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Abstract

Pretraining molecular representations from large unlabeled
data is essential for molecular property prediction due to the
high cost of obtaining ground-truth labels. While there ex-
ist various 2D graph-based molecular pretraining approaches,
these methods struggle to show statistically significant gains
in predictive performance. Recent work have thus instead
proposed 3D conformer-based pretraining under the task
of denoising, leading to promising results. During down-
stream finetuning, however, models trained with 3D conform-
ers require accurate atom-coordinates of previously unseen
molecules, which are computationally expensive to acquire at
scale. In this paper, we propose a simple solution of denoise-
and-distill (D&D), a self-supervised molecular representa-
tion learning method that pretrains a 2D graph encoder by
distilling representations from a 3D denoiser. With denois-
ing followed by cross-modal knowledge distillation, our ap-
proach enjoys use of knowledge obtained from denoising as
well as painless application to downstream tasks with no ac-
cess to 3D conformers. Experiments on real-world molecu-
lar property prediction datasets show that the graph encoder
trained via D&D can infer 3D information based on the 2D
graph and shows superior performance and label-efficiency
against previous methods.

Introduction

Molecular property prediction has gained much interest
across the machine learning community, leading to break-
throughs in various applications such as drug discovery (Gu-
vench 2016; Kanakaveti et al. 2017) and material de-
sign (Suh et al. 2020; Pyzer-Knapp, Li, and Aspuru-Guzik
2015; Schmidt et al. 2019; Pyzer-Knapp et al. 2022). As
molecules can be represented as a 2D graph with nodes
and edges representing atoms and covalent bonds, many
graph neural networks have been developed with promis-
ing results (Duvenaud et al. 2015; Defferrard, Bresson, and
Vandergheynst 2016; Bruna et al. 2013; Coley et al. 2017;
Scarselli et al. 2009; Jin et al. 2018). However, achieving
high precision requires accurate ground-truth property labels
which are very expensive to obtain. This limitation has moti-
vated adaptation of self-supervised pretraining widely used
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in natural language processing (Devlin et al. 2018; Brown
et al. 2020) and computer vision (He et al. 2020; Bach-
mann et al. 2022) onto molecular graphs with proxy objec-
tives developed to instill useful knowledge into neural net-
works with unlabeled data. But existing 2D graph-based pre-
training frameworks face a fundamental challenge: while the
model is trained to learn representations that are invariant
under various data augmentations, augmenting 2D graphs
can catastrophically disrupt its topology, which renders the
model unable to fully recover labels from augmented sam-
ples (Trivedi et al. 2022). As a result of this limitation, re-
cent work has shown that existing 2D pretraining approaches
do not show statistically meaningful performance improve-
ments in downstream tasks (Sun 2022).

As an alternative, recent work have proposed incorporat-
ing 3D information to the pretraining objective, leveraging
large unlabeled datasets of 3D conformers, or point clouds
of atoms floating in the physical space. While a natural task
would be to reconstruct the input conformer, this may not in-
duce generalizable knowledge as each conformer only repre-
sents a single local minima in a distribution of 3D configu-
rations. On the other hand, the force field that controls the
overall stabilization process provides significant chemical
information that can be used across many different molecu-
lar properties (Mezey 2001). This naturally translates to pre-
training via denoising conformers under perturbations, an
approach that has shown state-of-the-art performance in di-
verse molecular property prediction benchmarks (Zaidi et al.
2022; Liu, Guo, and Tang 2022).

Despite great performance, a model trained with de-
noising requires conformers downstream as well, and ob-
taining accurate conformers require expensive quantum
mechanical computations. While there exist many rule-
based (Riniker and Landrum 2015; Landrum 2016) as well
as deep learning-based approaches (Ganea et al. 2021; Xu
et al. 2022; Jing et al. 2022) for generating conformers, pre-
vious work have shown that existing methods fail to gener-
ate conformers quickly and accurately enough to be used in
a large scale (Stirk et al. 2022).

In light of such limitations, we propose D&D (Denoise-
and-Distill), a self-supervised molecular representation
learning framework that enjoys the best of both worlds. Fig-
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Figure 1: Comparison between D &D and existing molecular pretraining frameworks. Top: 2D graph-based pretraining methods
fail to bring significant benefit to downstream molecular property prediction. Middle: 3D denoising is effective in predicting
molecular properties by approximately learning the force field in the physical space, but cannot be easily applied to downstream
tasks where only 2D graphs are available. Bottom: Our method D&D allows practitioners to leverage knowledge from 3D
denoising in downstream scenarios where only 2D molecular graphs are available without the need to generate 3D conformer

via expensive computations or machine learning approaches.

ure 1 shows the overall pipeline of our work. D&D sequen-
tially performs two steps: 1) we pretrain a 3D teacher model
that denoises conformers artificially perturbed with Gaus-
sian noise and 2) freeze the 3D teacher encoder and distill
representations from the 3D teacher onto the 2D student.
When given a downstream task with access to 2D molec-
ular graphs only, the 3D teacher is discarded and the 2D
student is finetuned towards the given task. As a result of
distillation, D&D encourages the 2D graph encoder to ex-
ploit the topology of the molecular graph towards encoding
the input molecule similarly to the 3D conformer encoder
without any explicit supervision from property labels. Sur-
prisingly, experiments on various molecular property predic-
tion datasets indicate that the 2D graph representations from
D&D can generalize to unseen molecules. To the best of our
knowledge, our method is the first self-supervised molecular
representation learning framework that adopts cross-modal
knowledge distillation to transfer knowledge from a 3D de-
noiser onto a 2D graph encoder. We summarize our main
contributions as follows:

* We propose D&D, a two-step self-supervised molecular
representation pretraining framework that performs 3D-
to-2D cross-modal distillation.

* Pretraining results show that under D&D, the 2D stu-
dent model can closely mimic representations from the
3D teacher model using graph features and topology. Fur-
ther analysis shows that the intermediate representations
of the 2D student also aligns well with 3D geometry.

» Experiments on the MoleculeNet benchmark and curated
molecular property regression datasets show that D&D
leads to significant knowledge transfer, and also performs
well in downstream scenarios where the number of la-
beled training data points is limited.
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Related Work

In this section, we first discuss previous work on knowl-
edge distillation that inspired our approach. We also cover
existing self-supervised pretraining approaches for molecu-
lar representation learning.

Knowledge Distillation. Knowledge distillation (KD)
was developed under the motivation of transferring knowl-
edge learned by a large feacher model to a much more com-
pact student model, thereby reducing the computational bur-
den while preserving the predictive performance (Hinton
etal. 2015). Example approaches in computer vision include
distilling class probabilities as a soft target for classification
models (Ba and Caruana 2014) or transferring intermediate
representations of input images (Tian, Krishnan, and Isola
2019). For dense prediction tasks such as semantic segmen-
tation, it has been shown that a structured KD approach
that distills pixel-level features instead leads to improve-
ments in performance (Liu et al. 2020). Another extension
that is more closely related to our approach is cross-modal
KD on unlabeled modality-paired data (e.g. RGB and Depth
images), which was proposed to cope with modalities with
limited data (Gupta, Hoffman, and Malik 2016). Inspired by
this work, D&D performs 3D-to-2D cross-modal KD to al-
low downstream finetuning on 2D molecular graphs while
utilizing the feature space refined by 3D conformer denois-
ing. Further information on KD can be found in a recent
survey by Gou et al. (2021).

Pretraining for Molecular Property Prediction. In-
spired by previous work in the NLP domain, there exist
many self-supervised pretraining approaches for learning
representations of molecular graphs. Similar to masked to-
ken prediction in BERT (Devlin et al. 2018), Hu et al. (2019)
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Figure 2: Illustration of our D&D framework. First we pretrain a 3D conformer encoding module by denoising perturbed
conformers. Next we pretrain a 2D graph encoder by distilling representations from the 3D teacher. We propose two variants:
D&D-GRAPH distills mean-pooled graph representations while D&D-NODE distills node representations in a more fine-
grained manner. During finetuning, we tune the 2D graph encoder only with the given downstream data.

proposed node-attribute masking and context prediction to
reconstruct topological structures or predict attributes of
masked nodes. GROVER (Rong et al. 2020) proposed pre-
dicting what motifs exist in the molecular graph, under the
insight that functional groups determine molecular proper-
ties. Contrastive approaches were also proposed, in which
the task is to align representations from two augmentations
of the same molecule and repel representations of different
ones (Hassani and Khasahmadi 2020; You et al. 2020). De-
spite promising results, it has been shown that obtaining sig-
nificant gains in performance with existing 2D pretraining
methods is non-trivial, as empirical improvements rely heav-
ily on the choice of hyperparameters and other experimental
setups (Sun 2022).

As molecules lie in the 3D physical space, some work
have deviated from the 2D graph setting and instead pro-
posed 3D pretraining via denoising conformers perturbed
with Gaussian noise, from which empirical results have
shown significant knowledge transfer to diverse property
prediction tasks (Zaidi et al. 2022; Liu, Guo, and Tang
2022). Despite great downstream performance, such 3D ap-
proaches necessitate access to accurate 3D conformers of
molecules under concern, which are difficult to obtain as it
requires expensive quantum mechanical computations such
as density functional theory (DFT) (Parr and Weitao 1995).

There exist solutions to avoid these drawbacks. 3DInfo-
max (Stérk et al. 2022) proposed a cross-modal contrastive
pretraining framework that aligns 2D and 3D representa-
tions. In addition to contrastive learning, GraphMVP (Liu
et al. 2021) also incorporates generative pretraining which
trains the model to reconstruct the 2D graph representation
from its 3D counterpart, and vice versa. Similar to Graph-
MVP, MoleculeSDE (Liu et al. 2023) pretrains represen-
tations using two group-symmetric stochastic differential
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equation-based generative processes, which led to state-of-
the-art downstream performance. While all aforementioned
methods use 3D conformers during pretraining only, they ei-
ther do not capture information from molecular force fields
which we conjecture to be helpful for forward knowledge
transfer, or involve extensive tuning on loss weighting and
data augmentation due to simultaneously optimizing con-
trastive and generative objectives. In contrast, our D&D
framework is remarkably simple due to the disentangled
two-step pretraining procedure with each step optimizing
a single objective, yet enjoys generalizable knowledge ob-
tained through conformer denoising.

Preliminaries

We first introduce preliminary information on learning rep-
resentations of 2D molecular graphs and 3D molecular con-
formers alongside notations that we use in later sections.

2D Molecular Graphs. Let G = (V,&) denote the 2D
molecular graph with N atoms represented as nodes in V),
and M bonds represented as edges in £. In addition to the
graph-connectivity, each node is assigned features based on
chemical attributes such as atomic number and aromaticity,
and similarly for each edge with features based on bond type
and stereo configurations. Given the graph G, a 2D graph
encoder f2P typically first returns representations for each
node:

1°(G) = Z*® where Z*° € RV*4. (1)
In molecular property prediction settings we need a single
representation for each molecular graph. Typical operators
used to extract graph-level representations include mean-
pooling all node representations or adding a virtual node to
the input graph and treating its representation as the graph
representation (Hamilton 2020).



3D Molecular Conformers. Each molecule can also be
represented as a 3D conformer C = (V, R) with 3D spatial
coordinates of each atom stored in R € R™V*3. Note that
unlike 2D graphs, 3D conformers have no information of the
graph connectivity via edges in &£, and are instead treated as
point cloud data. As with 2D graphs, let f3P denote the 3D
conformer encoder that takes the conformer C and returns
representations of each atom:

3P(C) = Z°° where Z°° € RV*4, 2)

Note that how the molecule is oriented on the 3D Eu-
clidean space naturally does not affect its chemical prop-
erty. Thus, the encoder f3p must return representations that
are invariant under rotations and translations on R (i.e.
FP((V.R)) = f°((V.g(R)) for g € SE(3)) for effi-
cient weight-tying across SE(3) roto-translations. Note that
because molecular properties can change under chiral ori-
entations, we only respect rotations and translations, but not
reflections. There exist many architectures that respect SE(3)
symmetry as an inductive bias (Fuchs et al. 2020; Bronstein
et al. 2021; Gasteiger, Becker, and Giinnemann 2021; Sator-
ras, Hoogeboom, and Welling 2021; Tholke and De Fabritiis
2022), and any such architecture can be used for f 3D,

D&D: Denoise and Distill

Here we describe D&D, a molecular pretraining framework
that transfers generalizable knowledge from 3D conformer
denoising to a 2D graph encoder via cross-modal distillation,
thereby allowing painless downstream applications without
computing accurate conformers of unseen graphs. The two
major steps are as follows: 1) Denoising perturbed conform-
ers with a 3D conformer encoder f37, and 2) Distilling rep-
resentations from the 3D teacher to the 2D graph encoder
f?P. An illustration of the overall pipeline can be found in
Figure 2. As our first step of D&D is based upon previous
work on conformer denoising (Zaidi et al. 2022; Liu et al.
2022), we provide a brief outline of the task and refer read-
ers to corresponding papers for further details and theoreti-
cal implications.

Step 1: Pretraining via denoising. Given a stabilized
ground-truth conformer C = (V, R), f?P is given as input a
perturbed version of the same conformer C' = (V, R), pro-
duced by slightly perturbing the coordinates of each atom
with Gaussian noise as

R; = R, + o€; where €; ~ N(0, I3) 3)

with noise scale o as hyperparameter. Then, we attach a pre-
diction head 3P : RV X4 — RN*3 o the f3P such that the
combined model outputs 3-dimensional vectors per atom.

WP(fP(C)) = (&, )

Lastly, the model is trained to predict the noise that has been
injected to create C from C. The denoising loss minimized
during training is as follows:

aéN)

Ldenoise = Ep((f,c) [Hh3D(f3D(C~)) — (€15, GN)H2:| (5)
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Figure 3: Training and validation loss curves (in log-scale)
during distillation of D&D-GRAPH and D&D-NODE on
PCQM4Mv2. The 2D student is able to closely distill fea-
tures from the 3D teacher with small generalization gap.

where p(C,C) denotes the probability distribution induced
by the data distribution and the noise sampling procedure
to create C. Surprisingly, the denoising objective is equiv-
alent to learning an approximation of the force field in the
physical space derived by replacing the true distribution of
conformers with a mixture of Gaussians (Zaidi et al. 2022).
The Gaussian mixture potential corresponds to the classical
harmonic oscillator potential in physics, a great approxima-
tion scheme for linearized equations such as denoising.

For our experiments, we use the TorchMD-NET (Tholke
and De Fabritiis 2022) architecture for f3P following (Zaidi
et al. 2022) due to its equivariance to SE(3) roto-translations
and high performance on quantum mechanical property pre-
diction. Note that D&D is architecture-agnostic, and any
other SE(3)-equivariant architecture can be used as well.

Step 2: Cross-modal distillation. After pretraining via
denoising is done, we distill representations from the pre-
trained f°P to a 2D graph encoder model f?P. We consider
two different variants of cross-modal KD, leading to two re-
spective variants of our approach. For the first variant D&D-
GRAPH, we minimize the difference between graph repre-
sentations from 2D and 3D encoders:

L gistill-graph = ||P001(f2D(g)) - pool(f3D(C))Hz (6)

During training, we freeze the teacher model f3P and flow
gradients only through the student model f2P. This effec-
tively trains the 2D encoder to leverage the bond features and
graph topology to imitate representations from 3D conform-
ers. To obtain graph representations, we average all node
representations inferred by each encoder.

Inspired by structured KD (Liu et al. 2020), we propose
another variant D&D-NODE that distills node-level repre-
sentations without any pooling:

Laigiti-node = || 7°(G) — f3D(C)H§ 7

Unlike D&D-GRAPH, D&D-NODE makes full use of the
one-to-one correspondence between atoms in the molecu-
lar graph and atoms in the conformer. Hence f?P is trained
to align towards representations from f3P in a more fine-
grained manner.
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For f?P, we mainly use the Tokenized Graph Trans-
former (TokenGT (Kim et al. 2022a)) architecture that the-
oretically enjoys maximal expressiveness across all possi-
ble permutation-equivariant operators on 2D graphs. Due to
this flexibility, we expect P to be trained to align rep-
resentations from f3P as closely as possible, by which we
hope to see the effect of distillation to the fullest extent. Fur-
thermore, using an attention-based architecture also allows
analysis on the relationship between the attention scores
of atom-pairs and their physical distance in the 3D space.
Results from which are discussed later in the following
section. Note that similarly with f3D, however, any other
permutation-equivariant graph neural network architecture
can be adopted seamlessly.

Downstream finetuning. Assuming the downstream task
does not provide accurate conformers as input, we discard
£3P after the distillation step and finetune > with molecu-
lar graphs only. We use L1 loss and BCE loss for regression
and binary-classification tasks, respectively, following pre-
vious work (Stark et al. 2022).

Note that we finetune the entire f>° model instead of just
the newly attached prediction head on the downstream data.
Given that the force fields induced by electron clouds pro-
vide knowledge that is generalizable to various molecular
properties, we conjecture that D&D provides a good initial
point in the parameter space from which finetuning f? en-
tirely leads to a better local optima. This also aligns with
previous observations in NLP that pretrained language mod-
els outperform models trained from scratch only when the
entire model is finetuned (Rothermel et al. 2021).

Experiments

For empirical evaluation, we test our D&D pretraining
pipeline on various molecular property prediction tasks us-
ing open-source benchmarks as well as four manually cu-
rated datasets. We also stress-test D&D under a downstream
scenario where the number of labeled data points is ex-
tremely limited. All experiments are run in a remote GCP
server equipped with 16 NVIDIA A100 Tensor Core GPUs.

114

Experimental Setup

Datasets. For pretraining, we use PCQM4Mv2 (Nakata
and Shimazaki 2017), a large molecule dataset consisted
of 3.7M molecules. Each molecule is paired with a single
3D conformer at the lowest-energy state computed via DFT.
In case of D&D, we use the same PCQM4Mv2 dataset for
both denoising and disillation steps. Note that even though
PCQM4Mv2 provides the HOMO-LUMO energy gap of
each molecule as labels, we do not use any supervision from
such labels during training, and instead treat the dataset as a
collection of unlabeled molecular graph-conformer pairs.

For finetuning, we use 10 datasets from MoleculeNet (Wu
et al. 2018), three of which are regression tasks and the rest
are binary classification tasks. We use scaffold splitting to
obtain the train-test splits for each task. As shown in the ap-
pendix, the MoleculeNet datasets exhibit different molecule
distributions from PCQM4Mv2: some tasks involve atom
types that the encoder has never observed during pretrain-
ing. As most datasets in MoleculeNet involve classification,
we also curate four molecular property regression datasets
from open-source databases: CCS measures the collisional
cross sections of molecules (Kim et al. 2022b), CML and
CMQ measures the emissive chromophore life times and flu-
orescence quantum yields, respectively (Joung et al. 2020).
SLE measures the solid-liquid phase change entropy (I et al.
2011). The property values of these datasets are normalized
by mean and standard deviation before training and eval-
uation. For curated datasets, we randomly split the dataset
8:1:1 for training, validation, and testing. Further details on
the datasets can be found in the appendix.

Baselines. For MoleculeNet experiments, we compare
our method against baselines that pretrain representations
using only 2D graph topology: ATTRMASK and CON-
TEXTPRED (Hu et al. 2019) masks out and predicts key
node and edge attributes or surrounding graph substructures,
GRAPHCL (You et al. 2020) performs contrastive learn-
ing with graph augmentations, JOAO (You et al. 2021)
and JOAOV2 (You et al. 2021) also perform contrastive
pretraining, but adaptively chooses which graph augmenta-
tion to use during training. We also compare against base-



Pretraining | Bace(?) BBBP(1)  ClinTox(1) HIV(1) Sider(1) Tox21(1)  ToxCast() | Esol({) Freesolv(])  Lipo(|)
GRAPH ISOMORPHISM NETWORK (GIN)
NO PRETRAIN | 78.88+1.79 68.68+£1.07 71.9748.73 77.01+0.55 55.954+0.64 75.06+040 61.464+0.21 | 3.6440.05 3.76+0.18  0.66+0.02
ATTRMASK | 79.10£1.39  68.21+0.55 74.06+3.43 74.03+1.29 55.864+0.77 73.484+0.64 61.02+0.23 | 2.83+0.30  4.46+0.37  0.68+0.01
CONTEXTPRED | 72914459 65.21+1.14 54.72+42.18 71.89+1.28 55.90+0.84 70.84+0.53 59.39+0.47 | 3.72+0.08 5.0440.08 0.8140.07
GRAPHCL | 74.92+3.18 64.00+1.18 81.66+2.27 76.92+£0.76 56.64+0.90 75.05+0.39 62.44+0.50 | 3.18+0.03  4.86+0.33 0.66+0.01
JOAO | 74244250 65.76+1.19 84.354+2.33 77.03+£1.05 58.19+0.67 73.71+£0.37 62.50+0.33 | 2.97+0.06  4.74+0.15 0.66+0.01
JOAOV2 | 76.72+3.64 65.81+1.01 84.95+3.06 77.44+0.54 57.23+0.24 73.334+0.26 62.60+0.33 | 3.344+0.09 4.59+0.41 0.6540.01
GRAPHMVP | 81.30+1.46 67.92+0.85 66.30+£1.32 75.69+0.77 59.46+0.50 73.24+0.16 62.80+0.35 3.27+0.07 4.33+0.16  0.627+0.01
MOLECULESDE | 78.1544.10 67.374+123 77.16+1.58 76.47+0.79 60.2240.55 75.3840.59 63.2240.35 2.08+0.19 3.64+0.17  0.610+0.00
D&D (OURS) | 79.444+0.22 69.92+1.18 84.81+540 78.02+0.58 59.284+0.14 75.81+0.31 63.57+0.25 | 1.24+0.16  4.18+0.23 0.66+0.01
TOKENIZED GRAPH TRANSFORMER (TOKENGT)
NO PRETRAIN | 77.53+£1.97 65.94+0.77 85.4442.17 70444186 57.654+2.13 72.344+048 60.63+0.62 | 0.8114+0.05 1.624+0.14  0.71:£0.01
GRAPHMVP | 69.124+0.84 66.17+1.47 81.45+2.50 68.17+0.86 58.134+0.56 74.23+0.42 62.79+0.54 | 0.84+0.02 1.62+0.08  0.66+0.02
MOLECULESDE | 74.33+3.14  68.17+0.99 87.65+1.50 72.21+0.42 63.50+1.37 74.554+0.48 63.79+0.42 | 0.67+0.03 1.53+0.08 0.61+0.02
D&D (ouRrs) | 81.11+2.65 66.40+1.71 81.51+2.63 77.31+1.03 63.00+1.11 76.61+1.04 65.21+0.71 | 0.70+0.02 1.38+0.12  0.52+0.01

Table 1: MoleculeNet Results averaged across 5 random seeds with one standard deviation. The modality of each method
indicates whether the method uses 2D graphs only (2D only) or 3D conformers as well (2D&3D) during pretraining. The first
7 tasks show ROC-AUC (higher is better) while the remaining three show results in MAE (lower is better). We also report
average rank across all targets for each GNN architecture. Best results for each task within each architecture are marked bold.

lines that use both 2D and 3D modalities, GRAPHM VP and
MOLECULESDE, discussed above as related work. As most
previous work have used the graph isomorphism network
(GIN (Xu et al. 2018)) as the 2D encoder, we also test
D&D using GIN in addition to TOKENGT. For the remain-
ing tasks, we mainly compare D&D against MoleculeSDE
using the TokenGT backbone, as other methods have not
shown significant performance gains compared to randomly
initialized models without pretraining.

During finetuning, we compute graph representations
via mean-pooling of all node representations within each
molecule, and feed it to a linear adapter. We test both node-
wise and graph-wise distillation, and report the better of the
two results. For consistency, we follow the same featuriza-
tion step provided by the OGB library (Hu et al. 2020) across
all tasks, which produces a 9 and 3-dimensional feature vec-
tor for each atom and bond, respectively. Further details such
as hyperparameterization can be found in the appendix.

Pretraining Results

Prior to downstream evaluation, we discuss interesting find-
ings from pretraining with D&D.

The 2D graph encoder can closely mimic representations
from 3D conformers using only the molecular graph.
Figure 3 shows the training and validation loss curves of
the distillation step of D&D. When pretraining with D&D-
NODE, the distillation loss converges to slightly over 10~2
with a very small generalization gap between validation and
training. This shows that the 2D molecular graph contains
enough information to closely imitate representations from
the 3D teacher f3P. The small gap between training and val-
idation also reflects that the guidance provided via D&D-
NODE can well-generalize towards unseen molecules. When
pretraining with D&D-GRAPH, we find that the training loss
converges to a much lower optima of 103, but with a much
larger generalization gap of approximately 10~3. This im-
plies that while the task of distilling mean-pooled represen-
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tations is easier than distilling node-wise representations, it
leads to less generalizable knowledge due to not considering
the graph topological structure.

The intermediate encoding procedure of the 2D encoder
trained via D&D aligns with 3D geometry. As we use
an attention-based architecture for f2P encoding, we quali-
tatively assess how well 2D atom-wise interactions modeled
via attention resembles its interactions in 3D geometry with-
out actual conformers (e.g. do atoms nearby in the 3D space
tend to attend to each other?). Specifically, we compute the
absolute Pearson correlation between the 3D pairwise dis-
tances of atoms and the inner product of their features prior
to the softmax layer in each attention head, averaged across
all molecules in the PCQM4Mv2 validation set. Note that
a larger inner product implies a relatively larger exchange
of information between the two atoms. The first two figures
in Figure 4 show histograms depicting distributions of av-
eraged absolute Pearson correlation values from all atten-
tion heads for each layer in the 2D encoder after pretraining
by each method. We find that using a contrastive objective
only leads to a slight increase in correlation compared to
random initialization: most correlation values are distributed
under 0.3. When pretrained with our D&D-variants, how-
ever, many attention heads show correlations that exceed
0.3, a value that is never reached with randomly initial-
ized weights. This implies that our approach provides guid-
ance to the 2D graph encoder towards processing molecu-
lar graphs while respecting its 3D geometry. For further in-
vestigation, we also measure the average pairwise distances
weighted by the attention scores from D&D-NODE with re-
sults shown in the rightmost plot in Figure 4. A higher value
indicates that the attention head tends to exchange informa-
tion across atoms that are far apart. Interestingly, the first
layer exhibits a diverse range of distances, but the layer that
immediately follows uses attention mostly to exchange in-
formation across atoms that are geometrically nearby each
other, similar to a SE(3)-convolutional layer. Considering



that a carbon-carbon single bond has an average length of
1.5 angstroms, this result indicates that f?P pretrained with
D&D-NODE can reason about 3D geometry to exchange in-
formation across atoms that are nearby in the 3D conformer,
even though they may be far apart in the 2D graph.

Finetuning Results

Here we provide empirical observations from various down-
stream molecular property prediction datasets.

D&D transfers knowledge that is generalizable across
diverse tasks. Table 1 shows finetuning results on
MoleculeNet, in which each experiment is averaged across
5 randomly seeded runs. Comparing results from D&D and
NO PRETRAIN, D&D shows superior performance in 9 out
of 10 tasks, with an average performance improvement of
4.6% and 18.6% across classification and regression tasks,
respectively. In particular, we find that the tasks on which
D&D shows the largest performance gain against NO PRE-
TRAIN coincide with properties known to align well with 3D
geometric properties (65.9% for ESOL with GIN, 27.0%
for LIPO with TokenGT). Both ESOL and LIPO tasks are
tightly associated with the overall polarity of electron clouds
in the molecule, which is highly associated with spatial
atom-wise positions. This implies that denoising followed
by distillation effectively transfers spatial 3D knowledge.
With respect to 2D graph-based self-supervised pretraining
baselines, D&D outperforms all methods on 8 out of 10 task
using GIN as the backbone, which again demonstrates the
effectiveness of using 3D ground-state conformers in addi-
tion to 2D graph topologies for pretraining. We also find that
2D-only baselines generally suffer from negative knowledge
transfer, which aligns with previous findings (Sun 2022).

When comparing D&D against other methods that
use cross-modal objectives, D&D shows 9.7% and
3.2% better performances overall than GRAPHMVP and
MOLECULESDE, respectively. This suggests that focusing
on transferring molecular-specific knowledge of force fields
without any additional tasks is more effective downstream
than having a contrastive objective as a proxy task; attract-
ing and repelling molecular representations across the two
modalities fail to fully capture generalizable similarities and
discrepancies in the chemical space. Another limitation of
the contrastive approach is that the gain in performance be-
comes limited when only a single conformer is provided per
molecule (Liu et al. 2021; Stérk et al. 2022). This aligns well
with our intuition that each conformer can be seen as a distri-
bution of 3D configurations, and that learning a single local
optima within the distribution does not provide much infor-
mation. Meanwhile, D&D can learn and transfer knowledge
of the overall distribution with denoising and distilling, re-
lieving practitioners from the need to obtain multiple low-
energy conformers per molecule for pretraining.

D&D enables label-efficient finetuning. To evaluate
D&D under downstream tasks with limited labels, we per-
form finetuning on four curated datasets using the full down-
stream data set as well as a smaller randomly sampled subset
of the original training data for each task. Note that label-
efficiency is crucial for molecular property prediction espe-
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Figure 5: Results on the four curated datasets, averaged
across 3 seeds with one standard deviation shown in the
shaded area. The X-axis indicates the percentage of finetun-
ing data used, and the Y-axis shows test MAE performances.

cially since gathering refined labels often require extensive
validation through costly wet-lab experiments. For this ex-
periment, we mainly use TOKENGT as our backbone archi-
tecture and compare against MOLECULESDE to focus on
the downstream effect of knowledge transfer solely from de-
noising to the fullest extent.

Figure 5 shows finetuning results on four curated regres-
sion datasets. In all four tasks, D&D trained using only 25%
of training data outperforms the model without pretraining,
which shows that knowledge of conformer denoising serves
as a great initialization for property prediction that prevents
overfitting to small training data and induces high general-
izability to unseen molecules. D&D also consistently out-
performs MOLECULESDE across all targets and train set
sizes, lowering the MAE by at most 26.6% on predicting
collisional cross sections (CCS). This is particularly inter-
esting as CCS measures the probability of two or more par-
ticles colliding to each other, a quantity that requires accu-
rate 3D structural information of molecules to predict accu-
rately. Based on this insight, we hope to explore other molec-
ular properties that are highly related to the 3D structure of
ground-state conformers and apply D&D as future work.

Concluding Remarks

We propose D&D, a self-supervised molecular representa-
tion learning method that distills features from a 3D con-
former denoiser to a 2D graph encoder. Learning knowl-
edge of force fields that provide chemically generalizable
information, D&D does not require 3D conformers down-
stream and is effective on diverse molecular property predic-
tion tasks. D&D also enjoys high label-efficiency, achiev-
ing high performance with limited downstream labeled data.
As future work, we hope to extend D&D to multitask se-
tups (Liu et al. 2020) and molecular diffusion models (Xu
et al. 2022; Jing et al. 2022) for property prediction.
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