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“Graph neural processes for molecules:
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A Neural processes (NPs)
A.1 Parameterization of CNP and LNP

NPs assume conditional independence between the targets and a Gaussian predictive
distribution with mean fg(z) and variance o3(z):

T

G| weyeim) = [[N (e o (205, 3, ye) 05 (15, e ye)) -
j=1

The conditional NP (CNP) [1] and the latent NP (LNP) [2] parameterize the
predictive mean and variance of an input x in three steps:

* Datapoint encoder: a neural network hy maps each context point (zj,ye ;) to a
local datapoint representation r;.

i = ho (T j, Ye )

* Function encoder: all context encodings r; are combined into a global context
encoding r through a commutative operation @, usually the sum or the mean. Com-
mutativity of the function encoder guarantees invariance to permutations of the
context set.

r=r1®o---Org

e Decoder: a neural network gy maps the function encoding r and the input loca-
tion x to the predictive mean and variance. In the CNP, the decoding process is
deterministic:

(M@(xv L, yc)a 03(% ZLe, yc)) = 9o (Tv .T) :
In the LNP, the decoding process involves sampling a latent variable. Its approxi-
mate posterior g, is parameterized as a Gaussian with mean and variance given by
a neural network gg.



2~ (2| 2e,ye) == N (19, 03) (19, 05) = 9o(7)
The final decoding stage continues like the CNP, but using z instead of r:
(/Le(l‘7 L, yc), 03(3’}, L, ya)) = 9o (27 T).

A.2 Objective functions of neural processes (NPs)

The CNP objective Ly is the conditional log likelihood of the targets given the
contexts [1].

Lo (ye | we,ye;we) =logqo (e | Te, Ye'; 21)
The LNP objective Ly 4 consists of a reconstruction and a regularization term [2]:

Ee,qﬁ (yt | ZeyYes xt) = Eq¢(z|$d,yd) [IOgPG (yt | Zaxt) } —Dxk1, (%(Z ‘ xd?yd) || Q¢(Z | L, yc))7

where x4 = (z, xt), ya = (2., y:) and Dy, is the KL divergence. It is an approximation
of an evidence lower bound (ELBO) to the conditional log marginal likelihood:

108 po (Yt | 2, Ye) = Bq, (zlza,ya) [108 20 (e | 2,20)] — Dk (962 | 2a,ya) || po(z | e, ye)).-

The ELBO is intractable due to the posterior pp(z | Z¢,y.) in the KL term. The
LNP objective is derived by approximating the posterior with g4(z | z¢, y.). This way
the objective becomes tractable but Lp 4 is no longer an analytical lower bound.



B Number of observations per task in bioactivity
datasets

FSL experiments in other domains (e.g. image classification) often focus on an
extremely low number of context points, rarely benchmarking more than 100 contexts.
In the context of drug discovery, however, the amount of observations per function
in bioactivity datasets can vary widely, with many functions of interest having more
than 100 labels. For example, in Figure B.1 we show the distribution of observations
registered in protein binding affinity assays in ChEMBL33 [3]. Whether meta-learning
can provide benefits in this data regime is an open research question. For this reason,
we decided to investigate a wide range of context points, from 20 to 1000 (Table 1
and Supplementary Section D).
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Fig. B.1: Distribution of observations per function in the protein binding subset of
ChEMBL33



C Few-shot learning with MAML

C.1 Parameter adaptation with MAML

Model-agnostic meta-learning (MAML) [4] is a meta-training approach to find model
parameters that can be rapidly adapted to test functions in one or more steps of
gradient-descent. At each meta-training iteration ¢, MAML simulates an adaptation
experiment in two stages: the inner update (the simulated adaptation) and the outer
update (the actual update of the model’s parameters). First, during the inner update,
it samples a set of support points from a test function, computes the loss of their
predictions (inner loss), and takes a single step of gradient descent to adapt the model’s
parameters from 6; to 0. Second, during the outer update, MAML samples another
set of query points from the same function, computes the prediction loss on those
points using 0} (outer loss), and backpropagates through the inner update to find new
parameters ;1. Since the inner update involves a step of gradient descent, the outer
update involves computing a gradient through a gradient, i.e. computing the Hessian
of the parameters.

Similar to the support and query sets in MAML, meta-training NPs entails sam-
pling two sets of observations: the contexts and the targets. The support set in MAML
informs the prediction of the query set, analogous to how the context set in NPs
informs the prediction of targets. We can meta-train NPs with MAML by computing
the inner loss on the context points and the outer loss on the target points. At each
iteration ¢, during the inner update a prediction on the contexts of a train function
fi is made, with loss Ly, (ye | 2%, y%; 2%). A single step of gradient descent is taken to
adapt the parameters from v, to ;. During the outer update, a prediction on the tar-
gets is made using the adapted parameters tf, with loss Ly (y | @0, y.;}). Finally,
we backpropagate through the inner update to find new parameters i.11. Later, at
meta-testing, we adapt NPs by taking a single iteration of gradient descent on the
loss of the contexts of f, Ly (e | Te, Ye; Te)-

Computing the Hessian of all MG-NP parameters was memory-prohibitive, so we
only applied MAML to some layers, similar to Raghu et al. [5]. In particular, we
applied it to the same layers adapted in the fine-tuning experiments. During meta-
training, these layers underwent the inner and outer update cycle, while other layers
experienced a single update per iteration, as usual. Later, during meta-testing, the
MAML layers were adapted and the rest were frozen. In addition, backpropagating
through gradients can lead to training instability, so we implemented modifications
from Antoniou et al. [6] to increase robustness.

C.2 MAML implementation

In all experiments involving MAML (whether single-task GNN or NPs), we used a
single step of gradient descent in the inner update with a learning rate of 1073.
We attempted other rates to try to increase training stability and decrease MAML’s
error bars but found this to be the most stable. In addition, our MAML training
regime borrowed tricks from Antoniou et al. [6] to improve robustness. In particular,
we implement derivative-order annealing such that the first 50 epochs of training do



first-order MAML and the rest do second-order MAML. We also implement cosine
annealing of the outer learning rate. The tricks of multi-step loss optimization and
per-step batch normalization are not applicable to our model since we performed a
single gradient descent iteration in the inner loop. Due to memory constraints, we
follow Raghu et al. [5] and only apply MAML the last two layers of the encoder or
the decoder of NPs, as explained in Section 3.4. Similarly, we only train the last two
layers of single-task GNNs meta-trained with MAML.

C.3 MAML few-shot learning results

Few-shot learning (FSL) results for models trained with a MAML regime are shown
in the extended FSL results (Supplementary Section D).
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E Model implementation

In every experiment we trained every model 10 times with different random initial-
izations. We report the mean and standard error of these repetitions. The number of
contexts in FSL experiments, as well as the initial points in the BO experiment, were
also sampled randomly in each repetition.

The subset of points used for training each type of model (single task, transfer
learning and meta-learning) is detailed in Section 3.6.

All neural models were implemented in Pytorch [7] and trained with the Adam
optimizer using a learning rate of 1073, weight decay of 107° and a cosine annealing
scheduler.

E.1 Single-task models

* Random forest (RF'). Random forest regressors were implemented in scikit-learn [8]
using the default parameters.

* Gaussian process (GP). We implemented exact GPs in GPytorch [9], using binary
fingerprints and a Tanimoto kernel. The noise parameter was adjusted automati-
cally in GPytorch by evidence maximization for 2000 epochs. Automatic relevance
determination (ARD) to find an optimal lengthscale for each feature was attempted
but eventually rejected, since the large number of fingerprint features led to gross
overfitting.

* Graph neural networks (GNNs). Our GNN is a 6-layer fully-connected neural net-
work (FNN) on top of the the MGAE, with maximum layer width of 1000 hidden
neurons and layer normalization between each layer. We chose 6 layers to promote
a fair comparison to our MG-NP models, which had an encoder and decoder of 3
layers each. GNNs were trained for 1000 epochs with a batch size of 50.

E.2 Transfer-learning models

* GNN with random initialization (GNN random). This model had the same archi-
tecture as the GNN in the previous section, but instead of training all layers, the
GNN was initialized with random weights and only the last two layers were trained
for 1000 epochs, while the rest were kept frozen, in a way reminiscent of a transfer
learning experiment. In this way, the randomly-initalized layers worked as feature
extractors.

* GNN pre-trained and fine-tuned (GNN fine-tuned). This model had the same archi-
tecture as the GNN but was pre-trained as a multi-task model on the 53 meta-train
proteins. Then, the last layer was changed (to make it single-task) and the last two
layers were trained for 1000 epochs while the rest were kept frozen.



E.3 Meta-learning models

E.3.1 Neural processes

» Conditional neural processes (CNPs). The FP-CNP had an encoder and decoder
FNN of 3 layers each, with a maximum layer width of 1000, layer normalization
between every layer, and an encoding size of 250. Layer normalization was chosen
instead of batch normalization because, due to memory constraints, our batch size
was just 2 functions. We choose the mean as commutative operation. The MG-CNP
had the same architecture but built its encoder on top of the MGAE.

» Latent neural processes (LNPs). The FP-LNP had the same encoder and decoder
as the CNP, and an additional network to parameterize the mean and variance of
the latent variable. This network was also a FNN of 3 layers with layer normal-
ization. The size of the latent variable was 250. Again, we chose the mean as the
commutative operation for aggregation. The MG-LNP had the same architecture
but it built its encoder on top of the MGAE.

e Meta-training. We trained using between 20 and 150 contexts and targets at each
iteration. The amount of contexts and targets was itself sampled uniformly between
20 and 150. The contexts and targets were always disjoint, with the only exception
of the experiment in Section 4.4 where they were allowed to overlap in order to be
able to increase the size of both contexts and targets to 100% of the training set,
thus increasing the number of effective epochs. In the FSL experiments, we trained
for 3000 epochs on the 53 train proteins with a batch size of 2 functions per batch.
In the BO experiments we trained for 1000 epochs on the augmented train set of
combinations of docking scores with a batch size of 8.

e Adaptation during meta-testing. The adaptation procedures with fine-tuning and
MAML and fine-tuning are described in Sections 3.4 and C respectively.

e Loss functions. As explained in Sections 3.1 and A.2, the parameters of the CNP
1 = {0} were trained by backpropagation from the predictive log-likelihood

Loye | ey yesxe) =logqo(ys | e, yese).

The parameters of the LNP ¢ = {6, ¢} were trained by backpropagation from a loss
function consisting of the predictive log-likelihood and a KL regularization term,

Loy(ye | Te,ye;2¢) =108 qo(ye | Tes ye; ) + Dir(46(2 | Ta, ya) | 4o (z | e, ye))-

Due to the extra regularization term, achieving convergence with LNPs is more
challenging than with CNPs. In order to facilitate convergence, we tried training
LNPs either with an exact KL divergence term or with an approximate one, and
retained the best-performing model out of the two. We approximated the KL term

4s(2 | 4, ya)

D Z | xd, 2| ®e,Ye)) = B, (z)a lo
KL (06(2 | a, ya) 1 46(2 | e, Ye)) = g, (zlza,pa) 8 402 [ 20r50)



with Monte Carlo, taking a single sample from ¢4(z | z4,yq). We found that the
FP-LNP achieved better performance when trained with an approximate KL reg-
ularization term, whereas the MG-LNP achieved better performance when trained
with an exact one.

E.3.2 ADKF-IFT

We used the ADKF-IFT model with regression weights, trained and shared
by the ADKF-IFT authors at https://figshare.com/articles/online_resource/
adkf-ift-weights_zip /22070105 .
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F The challenge of meta-generalization in sinusoids

In this experiment, we investigated the ability of meta-learning techniques to meta-
generalize to 1D sinusoids that were slightly different from the ones seen during meta-
training. We trained two models, a 6-layer fully-connected NN with MAML, and a
fully-connected CNP with 3 encoder layers and 3 decoder layers (for implementation
details, see Supplementary Section E). Sinusoids had functional form

y = Asin (p(z — B)),

where A is the amplitude, p the frequency and B the shift. As meta-training set, we
used 10 functions with A € [0.1,5), p = 1.0 and B € [0,7). All parameters were
sampled uniformly from these ranges. For each function, we sampled points uniformly
in x € [-5,5] as contexts and targets. The context and target sets’ sizes ranged
between 5 and 25 and was also sampled too. The two models were trained for 10
epochs on the meta-train set. For meta-testing we used two different sets: in the first
one, we created 10* functions with the same parameters as the meta-train functions,
and in the second we created 10* functions with frequency p = 1.5. We sampled 20
points from each meta-test function in the same x interval as contexts, and 1000
points as targets. We also evaluated the prediction error on the meta-train set in the
same way. The models performed well on the meta-train set, as expected, and meta-
generalized well to the test functions. However, they failed to meta-generalize to the
test functions with the slightly different frequency F.1.

Table F.1: Mean squared error (MSE) of two meta-learning models on sinusoids.
Values show mean and standard deviation.

Train functions (p = 1.0)  Test functions (p = 1.0)  Test functions (p = 1.5)

MAML 0.39 (0.10) 0.394 (0.10) 3.53 (0.28)
CNP 0.01 (0.00) 0.005 (0.00) 6.69 (0.17)

11
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Increasing the percentage of points sampled as contexts or targets leads to less unique

function views and to more effective epochs. This causes overfitting, both in terms of
R? (Figure G.1) and NLPD (see Figure 9).
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Fig. G.1: Increasing the percentage of points sampled as contexts or targets at each
iteration leads to memorization of the labels from the train points of the train functions
(left, solid lines) and a degradation of performance on the test points of the train
functions (left, dashed line) and all points of the test functions (right, solid and dashed
lines).

As the percentage of points sampled as contexts or targets increased, the
calibration of the uncertainty estimates deteriorated substantially (Figure G.2).

PARP1 ESR2 PGR

+ Graph CNP (0.8 - 6%)

-3 -3 -3 B Graph CNP (100%)
—4 -4 -4
-5 -5 -5

. p=081 . p=085 . p=0.01
-6 p=023 -6 . p=057 -6 . p=068
-7 -7 -7
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Fig. G.2: A MG-CNP meta-trained using a small fraction of the training points as
contexts or targets at each iteration (blue) maintains a good calibration, as shown by
the high Pearson correlation between the predicted log variance and the prediction
error. In contrast, a MG-CNP meta-trained using all training points as context or
targets (orange) displays poor calibration.
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H Bayesian optimization objectives
Our BO experiments (Section 4.5) used the objective functions druglike F2 and

selective JAK2 from the DOCKSTRING optimization benchmark [10].

e Druglike F2 is a comparatively easy task that requires docking well to a single
target and satisfying orally-bioavailable druglike properties according to QED:

fr2(€) = s(¢,F2) +10(1 — QED(Y)),

where ¢ is a ligand molecule, and s(¢,p) is the docking score of ligand ¢ against
protein p.

o Selective JAK?2 is a comparatively difficult taks that requires docking well against
JAK?2 and not against LCK. This is a hard task since the docking scores of these

two kinases are very highly correlated. This objective reflects a real interest in the
drug discovery community to design selective kinase inhibitors.

fiakz() = s(¢, JAK2) — min (s(¢,LCK) — 8.1, 0) + 10(1 — QED(¢))

(Note that —8.1 is the median of LCK docking scores.)
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