predictive

modeling of chemical yields, with all approaches showing a wide distribution of r2 values,

including negative values indicative of a failure to capture any trend.
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Figure S14: Distribution of the r2 values for yield prediction across training substrate scopes
using nearest neighbor regression.

Investigation on chemistry informers

In the study by Kutchukian et al. (2016),61 a library of 18 aryl halides was utilized to

explore their reactivity in the Buchwald-Hartwig reaction under 18 distinct conditions. We

encoded these aryl halides from the specified aryl halide informer library. Subsequently, our

analysis involved a comparative assessment of the pair-wise signal-to-noise ratio (SNR) dis-

tances derived from the ContraScope embeddings against the pair-wise Euclidean distances

computed from the vectors of reported yields. This comparison is graphically represented

using heatmaps in Figure S15. However, it is noteworthy that this analysis did not reveal

congruent patterns in the left and right panels of the figure.
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Figure S15: Comparison between the pair-wise SNR distance between the ContraScope
embeddings (left), and the pair-wise Euclidean distance between the reported yield vectors
(right). Both pair-wise distance matrices are visualized in heatmaps.

Less effective in learning global reactivity contribution

Similar to Figure 3B, we evaluated the regression performance for various molecular em-

beddings in predicting global chemical reactivity descriptors. A comparison between the

performance in global and local descriptors are shown in Figure S16. The results show that

while common embeddings yield moderate r2 values across the descriptors, our embedding

exhibits a lower performance, suggesting a less effective capture of global reactivity informa-

tion in our model.

Figure S16: A comparative study of evaluation of regression performance for various molec-
ular embeddings in predicting global and local chemical reactivity descriptors.
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Substrate scope comparison

Figure S17: A comparison of substrate scope selected using DFT descriptors and our learned
embeddings. (a) a t-SNE projection of all purchasable aryl bromides, categorized based
on clustering. Within this projection, substrates selected via DFT descriptors are high-
lighted with star symbols (labeled as ’Doyle’s’), whereas those chosen through our method
are marked with cross symbols (denoted as ’Ours’). (b) chemical structures of substrates
selected based on DFT descriptors, with accompanying numerical annotations for cluster
identification. (c) chemical structures of substrates selected based on our learned embed-
dings, with accompanying numerical annotations for cluster identification.

17


