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Abstract

In this contribution, we examine the interplay between target definition, data distri-

bution, featurization approaches, and model architectures on graph-based deep learning

models for thermodynamic property prediction. Through consideration of five curated

datasets, exhibiting diversity in elemental composition, multiplicity, charge state, and

size, we examine the impact of each of these factors on model accuracy. We observe

that target definition, i.e., using formation instead of atomization energy/enthalpy, is a

decisive factor, and so is a careful selection of the featurization approach. Our attempts

at directly modifying model architectures result in more modest, though not negligi-

ble, accuracy gains. Remarkably, we observe that molecule-level predictions tend to

outperform atom-level increment predictions, in contrast to previous findings. Overall,
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this work paves the way toward the development of robust graph-based thermodynamic

model architectures with more universal capabilities, i.e., architectures that can reach

excellent accuracy across data sets and compound domains.

Introduction

Rapid, accurate, and computationally inexpensive estimates of thermodynamic properties

are crucial in many applications across the chemical sciences.1–3 For example, formation (free)

energy predictions facilitate straightforward filtering based on thermodynamic driving forces

during reaction mechanism/network exploration.4 Those driving forces can subsequently

also be used to estimate kinetic barriers through the empirically observed coupling between

reaction and activation energies, also known as the Bell-Evans-Polanyi principle.5,6

Empirical, on-the-fly approaches, to estimate energies – be they electronic, enthalpic, or

Gibbs-free in nature – without explicitly running quantum chemistry calculations, have a

long history. In 1958, Benson and co-workers proposed the first version of group-increment

theory.7 In this theory, molecules are decomposed into predefined atom groups and each

of these individual atom groups gets a ”group additivity” value assigned, which is initially

derived through fitting to formation enthalpies for (a limited) set of experimentally character-

ized compounds. Several expansions and correction schemes have been proposed to Benson’s

original approach, gradually improving the accuracy and applicability of this method over

the years.8–11

With the advent of machine learning (ML) in chemistry, alternative strategies to tradi-

tional additivity schemes have become feasible. Deep learning models operating on molecular

graphs, i.e., graphs in which nodes correspond to atoms and edges correspond to bonds, have

recently shown great promise in producing reasonable thermodynamic predictions.12 Since

these approaches – in contrast to e.g., equivariant neural networks13 or kernel ridge regression

models14 – do not require a (reliable) geometry as input, they can generate predictions at a

millisecond speed even for large molecules spanning hundreds of atoms.15 Additionally, they
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have been demonstrated to yield good predictions for compound classes that have been no-

toriously difficult to treat with conventional additivity schemes, e.g., polycyclic compounds,

which contain ring-strain that cannot easily be decomposed into independent atomic/group

contributions.3,16

A recent model architecture that is particularly noteworthy in this regard is the one devel-

oped by Chen et al.16 In their approach – conceptually similar to Benson’s original additivity

ideas – molecular graphs are constructed with an inexpensive, structure-based initial input

featurization, after which the graph is passed through a directed message-passing neural

network (D-MPNN). The D-MPNN, of which the Chemprop implementation was used,17,18

iteratively updates the representations of the individual atoms by exchanging information

with the neighbors. After a fixed number of iterations, the representation vector for every

atom is passed through a feedforward neural network which results in a custom additivity

value. These flexible atom-level values, incorporating information about the local molecular

environment, are subsequently sum-pooled to yield the final molecule-level prediction (Fig.

1).
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Figure 1: Schematic representations of (a) the molecular fingerprint (FP), (b) the atomic
FP architectures. (•) can represent either a mean, sum, or norm operation. (+) indicates
sum pooling. In the original Chemprop architecture, learned representations of atomic fin-
gerprints are aggregated to form the molecular FP (cf. panel a), which is then used for the
direct prediction of molecular properties. In Chen et al.’s work (cf. panel b),16 the atomic
fingerprints are processed through a fully connected network to determine the atomic addi-
tivity values. These values are then summed to derive the overall property of the molecule.

Chen and co-workers demonstrated that this atom-level increment approach extrapolates

remarkably well to molecules of varying size, and in a much more robust manner than
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conventional graph-based deep learning models, which make their final prediction based on

a molecule-level representation (cf. Fig. 1a). In particular, they trained their model on

QM9,19 a dataset consisting of DFT-level properties for 134k neutral, closed-shell molecules

with up to 9 heavy atoms (C, O or N), and subsequently refined their model on the small –

i.e., only 9,722 molecules with up to 9 heavy atoms – yet high-accuracy, dataset computed

at CCSD(T)-F12 level of theory by Green et al.20 Next, they evaluated their model on the

experimental NIST-TRC dataset,21 consisting of 2524 molecules with up to 42 heavy atoms.

With their increment-based model architecture, the experimentally determined formation

enthalpies on this last dataset were reproduced within 2 kcal/mol, whereas models making

use of molecule-level representations yielded catastrophic errors of tens – and even hundreds

– of kcal/mol, as the size of the molecules increased beyond the range encountered in the

original training set.

In an independent study, Ward and co-workers observed similar trends when building

deep learning-based models for solvation energy prediction: for this property as well, the pre-

dictions made by atom-level, increment models turned out to be much more robust to system

size variations than those made by models that base their final predictions on molecule-level

representations.22

At this point, it is important to underscore that the ability to extrapolate towards big

molecules is highly desirable from a practical perspective, since accurate electronic structure

methods – especially those able to generate reference data for training on par with experimen-

tal accuracy – scale unfavorably with system size.23,24 In practice, calculations for systems

exceeding 20-30 atoms tend to quickly become prohibitively expensive, which renders high-

throughput dataset generation intractable. Consequently, (accurate) deep-learning training

datasets for thermodynamic property prediction will largely remain limited to relatively

small molecules for the foreseeable future, while the relevant use cases of thermodynamic

models are most certainly not restricted to a specific system size.

Despite the encouraging results by Chen et al.,16 Ward et al.,22 as well as others,3,25 a
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universal graph-based predictive model for thermodynamic properties, that can generalize

across vast swaths of chemical space remains elusive. In particular, all studies on this topic,

up to this point, have focused primarily on QM9-derived datasets, with its peculiar data

distribution (e.g., molecules containing small, highly strained rings appear disproportionally

represented), its restriction to closed-shell molecules, as well as its limited diversity in terms

of elements (only C, N, O, H are present). Consequently, the model architectures, as well

as input featurizations developed so far have been tailored and optimized specifically to this

type of compounds, and the transferability/expansion to more diverse compound classes has

not yet been considered in detail.

In this study, we explore the construction of deep learning models for thermodynamic

property prediction that have a more universal applicability. To this end, we curate five

distinct open-source thermodynamic datasets, containing closed-shell, radical, and diradical

– as well as both charged and uncharged – compounds, in combination with a broad range

of elements, i.e., H, C, N, O, F, B, P, S, Cl, Br, and I. We will demonstrate that the models

developed so far tend to result in divergent accuracies when retrained on these datasets.

Subsequently, several modifications will be explored to make the model performance more

accurate and uniform across chemical domains.

Remarkably, we observe that model factors that often receive comparatively little con-

sideration, such as the thermodynamic target definition (e.g., formation vs. atomization

enthalpies), and the input featurization, can have outsized effects on the model accuracy,

trumping the effect of finetuning the actual neural network architecture in many cases.

Additionally, in contrast to previous findings (vide supra), we observe that atom-level

increment models generally do not perform on par to molecule-level prediction models; es-

pecially when the training and test sets contain a wide range of molecule – and particularly

ring – sizes, we observe a decisive advantage for the latter over the former. As such, the

conclusions drawn by Chen et al.16 and Ward et al.22 do not seem to be universally valid.

This highlights an inconvenient truth, namely, that to maximize model accuracy, there ap-
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pears to be no way around constructing thermodynamic property datasets that also contain

(at least some) diversity in terms of size.

Overall, this work paves the way toward the development of robust graph-based ther-

modynamic model architectures with more universal capabilities, i.e., architectures that can

reach excellent accuracy across data sets and compound domains.

Methodology

Datasets

Five open-source thermodynamic datasets, with molecular graphs in terms of SMILES26 as

input, have been extracted and curated from various sources: QM9, PC9, BDE-db, QMugs

and QMugs1.1. Below, a brief description of each of these datasets is provided:

(I) The original version of the QM9 dataset27 encompasses 134,000 stable, small organic

(H, C, N, O) molecules. All properties, including (minimized) energies, enthalpies, and free

energies, the corresponding geometries, dipole moments, and polarizabilities were computed

using the B3LYP/6-31G(2df,p) level of theory.28–31

(II) The PC9 dataset32 comprises over 99,000 small molecules restricted to containing

up to 9 heavy atoms (H, C, N, O, F), and provides calculated total molecular (free) ener-

gies/enthalpies at the B3LYP/6-31G(d) level of theory.28–31 Unlike the QM9 dataset, which

includes solely closed-shell neutral compounds, PC9 notably includes species with multiplic-

ities > 1 as well.

(III) The BDE-db dataset33 contains over 240,000 organic radical species and 40,000

associated closed-shell molecules consisting of H, C, N, and O atoms. Properties such as

optimized 3D geometries, enthalpies, Gibbs free energy, vibrational frequencies, Mulliken

charges, and spin densities were calculated at the M06-2X/def2-TZVP level of theory.34,35

(IV) The QMugs (Quantum-Mechanical Properties of Drug-like Molecules) dataset36

comprises thermodynamic properties of approximately 660,000 curated molecules, extracted
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from the ChEMBL database.37 Geometry optimizations for these compounds were performed

at the xTB level of theory,38 after which quantum mechanical properties (enthalpies, Gibbs

free energies, Mulliken charges, spin densities, etc.) were computed at ωB97X-D/def2-SVP

level of theory.35,39

(V) The QMugs1.140 dataset is an expansion of the original QMugs dataset. It contains

almost 72,000 small molecules sourced from a selection of reaction databases, and additional

charged and boron-containing compounds were added from ChEMBL.37 The same level of

theory as in the original QMugs dataset was used.35,39

Extensive cleaning of these datasets was needed to make them amenable as training data

for graph-based deep learning models. An in-depth discussion of the procedure followed

can be found in Section S2 of the Supporting Information. After the application of this

procedure, final versions of the QM9 (127,007 data points), BDE-db (289,639 data points),

PC9 (96,634 data points), QMugs (636,821 data points) and QMugs1.1 (70,546 data points)

were obtained, and used throughout this study.

Target definition

Since each of the datasets has originally been computed at different levels of theory, total

(free) energy/enthalpy values across the datasets are not directly comparable. Consequently,

the raw energetic labels were consistently transformed into thermodynamic quantities, by

making use of atom-level reference calculations. As will be discussed below, the choice of

the atom reference is not trivial and can affect the accuracy of the resulting model to a

non-negligible extent. As such, multiple types of target quantities have been considered.

Atomization enthalpy/energy refers to the amount of energy required to decompose a

chemical substance into independent atoms completely, cf. Eq. 1 for the case of the enthalpy,

Ha = Htotal −
∑
i

ni ×Hi (1)
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In this equation, Ha represents the atomization enthalpy, Hi is the single atomic enthalpy

of the ith atom type (H, C, N, O, etc.), ni is the number of atoms of the ith atom type

that makes up the molecule, and Htotal is the total enthalpy computed for the molecule.

The reference enthalpies for the atoms are consistently computed at the same level of theory

as the total enthalpy; the selected multiplicities for each atom type, and the corresponding

enthalpy values, are listed in Table S4 in the Supporting Information.

Formation enthalpy is traditionally defined as the energetic change when one mole of the

compound is formed from its constituent elements in their most stable forms under standard

conditions.41 Unfortunately, transforming total enthalpy values into formation enthalpies is

a non-trivial task, requiring several parameters for every atom type, which are not readily

available for every element in the periodic table, as well as specific energetic quantities at

the molecule level (e.g., zero-point energy), which are not accessible for each of the datasets

considered in this study.

As such, we adopted a more convenient formation enthalpy/energy definition, where

stable, gas-phase molecular allotropes were selected as references, e.g., H2, N2, O2, F2, P4

and C60. The advantage of these alternative references is that they can easily be computed

with an electronic structure program at any level of theory.42 The formation enthalpy (or

energy) can then be defined as follows,

Hf = Htotal −
∑
i

ni

Ni

×H(XN)i (2)

where Ni corresponds to the number of atoms of element i present in the corresponding

reference molecule and H(XN)i represents the molecular enthalpy of the selected allotrope,

with molecular formula XN , for element i. The reference enthalpy values at every level of

theory, used to compute the formation enthalpies in this study, are listed in Table S4 in the

Supporting Information.

For QM9, the existing train/validation/test-split was adopted (vide supra). For the

other datasets, a similar random 80/10/10-split was set. To confirm the robustness of the
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conclusions drawn in this study (vide infra), alternative data splits were also tested for

the smallest (and most challenging) dataset, QMugs1.1, resulting in the recovery of the

same trends as those presented below (cf. Supporting Information Section S5). All curated

datasets and splits are accessible from https://doi.org/10.6084/m9.figshare.27262947.

Hyperparameter selection

For each model tested, only a single set of optimal hyperparameters was determined, and

the training set of the QM9 dataset was used to this end. The reason for not finetuning

hyperparameters on each individual dataset independently is that one of the goals of this

study is to find robust settings that could generalize across compound domains.

Only three hyperparameters were varied in a grid search: activation function (ReLU,

PReLU, tanh), number of message-passing steps (n ∈ {2, 3, 4, 5}) and hidden size (h ∈

{200, 300, 400}). The results of these hyperparameter searches are summarized in Section

S6 of the Supporting Information.

Featurization approaches

We started our work from the original Chemprop model developed by Yang and co-workers18

in bond message-passing mode,17 and added the implementation of atom-level fingerprints

(FP), in line with the previous work by Chen et al. (cf. Figure 1a).16 Subsequently, several

additional modifications were implemented and tested.

First and foremost, we considered different atom-/bond-featurization approaches. Tra-

ditionally, the input featurization for graph-based molecular deep learning models has only

been an afterthought, even though they have been demonstrated to influence model perfor-

mance to a significant extent. In the study by Chen et al.,16 it was observed that modifying

the default input features in the Chemprop model could reduce the mean absolute error on

the QM9 dataset by almost 40%. This observation was rationalized by arguing that some

of the default features were problematic, e.g., formal charge and bond order, since they are
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resonance structure dependent. Furthermore, the authors of this study argued that a more

fine-grained encoding of the sizes of the rings in which each atom is involved enables a better

description of strain effects.

Here, we extensively evaluate both featurizations, which we denote as ”Chemprop” and

”Chen et al.” respectively. Additionally, we also tested a couple of new featurization ap-

proaches. Specifically, compared to the featurization in Ref.,16 we aimed to refine the ring

encoding further. Whereas Chen et al. added a one-hot encoding to the input (atom) rep-

resentation, indicating whether the considered atom is part of a 3, 4, ..., 8-membered ring,

we replaced this part of the representation with a counter, i.e., if an atom is part of two

4-membered rings, the corresponding element in the vector gets assigned a value 2 instead

of 1.

Additionally, we introduced the ability to integrate molecule-level input descriptors/features

into the model architecture, to facilitate better discrimination between closed-shell, radical,

and diradical compounds, as well as between charged (and uncharged) species. To this end,

the net molecular charge and multiplicity are determined for the SMILES strings (parallel

electron spins are assumed when multiple radical sites are present) and one-hot encoded,

after which the resulting vectors are concatenated to the learned atom-level FP coming out

of the D-MPNN.

The resulting featurization is denoted ”Ours – v1” throughout this manuscript. Addi-

tionally, we also considered an expansion of the ring sizes covered. Whereas Chen et al.

limited their one-hot encoded ring embedding to ring size 10, we considered in a final fea-

turization – denoted as ”Ours – v2” – rings up to size 20. This modification was tested since

the QMugs data set,36 in particular, contains a lot of macrocycles (see Section S2.2 of the

Supporting Information). In Table 1, a schematic overview of the different featurizations is

provided.
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Table 1: Overview of the input features considered in this study.

Type Feature Size Chemprop Chen et al. Ours – v1 Ours – v2

Atom

Atom type 100 Yes Yes Yes Yes
# neighbor bonds 5 Yes Yes Yes Yes
Formal charge 5 Yes No No No

Chirality 4 Yes Yes Yes Yes
# hydrogens 5 Yes Yes Yes Yes
Hybridization 5 Yes No No No
Aromaticity 1 Yes No No No
Atomic mass 1 Yes Yes Yes Yes

Atom is in ring 1 No Yes Yes Yes
In N−member ring (3,10) No Yes No No
# N−member rings (3,10) No No Yes No
# N−member rings (3,20) No No No Yes

Bond

Bond type 4 Yes Yes Yes Yes
Is conjugated 1 Yes Yes Yes Yes
Bond is in ring 1 Yes Yes Yes Yes

Stereo 6 Yes Yes Yes Yes
In N−member ring (3,10) No Yes No No
# N−member rings (3,10) No No Yes No
# N−member rings (3,20) No No No Yes

Molecule
Charge 5 No No Yes Yes

Spin multiplicity 3 No No Yes Yes

Model architectures

Finally, we also took a closer look at the neural network architecture itself. In both Chen et

al.’s16 and Ward et al.’s22 study, a regular (D-)MPNN was used to embed the atoms.12 Here,

we explored in the first instance whether the performance of the embedder can be improved

by refining the message-passing mechanism. Significant attention has previously been de-

voted to the improvement and finetuning of this crucial step in the representation learning

process.17,18,43 Some recent examples include the work by Flam-Shepard and co-workers,44 as

well as by Chen et al.,45 in which higher-order message passing was considered, with the aim

of enabling information diffusion across longer distances within molecular graphs. Here, we

introduce a new network module in the D-MPNN, which we call ”MLP-Trigonometric” (cf.

left-hand side of Figure 1b). This network module is composed of regular multi-layer per-

ceptrons (MLP) and refines the atomic embeddings through advanced skip connections46–48
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which integrate initial M0 and subsequent messages M t. In practice, linear layers Fa and Fb

respectively encode (layer-normalized) passed and original messages, after which a sinusoidal

interaction term (sin θ) captures the dynamic relationship between these messages, yielding

Fr, followed by a final skip connection to add the subsequent messages M t,

Fa = MLP(LayerNorm(mt
vw),W

i)

Fb = MLP(m0
vw,W

j)

Fr = MLP(σ(Fa · sin(Fb)),W
k)

mt
vw = mt

vw + Fr

(3)

where mt
vw is the v, w element of M t, and m0

vw is the v, w element of M0 respectively.

We hypothesize that the introduction of these additional skip connections may improve the

stability of the message-passing process further and facilitate deeper feature integration.

Additionally, we also considered the integration of a recently developed type of neu-

tral network layer, inspired by the Kolmogorov-Arnold representation theorem,49 into the

message-passing step (cf. right-hand side of Figure 1b). Kolmogorov-Arnold networks (KAN)

have recently been proposed as high-performing alternatives to traditional multilayer percep-

trons. In the constituent blocks of a KAN, i.e., a ”KAN-layer”, each node is fully connected

to every node in the subsequent layer. For each edge, a separate, learned activation function

is applied, rather than simply using weights (cf. the regular MLP-based architecture). Each

node then involves a summation operation to all incoming edges.

Learnable activation functions are expressed as weighted combinations of B-splines, where

the B-spline basis functions, denoted as Bi, are utilized,

KAN-layer(x) = w1 · SiLU(x) + w2 ·
G+k−1∑
i=0

ci ·Bi(x) (4)

The weights w1, w2, and the coefficients of the basis function, ci, are trainable parameters

of the spline and x is an individual dimension of an input vector X. The basis function Bi
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is selected as a polynomial of degree k, and the grid parameter G controls the complexity

of the B-spline construction. Adhering to previous work in this area,50 the values for k and

G were set to 3 and 5 respectively. As activation function, the Sigmoid Linear Unit (SiLU),

was selected consistently.

The mathematical expression of the full network module, KAN-Trigonometric, we adopted,

can be expressed as follows,

Fa = MLP(LayerNorm(mt
vw),W

i)

Kb = KAN(m0
vw)

Fr = MLP(σ(Fa ∗ cos(Kb)),W
j)

mt
vw = mt

vw + Fr

(5)

where linear layer Fa and KAN-layer Fb respectively encode (layer-normalized) passed

and original messages, Fr involves an interaction between both the outputs from both layers,

and A corresponds to a final skip connection.

Results and discussion

Evaluation of the existing model architectures

To set the stage for this study, we start by considering the performance of the original

Chemprop model architecture,18 as well as the analogous architecture with atom-level fin-

gerprints,16 on each of the curated datasets. Consistent hyperparameters, finetuned on the

QM9 dataset, were selected. Both the atomization enthalpy (Ha), and our adopted definition

of the formation enthalpy (Hf ; vide supra) are consistently selected as the target quantities.

Table 2 reveals that the original Chemprop model fails – at times spectacularly – for

all selected datasets, except for QM9. Remarkably, a result approaching chemical accuracy

is in fact only achieved when the formation enthalpy is used as the target for the latter

dataset. This startling preliminary result highlights the limited out-of-the-box applicability
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Figure 2: Schematic overview of the architecture used in this work. (a) Construction of the
graph and initiation of atom, bond and molecular features (left), followed by bond message
passing (right). (b) Modifications introduced to the message passing procedure: MLP-
Trigonometric (left) and KAN-Trigonometric (right) block. (c) Schematic overview of the
read-out part of the network for the atomic fingerprint (top) and the molecular fingerprint
(bottom).

of the currently available graph-based model architectures for thermodynamic property pre-

diction,17 and it underscores the need for modifications to increase their robustness, which

is indeed the focus of the current study.

It should also be noted from Table 2 that switching targets between atomization and

formation enthalpies impacts the model accuracy, not only for QM9 but for all datasets. More

specifically, one consistently observes significantly higher root mean square errors (RMSE)

and mean square errors (MAE) for the atomization enthalpies. This is remarkable since the

only difference between both targets is their definition of the atom-level reference. While

unexpected at first, a reasonable explanation for this observation can straightforwardly be

provided. We will focus on this point in the next subsection, before turning to modifying

the actual featurization and model architecture.

14



Table 2: Performance of the original Chemprop model with optimal hyperparameters deter-
mined for the QM9 dataset on the various datasets considered as part of this study. The
standard deviations were determined based on the RMSEs/MAEs for five replicates.

Dataset Model Featurization Target Hyperparameters
RMSE

(kcal/mol)
MAE

(kcal/mol)

QM9 D-MPNN(atomic FP) Chemprop Ha (tanh, 5, 300) 14.93± 1.71 5.12± 0.39
QM9 D-MPNN(atomic FP) Chemprop Hf (ReLU, 5, 300) 1.93± 0.06 1.10± 0.04
QM9 D-MPNN(molecular FP) Chemprop Ha (ReLU, 5, 400) 12.98± 0.76 2.74± 0.15
QM9 D-MPNN(molecular FP) Chemprop Hf (PReLU, 5, 400) 1.91± 0.02 1.09± 0.06
PC9 D-MPNN(atomic FP) Chemprop Ha (tanh, 5, 300) 36.29± 4.04 14.33± 2.36
PC9 D-MPNN(atomic FP) Chemprop Hf (ReLU, 5, 300) 5.70± 0.39 2.46± 0.21
PC9 D-MPNN(molecular FP) Chemprop Ha (ReLU, 5, 400) 30.38± 0.94 9.83± 2.12
PC9 D-MPNN(molecular FP) Chemprop Hf (PReLU, 5, 400) 5.58± 0.05 2.40± 0.04

BDE-db D-MPNN(atomic FP) Chemprop Ha (tanh, 5, 300) 39.76± 1.59 13.31± 1.26
BDE-db D-MPNN(atomic FP) Chemprop Hf (ReLU, 5, 300) 3.54± 0.06 1.29± 0.08
BDE-db D-MPNN(molecular FP) Chemprop Ha (ReLU, 5, 400) 32.75± 0.98 8.53± 2.15
BDE-db D-MPNN(molecular FP) Chemprop Hf (PReLU, 5, 400) 3.53± 0.06 1.27± 0.03
QMugs D-MPNN(atomic FP) Chemprop Ha (tanh, 5, 300) 108.84± 1.14 62.93± 0.30
QMugs D-MPNN(atomic FP) Chemprop Hf (ReLU, 5, 300) 18.88± 0.18 10.37± 0.19
QMugs D-MPNN(molecular FP) Chemprop Ha (ReLU, 5, 400) 31.51± 0.82 9.32± 0.29
QMugs D-MPNN(molecular FP) Chemprop Hf (PReLU, 5, 400) 8.70± 0.18 3.68± 0.04

QMugs1.1 D-MPNN(atomic FP) Chemprop Ha (tanh, 5, 300) 378.38± 4.22 211.17± 3.98
QMugs1.1 D-MPNN(atomic FP) Chemprop Hf (ReLU, 5, 300) 28.38± 0.31 14.08± 0.25
QMugs1.1 D-MPNN(molecular FP) Chemprop Ha (ReLU, 5, 400) 233.91± 6.89 84.31± 2.60
QMugs1.1 D-MPNN(molecular FP) Chemprop Hf (PReLU, 5, 400) 18.74± 0.43 7.94± 0.10

Why is formation enthalpy an easier target than atomization en-

thalpy?

To understand why the atom-level energy reference values matter for model training, one

needs to appreciate the analogy between the process of reference energy selection and ∆-

learning.51–54 ∆-learning is a powerful technique to improve the accuracy and generalizability

of ML models. Instead of training the model directly on the target quantity, in the ∆-learning

approach, the model is trained to predict the difference between a – computationally inex-

pensive – baseline and the full target. Previous studies have highlighted that the effectiveness

of the ∆-learning strategy strongly correlates with the accuracy and robustness of the base-

line, i.e., accurate baselines typically result in huge gains compared to training a model from

scratch, whereas baselines that only correlate mildly with the actual target quantity lead to

only negligible results.

Within the context of energy (or enthalpy) predictions, a generic ∆-learning approach
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could be defined as follows:

Etotal = E0 +∆E (6)

where Etotal is the full target quantity, E0 is the selected baseline, and ∆E is the devi-

ation from the baseline. Comparison of Eq. 6 with Eqs. 1 and 2 readily indicates that the

respective energy references can be interpreted as the baseline so that respectively the for-

mation and atomization enthalpy can be identified as the ∆E. Visualizing the distributions

of formation and atomization enthalpies in bar plots, one can see that the distribution of the

formation enthalpy is much more concentrated, i.e., the former involves a significantly better

”baseline” than the latter across the various datasets (cf. Section S2.1 in the Supporting

Information).

As such, based on the analogy presented, one can expect a model trained on formation

enthalpies to be more accurate and generalizable than one trained on atomization enthalpies.

This is perfectly in line with our experimental results. These results underscore that the

choice between atomization and formation enthalpy as the target is not a trivial one, but

has real consequences for the model performance. In the remainder of this study, we will

exclusively focus on formation enthalpies.

Modifying other model factors

Below, modifications to the Chemprop model, other than the target definition, will be in-

troduced one by one, and the corresponding effect on the accuracy will be evaluated. First,

we consider the effect of featurization. In Table 3, accuracies for the model architectures

both with molecule- and atom-level fingerprints, combined with the alternative featurization

from Chen et al., are shown for every curated dataset. Again, consistent hyperparameters,

finetuned on the QM9 dataset, were selected.

In line with the previous results by Chen et al.,16 we observe that this alternative represen-
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Table 3: Overview of the regression errors for the D-MPNN models, in combination with the
Chen et al. featurization on the various datasets considered as part of this study (formation
energy, Hf , has been selected as the target). The standard deviations were determined based
on the RMSEs/MAEs for five replicates.

Dataset Model Featurization Hyperparameters
RMSE

(kcal/mol)
MAE

(kcal/mol)

QM9 D-MPNN(atomic FP) Chen et al. (PReLU, 4, 400) 1.26± 0.01 0.79± 0.01
QM9 D-MPNN(molecular FP) Chen et al. (ReLU, 4, 400) 1.25± 0.01 0.79± 0.01
PC9 D-MPNN(atomic FP) Chen et al. (PReLU, 4, 400) 4.20± 0.08 1.84± 0.03
PC9 D-MPNN(molecular FP) Chen et al. (ReLU, 4, 400) 4.17± 0.09 1.78± 0.06

BDE-db D-MPNN(atomic FP) Chen et al. (PReLU, 4, 400) 1.75± 0.01 0.89± 0.01
BDE-db D-MPNN(molecular FP) Chen et al. (ReLU, 4, 400) 1.68± 0.03 0.91± 0.02
QMugs D-MPNN(atomic FP) Chen et al. (PReLU, 4, 400) 4.63± 0.10 2.67± 0.10
QMugs D-MPNN(molecular FP) Chen et al. (ReLU, 4, 400) 3.46± 0.74 2.32± 0.27

QMugs1.1 D-MPNN(atomic FP) Chen et al. (PReLU, 4, 400) 8.79± 0.63 4.49± 0.54
QMugs1.1 D-MPNN(molecular FP) Chen et al. (ReLU, 4, 400) 5.68± 0.26 2.59± 0.04

tation outperforms the default one in Chemprop by a significant margin across the different

datasets. In contrast to their results, however, we observe that for some of the more diverse

data sets (QMugs and QMugs1.1), molecular fingerprints significantly outperform atomic

ones, indicating that the increment approach may not be universally applicable after all.

Furthermore, fairly large errors remain for the PC9, QMugs and QMugs1.1 datasets, partic-

ularly in terms of RMSE, which suggests that there are significant outliers in the prediction

errors. As such, significant room for improvement remains.

In Table 4, accuracies for the same models, but then with (the first version of) our own

featurization are presented (see Section S7 of the Supporting Information for an overview

of the effect of only introducing the improved ring embedding, i.e., leaving out the intro-

duction of molecule-level features). Unsurprisingly, for QM9, which contain no (di)radicals

nor charged species or macrocycles, the accuracy achieved is almost exactly the same as for

the representation by Chen et al.16 The biggest performance improvement is achieved on

the QMugs1.1 dataset: RMSEs are reduced by 1-1.5 kcal/mol. This is a sensible result, as

this dataset is arguably the most diverse (it mainly consists of charged species, and it also

contains various large, polycyclic compounds). For PC9, which contains only a limited pro-

portion of radical and diradical compounds, and QMugs, which contains macrocycles but no
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charged or radical species, the effect of our modified representation is more limited, though

we still observe non-negligible gains in terms of RMSE (improvements of 0.2-0.4 kcal/mol).

Somewhat surprisingly, no significant changes in the performance are observed for BDE-

db, despite this dataset containing both closed-shell and monoradical species. A plausible

explanation for this behavior is that the model easily learns to detect the presence of radicals

implicitly when provided with enough training data for both closed-shell and open-shell

molecules, compounded with the fact that the compounds in BDE-db tend to be small,

which means that 4 or 5 rounds of message-passing ought to be sufficient to disperse this

information about the presence of radical centers across (the relevant parts of) the molecules.

Table 4: Overview of the regression errors for the D-MPNN models, in combination with our
new featurization, on the various datasets considered as part of this study (formation energy,
Hf , has been selected as the target). The standard deviations were determined based on the
RMSEs/MAEs for five replicates.

Dataset Model Featurization Hyperparameters
RMSE

(kcal/mol)
MAE

(kcal/mol)

QM9 D-MPNN (atomic FP) Ours – v1 (ReLU, 4, 300) 1.26± 0.02 0.81± 0.01
QM9 D-MPNN (molecular FP) Ours – v1 (PReLU, 4, 400) 1.21± 0.01 0.77± 0.01
PC9 D-MPNN (atomic FP) Ours – v1 (ReLU, 4, 300) 4.01± 0.08 1.77± 0.03
PC9 D-MPNN (molecular FP) Ours – v1 (PReLU, 4, 400) 4.02± 0.06 1.74± 0.07

BDE-db D-MPNN (atomic FP) Ours – v1 (ReLU, 4, 300) 1.77± 0.04 0.97± 0.02
BDE-db D-MPNN (molecular FP) Ours – v1 (PReLU, 4, 400) 1.63± 0.03 0.87± 0.02
QMugs D-MPNN (atomic FP) Ours – v1 (ReLU, 4, 300) 4.47± 0.07 2.61± 0.16
QMugs D-MPNN (molecular FP) Ours – v1 (PReLU, 4, 400) 3.10± 0.01 2.17± 0.01

QMugs1.1 D-MPNN (atomic FP) Ours – v1 (ReLU, 4, 300) 7.22± 0.28 3.80± 0.12
QMugs1.1 D-MPNN (molecular FP) Ours – v1 (PReLU, 4, 400) 4.32± 0.03 2.39± 0.03

Next, we considered the expansion of the ring embedding to ring size 20. Doing so leads

– as expected – to a significant improvement in the accuracy of the QMugs and QMugs1.1

datasets when an atomic fingerprint model is used (RMSE reduction of up to 1 kcal/mol),

but none of the other models are affected significantly (cf. Table 5).

Finally, we turn to the actual neural network architecture. In Table 6, results are shown

for the MLP-Trigonometric version of the D-MPNN (vide supra) for every dataset, making

use of the first of our own modified featurization (results for the second version follow sim-

ilar – though slightly subdued – trends and can be found in Section S8 of the Supporting
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Table 5: Overview of the regression errors for the D-MPNN models, in combination with
the second version of our new featurization, on the various datasets considered as part of
this study (formation energy, Hf , has been selected as the target). The standard deviations
were determined based on the RMSEs/MAEs for five replicates.

Dataset Model Featurization Hyperparameters
RMSE

(kcal/mol)
MAE

(kcal/mol)

QM9 D-MPNN (atomic FP) Ours – v2 (ReLU, 4, 300) 1.25± 0.01 0.81± 0.01
QM9 D-MPNN (molecular FP) Ours – v2 (PReLU, 4, 400) 1.20± 0.01 0.77± 0.01
PC9 D-MPNN (atomic FP) Ours – v2 (ReLU, 4, 300) 3.96± 0.04 1.76± 0.03
PC9 D-MPNN (molecular FP) Ours – v2 (PReLU, 4, 400) 3.95± 0.14 1.71± 0.03

BDE-db D-MPNN (atomic FP) Ours – v2 (ReLU, 4, 300) 1.73± 0.03 0.95± 0.02
BDE-db D-MPNN (molecular FP) Ours – v2 (PReLU, 4, 400) 1.63± 0.03 0.86± 0.01
QMugs D-MPNN (atomic FP) Ours – v2 (ReLU, 4, 300) 3.67± 0.02 2.54± 0.01
QMugs D-MPNN (molecular FP) Ours – v2 ((PReLU, 4, 400) 3.09± 0.01 2.16± 0.01

QMugs1.1 D-MPNN (atomic FP) Ours – v2 (ReLU, 4, 300) 6.73± 0.34 3.63± 0.08
QMugs1.1 D-MPNN (molecular FP) Ours – v2 (PReLU, 4, 400) 4.47± 0.13 2.47± 0.06

Information). Once more, hyperparameters were selected through finetuning on the QM9

dataset.

Table 6: Overview of the regression error on the MLP-Trigonometric model, in combination
with the first version of our new featurization, on the various datasets considered as part of
this study (formation energy, Hf , has been selected as the target). The standard deviations
were determined based on the RMSEs/MAEs for five replicates.

Dataset Model Featurization Hyperparameters RMSE MAE

QM9 MLP-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 1.18± 0.02 0.72± 0.01
QM9 MLP-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 1.10± 0.01 0.68± 0.01
PC9 MLP-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 3.84± 0.05 1.64± 0.01
PC9 MLP-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 3.83± 0.06 1.55± 0.03

BDE-db MLP-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 1.62± 0.04 0.84± 0.03
BDE-db MLP-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 1.52± 0.02 0.82± 0.01
QMugs MLP-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 4.07± 0.02 2.53± 0.04
QMugs MLP-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 3.07± 0.02 2.15± 0.02

QMugs1.1 MLP-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 6.72± 0.25 3.46± 0.21
QMugs1.1 MLP-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 4.38± 0.15 2.32± 0.06

From Table 6, it can be concluded that the introduction of the MLP-Trigonometric

module in the D-MPNN tends to improve the performance of every model architecture,

though to a varying extent. For QM9, BDE-db and PC9, the improvements are meaningful,

yet modest in absolute terms (0.1-0.2 kcal/mol). More significant improvements are observed

for the atomic FP model trained on the QMugs and QMugs1.1 datasets (RMSE reduced by

19



0.4 and 0.5 kcal/mol respectively).

To further assess the effect of introducing the MLP-Trigonometric module in the message-

passing network, we also applied the molecular fingerprint version of the resulting model on

a (subset of) the benchmarking datasets of MoleculeNet55 (cf. Section S9 of the Supporting

Information). For all datasets considered in this additional benchmarking, our modified

model architecture beats the original Chemprop – oftentimes by a significant margin (5-

25% reduction in the RMSEs on the regression tasks tested). Furthermore, our finalized

model outperforms the vast majority of the model architectures tested in the previous study

by Fang et al.56 – some of which make use of 3D information – on most of the datasets,

underscoring the universal validity of the modifications introduced here.

Finally, we also considered the introduction of KAN-layers as a stand-in for conventional

feedforward layers. In contrast to some earlier reports, we do not observe any meaningful

improvements upon switching between both types of layers. Even worse, most attempts to

introduce KAN-layers resulted in a spectacular deterioration of the model accuracy. Only

when introducing a KAN-layer in the message-passing module, did we obtain a somewhat

comparable result as for MLP-Trigonometric (cf. Table 7). Even then, MLP-Trigonometric

retains its advantage for most of the thermodynamic datasets considered.

In Section S8 of the Supporting Information, alternative combinations of featurization

and model architectures are presented as well. Similar trends are observed in these cases.

Overall, while the final models considered, cf. Tables 6 and 7, are still not able to

uniformly reach chemical accuracy (MAE <1 kcal/mol) across all of the different datasets,

we are within striking distance for most of them. What is remarkable is that for the datasets

containing a wide range of molecule sizes, i.e., QMugs and QMugs1.1, molecular FP model

architectures still outperform atomic FP ones by a significant margin. This suggests that a

molecular FP provides a more ”holistic” representation of the molecule, in contrast to the

inherently local, atom-level alternative. Note that this observation is in direct contradiction

to the previous conclusions by Chen et al.16 and Ward et al.22 The atomic FPs may still be
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Table 7: Comparison of Regression Error on the KAN-Trigonometric model, in combination
with our new featurization, on the various datasets considered as part of this study (formation
energy, Hf , has been selected as the target). The standard deviations were determined based
on the RMSEs/MAEs for five replicates.

Dataset Model Featurization Hyperparameters RMSE MAE

QM9 KAN-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 1.14± 0.01 0.70± 0.01
QM9 KAN-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 1.11± 0.01 0.69± 0.01
PC9 KAN-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 3.90± 0.09 1.64± 0.02
PC9 KAN-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 3.88± 0.04 1.54± 0.03

BDE-db KAN-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 1.61± 0.04 0.83± 0.02
BDE-db KAN-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 1.56± 0.02 0.81± 0.01
QMugs KAN-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 4.35± 0.10 2.64± 0.04
QMugs KAN-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 3.09± 0.02 2.17± 0.02

QMugs1.1 KAN-Trigonometric (atomic FP) Ours – v1 (PReLU, 4, 400) 7.51± 0.52 4.03± 0.37
QMugs1.1 KAN-Trigonometric (molecular FP) Ours – v1 (PReLU, 5, 400) 4.33± 0.11 2.33± 0.02

better at extrapolating to molecule sizes unseen during training, but molecular FPs appear

to have a clear edge when it comes to interpolation.

Conclusions

In this study, we have taken a closer look at graph-based deep learning models for ther-

modynamic property prediction. At the onset, we demonstrated that the Chemprop model

with its default settings does not perform well on most thermodynamic datasets other than

QM9. Subsequently, we aimed to identify some of the reasons for the limited success of

Chemprop. First and foremost, we identified target definition as a major factor impacting

the accuracy of the model: formation energies/enthalpies are a much easier target to learn

than atomization energies/enthalpies, despite the comparable cost of generating both labels

from raw computed energy values. Secondly, we identified the input featurization as being

impactful. Adopting the input featurization introduced by Chen et al.16 markedly improves

model accuracy, and additional gains can be made by refining the ring encoding and intro-

ducing molecule-level features. Finally, some additional gains can be made by finetuning the

model architecture, cf. the developed MLP-/KAN-Trigonometric modules to enhance the

message-passing mechanism. These architecture-based gains are however relatively modest
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compared to the aforementioned factors, underscoring the necessity to consider the model in

its entirety when predicting thermodynamic properties.

Remarkably, we find that for all datasets, the molecule-level fingerprint outperforms the

atom-level one. For the datasets that only contain compounds of a uniform length, i.e., QM9,

PC9, and BDE-db, the performance improvements of the former compared to the latter are

small to negligible, but for QMugs and QMugs1.1, these become significant. This suggests

that while atom-level, increment model architectures may be more capable of extrapolating

to large molecules, the molecule-level model architectures result in superior performance

upon interpolation across molecule sizes.

Overall, our final models (with molecular FPs) reach MAEs on the order of 1-2 kcal/mol

and RMSEs of 1-4 kcal/mol across all datasets. Note that this is an accuracy that is in line

with the intrinsic accuracy of DFT calculations.23 As our graph-based models can generate

predictions on a millisecond scale (in contrast to geometry-based ones),13–15 they are partic-

ularly appealing as rapid filtering tools in high-throughput (reaction) screening applications.
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Veličković, P.; Dyer, E. L. Half-Hop: A graph upsampling approach for slowing down

message passing. International Conference on Machine Learning. 2023; pp 1341–1360.

(44) Flam-Shepherd, D.; Wu, T. C.; Friederich, P.; Aspuru-Guzik, A. Neural message passing

on high order paths. Mach. Learn.: Sci. Technol. 2021, 2, 045009.

(45) Chen, J.; Schwaller, P. Molecular hypergraph neural networks. J. Chem. Phys. 2024,

160 .

(46) He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. Pro-

ceedings of the IEEE conference on computer vision and pattern recognition. 2016; pp

770–778.

(47) Xu, K.; Zhang, M.; Jegelka, S.; Kawaguchi, K. Optimization of graph neural networks:

Implicit acceleration by skip connections and more depth. International Conference on

Machine Learning. 2021; pp 11592–11602.

28



(48) Li, H.; Xu, Z.; Taylor, G.; Studer, C.; Goldstein, T. Visualizing the loss landscape of

neural nets. Advances in neural information processing systems 2018, 31 .

(49) Liu, Z.; Wang, Y.; Vaidya, S.; Ruehle, F.; Halverson, J.; Soljačić, M.; Hou, T. Y.;
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