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Abstract

Pre-training graph neural networks on large unlabeled datasets has substantially

improved molecular property prediction, yet pre-training approaches for reaction prop-

erty prediction remain underexplored. We introduce CheMeleon-Rxn, a pre-trained

reaction graph neural network that adapts the CheMeleon framework to condensed

graphs of reaction (CGR) and demonstrates that descriptor-regression is an effective

pre-training strategy for low-data reaction property prediction. An O(10M)-parameter

D-MPNN encoder was pre-trained on ∼2 million reactions by regressing onto dense

reaction descriptors pooled from classical molecular descriptors, then fine-tuned on
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small reaction property prediction datasets. Across regression tasks spanning gas-

phase activation energies, reaction enthalpies, experimental yields, and rate coeffi-

cients, CheMeleon-Rxn is best or statistically tied-for-best on seven of eight tasks.

It outperforms the same encoder trained from scratch, as well as classical-descriptor,

fingerprint, and pre-trained-fingerprint baselines. We further tested the pre-training

strategy across various graph neural network architectures and found that its benefit

holds for other edge-aware backbones such as GINE, and that it is robust to the choice

of descriptor set, pooling operation, and other pre-training hyperparameters. We visu-

alized and analyzed the CheMeleon-Rxn embeddings, which reveal chemically coherent

structure in the learned reaction representation space. The CheMeleon-Rxn code has

been released publicly (https://github.com/MSDLLCpapers/chemeleon-rxn) to en-

courage adoption and extension by the community. The model weights will be released

upon publication.

Introduction

Machine learning has become a central tool for predicting molecular properties, and graph

neural networks (GNNs) have emerged as the dominant approach by learning representations

directly from molecular structure rather than relying on fixed descriptors.1–5 Predicting the

properties of chemical reactions, however, has proven substantially harder. A reaction is a

transformation between molecular states rather than a single static structure, and its key

properties (activation energies, reaction enthalpies, rate coefficients, and yields) depend on

subtle electronic and steric changes along the reaction coordinate.6 Compounding this diffi-

culty, labeled reaction datasets are typically small, expensive to generate, and heterogeneous

in origin. For example, barrier heights and enthalpies are derived from costly quantum-

chemistry calculations, rate coefficients from kinetics measurements, while yields from high-

throughput experimentation or noisy text-mined patent records. Purely data-driven deep

models tend to perform poorly in the low-data regime, and the development of transferable
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reaction representations continues to lag well behind its molecular counterparts.

Because a reaction is not a single molecule, a central question is how to encode the joint

transformation of reactants into products as a fixed input for a predictive model. Early

approaches typically relied on fixed representations: quantum-chemical descriptors of the

participating species, or structure-based fingerprints such as the concatenation or difference

of reactant and product Morgan (extended-connectivity) fingerprints.7–9 The differential re-

action fingerprint (DRFP) instead hashes the substructures that change between reactants

and products, matching learned fingerprints on yield and classification tasks without any

training.10 In parallel, a learned paradigm emerged from natural-language processing, in

which transformer encoders are trained directly on reaction SMILES. Most prominent among

these is the RXNFP reaction fingerprint, which produces continuous embeddings that sepa-

rate reaction classes far more finely than traditional fingerprints.11 These text-based models

apply natural-language methods to reaction SMILES, but many distinct strings can encode

the same reaction.

Graph-based encoders address this by operating directly on molecular connectivity, build-

ing on the message-passing neural networks that are prevalent in molecular property pre-

diction.2,12 For reactions, the condensed graph of reaction (CGR) superimposes the atom-

mapped reactant and product graphs into a single pseudo-molecule whose atom and bond

features encode both the reactant and product states, so that a graph neural network sees

the transformation directly.13,14 Heid and Green6 paired the CGR with a D-MPNN and

reported strong performance across activation energies, enthalpies, rate coefficients, and

yields, an approach now available in the Chemprop package.15 The CGR representation it-

self is architecture-general and can be combined with other graph neural networks like the

graph isomorphism network (GIN)12 and GIN with edge features (GINE).16

Transfer learning has become the dominant remedy for label scarcity in molecular prop-

erty prediction. Models pre-trained on large unlabeled corpora, whether masked-token trans-

formers over SMILES,17 3D-conformation encoders,18 or graph networks trained with node-
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and graph-level self-supervision,16 learn representations that transfer to small downstream

datasets and improve over training from scratch. A recent example is CheMeleon, which re-

gresses a message-passing network onto deterministic molecular descriptors, a low-noise and

fully computable signal, to learn transferable molecular representations without experimen-

tal labels.19 This descriptor-regression strategy is appealing because it needs no experimental

labels and no hand-designed pretext task as the supervision is generated deterministically

from structure.

Reaction-level pre-training, by contrast, has been explored mostly in the text domain.

Transformer foundation models such as ReactionT5, pre-trained on the Open Reaction

Database,20 and related multi-task models transfer effectively to yield and product predic-

tion from limited data,21,22 echoing the RXNFP fingerprints discussed above.11 For graph-

based reaction models the picture is sparser. Wen et al.23 pre-trained a reaction GNN with

unsupervised contrastive learning and improved downstream prediction on small datasets.

Descriptor-based pre-training, despite its success on molecules, has not been adapted to

reactions, and the CGR D-MPNN that is prevalent in reaction property prediction is still

trained from scratch on each downstream task. Closing this gap requires two specific an-

swers: what deterministic descriptor target captures a transformation rather than a single

molecule, and whether such a target provides enough signal to pre-train a CGR encoder that

transfers across diverse reaction properties.

In this work, we introduce CheMeleon-Rxn, an O(10M)-parameter CGR D-MPNN pre-

trained on roughly two million reactions drawn predominantly from the Pistachio dataset.24

The pre-training target is a set of reaction descriptors we call Mordred-Rxn descriptors.

These are obtained by pooling per-molecule Mordred descriptors25 over the reactant and

product sides separately and combining them as [Σreac‖(Σprod − Σreac)] into a single dense,

permutation- and count-invariant reaction descriptor set. The encoder is trained to regress

its reaction embedding onto this target under a masked mean-squared-error loss, in which a

random subset of descriptor dimensions is held out of the loss at each step. Specifically, in this
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paper we (i) introduce the Mordred-Rxn descriptor construction and pre-training procedure;

(ii) pre-train and evaluate three CGR message-passing architectures (D-MPNN,3 GIN,12 and

GINE16); (iii) ablate the descriptor set, pooling operation, masking fraction, and fine-tuning

strategy; (iv) demonstrate that CheMeleon-Rxn achieves best or statistically tied-for-best

performance on seven of eight tasks spanning activation energies, reaction enthalpies, rate

coefficients, and experimental yields; and (v) use a tree-based manifold approximation and

projection (TMAP) of the learned fingerprints to show that pre-training on Mordred-Rxn

descriptors produces chemically coherent reaction representations. Finally, all code and pre-

trained checkpoints are made publicly available.

Results

CheMeleon-Rxn Improves Reaction Property Prediction

CheMeleon-Rxn was built in two stages that shared a single CGR encoder. In the pre-training

stage, Mordred-Rxn descriptors were computed for each reaction in the corpus by summing

per-molecule Mordred descriptors over the reactant and product sides and combining them

with a difference-and-concatenate operator (Fig. 1a). The encoder was then trained to regress

its reaction-level embedding onto those descriptor targets, with 70% of target dimensions

randomly masked per step (Fig. 1b(i)). In the fine-tuning stage, the pre-trained encoder

weights were loaded and a fresh prediction head was trained end-to-end on each downstream

benchmark (Fig. 1b(ii)).

We first investigated whether pre-training improved downstream prediction relative to

training from scratch and whether any improvement came from the pre-training itself rather

than from the descriptors it used as a target. We therefore compared CheMeleon-Rxn against

five baselines that separated these effects: (1) a D-MPNN trained from scratch; (2) the same

D-MPNN with the reaction descriptors concatenated to its learned reaction embedding but

without pre-training; (3) the descriptors alone fed to a multilayer perceptron (MLP); (4)
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Figure 1: Overview of CheMeleon-Rxn. (a) Per-molecule Mordred descriptors are sum-
pooled over each side of the reaction and combined with a difference-and-concatenate op-
erator into the 3226-dimensional Mordred-Rxn descriptor. (b(i)) A CGR D-MPNN is pre-
trained on 2 million reactions to regress its reaction embedding onto this descriptor target,
with 70% of target dimensions held out of the loss per step. (b(ii)) The pre-trained encoder
is then fine-tuned end-to-end with a fresh feed-forward neural network (FNN) on each down-
stream benchmark.
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the Morgan difference fingerprint fed to an MLP; and (5) the pre-trained RXNFP reaction

embedding11 fed to an MLP. All six models were evaluated on eight downstream regression

tasks (Table 4) under an identical five-split protocol with a three-model ensemble per split,

and were ranked per task by a Tukey honestly-significant-difference (HSD) test on cross-split

RMSE, following the comparison protocol of Ash et al.26 (Fig. 2, Table 1).

Pre-training on classical reaction descriptors yields the lowest mean rank of the six mod-

els. CheMeleon-Rxn attains the best or statistically tied-for-best RMSE on seven of the

eight tasks and a mean rank of 1.12, compared with 2.00 for the from-scratch D-MPNN

and 2.75 or higher for every baseline that consumes the descriptors without pre-training

on them (Table 1). The two descriptor-only baselines isolate the target signal: feeding the

same Mordred reaction descriptor to an MLP, or concatenating it to the D-MPNN’s learned

embedding as additional molecular features, both trail the pre-trained model (mean ranks

2.88 and 2.75). The descriptors are therefore useful when they are distilled into the en-

coder’s weights through pre-training, and less so when they are supplied directly as features.

The two reaction-fingerprint baselines rank lowest (MorganDiff and RXNFP, mean ranks

5.62 and 5.38, no wins), and the gap is largest on the data-rich RDB7 tasks, where a fixed

or externally learned fingerprint cannot adapt to the barrier-height regression the way a

fine-tuned graph encoder can.

Table 1: Model comparison across 8 downstream tasks. Mean rank = mean over per-task
ranks (Tukey-tied-with-best = 1); win rate = number of tasks on which the model is the
best-mean or not significantly different from the best by Tukey HSD at α = 0.05.

Model Win rate (%) Mean rank

CheMeleon-Rxn 87.5 1.12
D-MPNN 37.5 2.00
D-MPNN + Descriptors 25.0 2.75
Descriptors + MLP 25.0 2.88
IBM RXNFP + MLP 0.0 5.38
MorganDiff + MLP 0.0 5.62
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Figure 2: Descriptor-regression pre-training improves reaction property prediction across
eight tasks. Each panel shows per-task test RMSE (mean and 95% simultaneous Tukey
interval over five splits) for CheMeleon-Rxn and five baselines, ordered by dataset size. The
best-mean model is blue, models not significantly different from it (Tukey HSD, α = 0.05)
are grey, and significantly worse models are red. CheMeleon-Rxn is best or tied-for-best on
seven of eight tasks.
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GNN backbone generalizability: edge features matter

To test whether the benefit of descriptor-regression pre-training is specific to the D-MPNN

or a general property of the recipe, we repeated the full pre-train and fine-tune pipeline on

two further graph neural network backbones, GIN12 and GINE,16 each in three configura-

tions: trained from scratch, augmented with the reaction descriptors, and pre-trained with

Mordred-Rxn descriptors. The resulting nine models were ranked per task exactly as before

(Fig. 3, Table 2).

Pre-training improves model performance for the two backbones that consume edge fea-

tures but not for GIN, whose messages depend only on node features. The pre-trained

D-MPNN is the single best model, best-or-tied on all eight tasks, and the pre-trained GINE

is close behind (mean rank 1.62, best-or-tied on seven of eight). On GIN, however, pre-

training degrades performance: the pre-trained GIN has the worst mean rank of any model

(6.88), below even the from-scratch GIN (5.38). The difference between GINE and GIN

is that GINE conditions its messages on edge features while GIN does not, which points

to bond-level information as the essential ingredient for downstream reaction property pre-

diction. The benefit of descriptor-regression pre-training therefore extends to edge-aware

backbones beyond the D-MPNN.

Table 2: Backbone-generality comparison. Three backbones (D-MPNN, GIN, GINE) each in
three configurations (from-scratch, augmented with reaction descriptors as input, and pre-
trained with CheMeleon-Rxn). Descriptor-regression pre-training helps when the encoder
consumes edge features (D-MPNN, GINE) and hurts otherwise (GIN).

Model Win rate (%) Mean rank

D-MPNN (pre-trained) 100.0 1.00
D-MPNN 87.5 1.50
GINE (pre-trained) 87.5 1.62
D-MPNN + Descriptors 62.5 2.62
GINE + Descriptors 37.5 4.50
GIN + Descriptors 37.5 4.75
GIN 37.5 5.38
GINE 25.0 5.62
GIN (pre-trained) 25.0 6.88
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Figure 3: Descriptor-regression pre-training helps edge-aware backbones and hurts node-only
ones. Per-task test RMSE (mean and 95% simultaneous Tukey interval over five splits) for
three backbones (D-MPNN, GINE, GIN), each from scratch, augmented with the reaction
descriptors as input, and pre-trained with Mordred-Rxn descriptors. Colors as in Fig. 2.
Pre-training strengthens the edge-aware D-MPNN and GINE but degrades the node-only
GIN below its from-scratch baseline.
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Based on these results, we fixed the D-MPNN as the reference CheMeleon-Rxn encoder

for all remaining experiments. It achieves the best aggregate performance of the nine config-

urations, and the statistically competitive pre-trained GINE sits within one rank of it, so the

choice also rests on two practical considerations: the D-MPNN is the established convention

for CGR-based reaction property prediction,6 and it is directly supported by the widely used

Chemprop package,15,27 lowering the barrier to adopting the pre-trained model.

Effect of Descriptor Set

Having fixed the encoder, we asked how much the choice of descriptor target matters, com-

paring three pre-training targets built from different classical descriptor sets and pooling

operations: the reference Mordred descriptors summed over each side, the same descrip-

tors averaged rather than summed, and the smaller RDKit-2D descriptor set (Table 3).

Downstream accuracy is largely unchanged across these choices. Sum and mean pooling of

the Mordred descriptors differ by no statistically detectable margin on seven of the eight

benchmarks, the exception being the H-abstraction rate task, where sum pooling is better.

Notably, pre-training with RDKit-2D descriptors, a smaller and considerably cheaper de-

scriptor set, still transfers successfully to reaction property prediction on seven of the eight

benchmarks. We retained the summed Mordred target as the reference configuration, both

because no target significantly outperforms it on any task and because summation mir-

rors the count-sensitive reactant/product featurization used by CGR-based models.6 For the

masking fraction, the 70% setting is best or statistically tied-for-best on seven of the eight

tasks by the Tukey test (Supporting Information, Fig. S1), and we used it for the reference

configuration.

Effect of Fine-Tuning Strategy

Finally, we asked how the pre-trained encoder is best transferred to a downstream task by

comparing five fine-tuning schedules that share the pre-trained weights and differ only in how

11



Table 3: Descriptor-target choice. Per-task RMSE (mean ± std over five random splits,
three inits per split). Best per row (and any entries not significantly different from it by
Tukey HSD at α = 0.05) underlined.

Task CheMeleon-Rxn
D-MPNN (pre-trained)

Mordred-mean
D-MPNN (pre-trained)

RDKit2D

H-abstraction (log10 k) 0.602 ± 0.021 0.738 ± 0.046 0.653 ± 0.028
E2 (Ea) 3.279 ± 0.149 3.247 ± 0.145 3.223 ± 0.176
SN2 (Ea) 3.266 ± 0.052 3.260 ± 0.032 3.293 ± 0.084
Ha C−N yield (LCAP) 10.721 ± 0.241 10.653 ± 0.236 10.700 ± 0.192
Cycloaddition (∆G‡) 3.728 ± 0.053 3.716 ± 0.070 3.731 ± 0.073
Cycloaddition (∆Grxn) 3.905 ± 0.061 3.910 ± 0.106 3.927 ± 0.055
RDB7 (Ea) 7.492 ± 0.053 7.504 ± 0.087 7.863 ± 0.046
RDB7 (∆Hrxn) 6.997 ± 0.120 6.971 ± 0.161 7.104 ± 0.126

long the encoder is held frozen before it is unfrozen: (1) fully trainable from the first epoch,

(2) frozen for the first 10 epochs, (3) frozen for the first 20 epochs, (4) frozen for the first

50 epochs, and (5) frozen throughout (training only the FNN head on the fixed pre-trained

features). The pre-trained encoder behaves as a strong initialization rather than as a fixed

feature extractor. Fully trainable fine-tuning is best or tied-for-best on every task, whereas

the fully frozen encoder is significantly worse on seven of eight tasks. The loss curves in Fig. 4

highlight the underlying mechanism: on the data-rich tasks the frozen-encoder validation loss

plateaus far above every trainable variant, indicating that the pre-trained representation,

though a useful starting point, must continue to adapt to reach competitive accuracy. Brief

warm-up freezing for 10 or 20 epochs remains statistically tied with full fine-tuning on most

tasks, while the transient loss spike at the unfreezing epoch and the degradation of the 50-

epoch schedule on the barrier tasks indicate that longer freezing delays the adaptation the

encoder ultimately requires. We therefore fine-tuned the full network by default.
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Figure 4: The pre-trained encoder is a strong initialization, not a fixed feature extractor.
Training (dashed) and validation (solid) mean-squared-error loss versus epoch, averaged over
five splits and three seeds, for five fine-tuning schedules on four representative tasks; panel
titles give ntrain, the combined train and validation set size (the train fold alone is listed as
Ntrain in Table 4). The schedules share the CheMeleon-Rxn checkpoint and differ only in how
many initial epochs the encoder is frozen (0, 10, 20, 50, or all 100). The fully frozen encoder
(only the FNN head trained) plateaus well above the trainable variants on the data-rich Ha
C−N and RDB7 tasks; spikes mark the unfreezing epoch.
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CheMeleon-Rxn Learns a Chemically Coherent Reaction Repre-

sentation

Beyond downstream accuracy, we asked whether the pre-trained encoder organizes reaction

space in a chemically meaningful way. We embedded fifty thousand Pistachio reactions with

the CheMeleon-Rxn fingerprint, the 2048-dimensional reaction embedding produced by the

pre-trained D-MPNN encoder before the prediction head, projected them with a TMAP lay-

out, and colored the tree by the eleven NameRxn reaction superclasses (Fig. 5).24 Chemically

related transformations occupy coherent regions of the tree, and the coherence sharpens with

granularity. The fraction of a reaction’s ten nearest TMAP neighbors that share its label

rises from the 11-way superclass level to the 1365-way sub-class level, and at every scale it far

exceeds the independent random-label expectation
∑

i p
2
i for label frequencies pi (Supporting

Information, Table S11). Because the neighborhoods are taken in the projected layout rather

than in the 2048-dimensional embedding, these purities characterize the fingerprint as visu-

alized. The purity is most striking at fine granularity: a reaction’s immediate neighbors are

overwhelmingly the same specific transformation type, even though the number of possible

sub-classes is large. Coarse-level purity is more modest because the NameRxn superclass

axis groups reactions by synthetic purpose rather than by the structural change itself, mix-

ing chemistries whose condensed graphs differ significantly. The TMAP embedding of the

fingerprint therefore organizes reactions by the structure of the transformation itself, the

property that our descriptor-regression objective rewards.

Discussion

Descriptor-regression pre-training improves reaction property prediction with graph neural

networks. CheMeleon-Rxn achieves the best or statistically tied-for-best mean RMSE on

seven of the eight tasks, which span reaction types as different as gas-phase barrier heights

and high-throughput experimental yields. The same recipe works across these chemically
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Figure 5: The CheMeleon-Rxn fingerprint induces a chemically coherent reaction space.
TMAP layout of fifty thousand Pistachio reactions embedded with the pre-trained D-MPNN
fingerprint, colored by the eleven NameRxn superclasses, with callouts for six representative
regions. The reaction schemes are textbook archetypes with generic R/Ar groups, not ver-
batim records, as Pistachio is proprietary.24
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diverse tasks without task-specific descriptor engineering or a hand-designed pretext task.

Ablation studies confirm that the design choices are secondary rather than critical. How

the per-molecule descriptors are pooled over each side of the reaction makes little difference:

sum- and mean-pooling of the Mordred descriptors produce statistically equivalent results

on seven of the eight tasks, with sum pooling ahead only on the H-abstraction rate task.

Similarly, the choice of masking fraction is not critical: the 70% setting is best or statistically

tied-for-best on seven of the eight tasks (SI Fig. S1), and we used it for the reference config-

uration. The choice of descriptor set is also less consequential than expected: pre-training

with the smaller RDKit-2D set (210 per-molecule descriptors) still transfers to seven of the

eight downstream tasks, and only the RDB7 activation energy task favors the richer Mor-

dred set (1613 descriptors). Together, these results suggest that a wide variety of classical

molecular descriptors, pooled and differenced across reaction sides, can serve as a sufficient

pre-training signal for reaction graph encoders.

The one design axis that does matter is the architectural choice of whether the encoder

consumes edge features. Pre-training improves D-MPNN and GINE, which both incorporate

bond-level information into their message-passing updates, and degrades GIN, which ignores

edge attributes entirely. We attribute this to the pre-training target, which encodes bond-

level chemistry that a node-only message function cannot represent. Hence, pre-training

drives GIN to a worse starting point than random initialization. Because a reaction is

defined by how its bonds reorganize, an encoder blind to bond features is poorly suited to

reaction property prediction, whether trained from scratch or pre-trained. This is consistent

with prior evidence that the fidelity of bond featurization governs the representational power

of CGR-based reaction encoders.28

The improvement is not explained by model capacity. A same-architecture D-MPNN

(message-passing hidden 2048, depth 6) trained from random initialization, a capacity-

matched scratch baseline, is never significantly better than CheMeleon-Rxn and is substan-

tially worse on several tasks (see Supporting Information, Table S6). The gain is therefore
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attributable to the pre-training signal rather than to the larger network. CheMeleon-Rxn

trails on only one of the eight tasks, the RDB7 reaction enthalpy, where it sits just behind

the D-MPNN that receives the reaction descriptors as additional molecular features.

Looking ahead, there are several natural, future extensions of this work. The descriptor-

regression objective is agnostic to the source of reactions: any collection of atom-mapped

reaction SMILES yields a valid pre-training corpus, and reaction databases continue to grow

rapidly. Including reaction conditions such as solvents, catalysts, and reagents in both the

descriptor target and the CGR featurization may be a direct path toward improving yield

prediction, where reagents play a decisive role. The descriptor target itself can be made

richer by incorporating computed quantum-chemical fragment descriptors,29 which preserve

the low-noise, fully calculable nature of the pre-training signal. Finally, that the benefit

transfers to both edge-aware backbones we tested (D-MPNN and GINE) suggests the recipe

is not D-MPNN-specific and is a candidate for other edge-conditioned reaction GNNs, though

this remains to be tested more broadly. All pre-trained model weights are publicly available

on Hugging Face and the full codebase is open-source (URL to be added on release).

Methods

Datasets

Pre-Training Corpus

The pre-training corpus pools eight atom-mapped reaction sources: the gas-phase elementary-

reaction sets RGD1,30 RDB7,31 and the E2, SN2, and cycloaddition barrier benchmarks,32,33

the Ha C−N and H-abstraction rate datasets,9,34 and a large sample of patent reactions from

Pistachio (NextMove Software), text-mined from the chemical patent literature.24 Down-

stream labels are discarded and only reaction structures are retained. Every source is re-

quired to be natively atom-mapped, and each reaction is reduced to reactants and products
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only, with agents and reagents stripped. Reactions are restricted to the organic main-group

elements (H, B, C, N, O, F, Si, P, S, Cl, Br), and the reactant side is capped at 40 heavy

atoms. A cap of 50,000 reactions per NameRxn class (applied at the granular reaction-type

level) is imposed on Pistachio so that the most common patent reaction types do not dom-

inate the corpus. The labeled benchmark sources contribute their training and validation

reactions as including these downstream training reactions in the pre-training corpus is well

supported in the transfer-learning literature.35 Test reactions from all six downstream bench-

marks are identified using map-independent canonical keys and withheld in both forward and

reverse directions before pooling. Reactions are deduplicated on those canonical keys, and

each retained reaction is augmented with its reverse (products → reactants), so that the

encoder sees both directions of every transformation. The pooled, deduplicated corpus of

2,215,990 reactions is randomly subsampled to a target of two million reactions. This round

target is a heuristic choice and we would not expect pre-training on the full ∼2.2 million

reaction corpus to materially change the downstream results. These two million reactions

comprise around 1.4 million unique molecules, and the classical descriptor target is computed

and cached once per unique molecule rather than once per reaction.

Downstream Benchmarks

Six labeled datasets serve as fine-tuning benchmarks, all also contributing their non-test reac-

tions to the pre-training corpus above (Table 4). The E2 and SN2 barrier sets32 contain 1,264

and 2,361 DFT-computed gas-phase reactions. The cycloaddition dataset33 (5,269 reactions)

provides two targets: activation free energy (∆G‡) and reaction free energy (∆Grxn). The

RDB7 dataset31,36 (11,926 reactions) reports activation energies and reaction enthalpies using

high-quality quantum chemistry calculations. The Ha C−N coupling dataset9 (4,204 reac-

tions) reports experimental yields, measured as liquid chromatography area percent (LCAP),

from a high-throughput Pd-catalyzed cross-coupling screen. The LogRate dataset34 (778 re-

actions) contains log10 rate coefficients for gas-phase hydrogen-abstraction reactions. For
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Table 4: Datasets used for pre-training and fine-tuning. Pre-training counts are the pooled
composition post-augmentation (each reaction and its reverse included), before the pool
is randomly subsampled to the two-million-reaction training corpus; the per-source rows
therefore sum to the pooled total rather than to the trained corpus size. †Pistachio is a
proprietary licensed dataset (NextMove Software) and cannot be redistributed. Benchmark
Ntrain refers to the first split.

Dataset Target(s) Pre-training Benchmark Npretrain Ntrain Source

Pistachio† n/a X 1,888,804 n/a 24
RGD1 n/a X 283,507 n/a 30
E2 activation energy (Ea) X X 2,202 1,014 32
SN2 activation energy (Ea) X X 2,847 1,902 32
CycloAdd activation free energy

(∆G‡), reaction free en-
ergy (∆Grxn)

X X 9,404 4,215 33

RDB7 activation energy (Ea),
reaction enthalpy
(∆Hrxn)

X X 20,936 9,539 31

Ha C−N yield (LCAP) X X 6,894 3,364 9
LogRate rate coefficient (log10 k) X X 1,396 621 34

Pooled total 2,215,990
Pre-training corpus 2,000,000

each benchmark we construct five splits with a fixed test set (≈10%, held identical across all

five splits) and, over the remaining ≈90%, reshuffled train/validation partitions correspond-

ing to an ≈80/10/10 train/validation/test split of the full dataset. Splitting is performed at

the group level, keeping each reaction and its reverse (if it exists) together. This prevents

leakage of structures to the test set. All splits are shared across every model.

CGR Representation and Reaction Descriptors

Each reaction is represented as a condensed graph of reaction (CGR), the superposition of the

atom-mapped reactant and product graphs into a single pseudo-molecule.6,13,37 Both atoms

and bonds carry features describing the reactant and product states, so the graph encodes

the full transformation rather than either side alone. We featurize reactions with Chemprop

v2.3.115 in its REAC DIFF mode, which represents each atom and bond by concatenating
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its reactant-state features with the difference between its product-state and reactant-state

features. Explicit atom-mapped hydrogens are retained (KEEP H = True).

Per-molecule Mordred descriptors25 (1613 2D descriptors, calculated on RDKit38 molec-

ular graphs) or RDKit-2D descriptors (210 2D descriptors) are computed for every unique

molecule in the pre-training corpus and benchmark datasets. To construct a reaction-level

descriptor target, each side is pooled independently by an element-wise sum over all con-

stituent molecules’ descriptor vectors (Mordred-sum, the default) or an element-wise mean

(Mordred-mean). The two pooled vectors are combined with a difference-and-concatenate

operator,

drxn =
[
Σreac ‖ (Σprod − Σreac)

]
, (1)

yielding a 3226-dimensional reaction descriptor for Mordred or a 420-dimensional descrip-

tor for RDKit-2D. This operator is analogous to the REAC DIFF featurization mode of

Chemprop, which feeds the same difference structure as graph-level input to the CGR en-

coder.6 Descriptor values are standardized using Welford’s online mean and variance com-

puted over the pre-training corpus, and winsorized by clipping to ±6 standard deviations

before z-scoring.

Pre-Training

The CheMeleon-Rxn D-MPNN encoder uses message-passing hidden size 2048 and depth 6

with mean aggregation. A single-layer feed-forward neural network (FNN) prediction head

(hidden size 1024, LeakyReLU activation) is attached on top: during pre-training it projects

onto the full descriptor target, and at fine-tuning time onto the single downstream property.

The deployed fine-tuned model has O(10M) parameters. The same encoder architecture is

used for the GIN12 and GINE16 backbone variants in the analysis experiments.

Pre-training minimizes a masked descriptor regression loss. For each training reaction,

a random fraction f of the descriptor dimensions is masked and the model predicts only
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the visible dimensions; the loss is the mean squared error over those unmasked targets

(RandomDropoutMSE loss19). The reference configuration uses f = 0.70 (70% masked per

step). Learning rate follows a Noam warm-up schedule with initial rate 5× 10−5, peak rate

3×10−4, final rate 5×10−5, and 10 warm-up epochs over a maximum of 100 epochs. We use

early stopping based on the validation loss, terminating training when the validation loss fails

to improve for 10 consecutive epochs (patience = 10). The batch size is 1024 reactions. The

pre-training corpus is split 90/10 (train/val) by a group-aware scheme that keeps reactions

sharing molecular species in the same partition. For pre-training specifically, featurizing

the reaction graphs on the fly over the two-million-reaction corpus is made tractable by the

accelerated cuik-molmaker backend.39

Fine-Tuning

To fine-tune CheMeleon-Rxn, the CGR encoder is initialized with the pre-trained weights

and a fresh single-layer FNN prediction head (hidden size 1024, LeakyReLU activation) is

attached. We fine-tune the full network end-to-end with a flat learning rate of 10−4, batch

size 64, and a maximum of 100 epochs with patience 10. The gradual-unfreeze experiments

follow the same setup but hold the encoder frozen for the first k ∈ {10, 20, 50, 100} epochs

before releasing it. The learning-rate schedule differs by model group and is summarized in

the Supporting Information (Table S3): pre-trained encoders use the flat rate above, whereas

the randomly initialized GNN baselines use Chemprop’s default Noam schedule.

For each benchmark dataset, five splits are used as described above; within each split,

three models are trained with distinct random seeds and their test-set predictions are aver-

aged to produce one ensemble RMSE per split, yielding five Tukey-HSD replicates per task.

Pairwise differences in per-split RMSE are tested with the Tukey HSD test at the 5% level;

the mean rank reported in the summary tables counts a model’s rank as 1 on any task where

it is best-mean or statistically tied-with-best.
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Baselines

Five baselines frame the performance of CheMeleon-Rxn. The D-MPNN (scratch) is a

Chemprop CGR D-MPNN with the default architecture (hidden size 300, depth 3) trained

from random initialization, following the identical fine-tuning code path as CheMeleon-Rxn

to isolate the benefit of pre-training; this is the standard Chemprop-CGR starting point with-

out pre-training.27 The D-MPNN + Descriptors baseline attaches the 3226-dimensional

Mordred reaction descriptor to the graph embedding after pooling and before the FNN head

(head hidden size 512, depth 2), testing whether the descriptor information helps when sup-

plied as direct input rather than through pre-training. The Descriptors + MLP baseline

discards the graph encoder and trains an MLP with two hidden layers (hidden size 300)

on the Mordred reaction descriptor alone, isolating the downstream predictive value of the

classical descriptor. The MorganDiff + MLP baseline replaces the Mordred descriptor

with a Morgan count fingerprint difference (radius 3, 1024 bits, products minus reactants),

fed into the same two-layer MLP; this is a Morgan-based variant of the difference reaction

fingerprint of Schneider et al.,40 a simple and widely used fixed reaction representation.

The IBM RXNFP + MLP baseline uses the pre-trained BERT reaction fingerprint of

Schwaller et al.11 (256-dimensional continuous embedding, fixed, from the publicly avail-

able checkpoint) as the sole input to the same two-layer MLP; this is a widely used learned

NLP-based reaction embedding. The GNN baselines (D-MPNN scratch and D-MPNN +

Descriptors, along with the GIN and GINE variants of the backbone-generality analysis) are

trained with Chemprop v2’s default optimizer and learning-rate schedule,15 while the MLP

baselines use a flat 10−4 learning rate as in the fine-tuning setup above. All baselines share

the five-split, three-seed ensembling and evaluation protocol.
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