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1 Supplementary Information

1.1 Proof
Theorem 1.1. The complexity of HASolGNN is O(ek|E|dF2 +

ek|V |F2), where e, k, |E|, |V |, F , and d denotes the number of train-
ing epochs, the number of iterations in AE Block, max(|E1|, |E2|),
max(|V1|, |V2|), number of features per node, and maximum degree
of solute graph G1 and solvent graph G2.

Proof. We prove above by first demonstrating that the following
two arguments hold: (1) GAT component in the AE Block asymp-
totically dominates over its counterparts in the ME Block and IE
Block; and (2) for all embedding blocks, the GAT component
asymptotically dominates over the LSTM component. For (1),
AE Block operates directly on molecular graphs Ĝ while ME Block
operators on synthetic graph ĜM and IG operators on the interac-
tion graph IG. Since the size of molecular graph is |Ĝ|= |V |+ |E|,
the size of synthetic graph is |ĜM |= 2|V |+1, and the size of inter-
action graph |IG| is a constant, both |ĜM | and |IG| are bounded by
|Ĝ|. Hence, GAT component in the AE Block asymptotically domi-
nates over its counterparts in the ME Block and IE Block. For (2),
within each embedding block, each GAT is followed by a LSTM
layer as illustrated in Fig. ??. Assume the embedding block oper-
ators on computation graph G= (V,E), each LSTM performs gates
computation (four gates) which is O(|V |F2) and element wise op-
erator is O(|V |F). This cost of LSTM is O(|V |F2). The cost of a sin-
gle GAT layer is O(|E|dF2 + |V |F2)1. This means that within each
embedding block, the GAT component asymptotically dominates
over the LSTM component. Besides, one can easily verify that the
complexity of the fusion mechanism is O(F2). The inference com-
plexity of GAT is bounded by one training iteration. Therefore,
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the training complexity of HASolGNN is O(ek|E|dF2 + ek|V |F2)

and the inference complexity is O(k|E|dF2 + k|V |F2).

1.2 Para-HASolGNN

The design of HASolGNN is parallel-friendly2. We introduce
a parallel algorithm for HASolGNN training, denoted as Para-
HASolGNN, illustrated in Fig. 1, to scale the training of HASol-
GNN to large-scale solubility dataset. Para-HASolGNN exploits
the following three levels of parallelism. We assume the follow-
ings: (1) the main coordinator P0 has the access to all Level I co-
ordinators Pi; and (2) each Pi has information access to all level
II workers Pi, j.

Level I: Model Parallelism. HASolGNN contains two parallel
MFGM modules. This presents opportunities for parallelizing the
training by distributing solute and solvent MFGM among the pro-
cessors. In each epoch, Para-HASolGNN executes model paral-
lelism where Pi initializes parallel jobs Ji, ∀i ∈ [1,2]. Within each
the level I execution, it forward propagates MFGMi using Φi. At
each Pi, MFGMi backpropagates independently and updates their
gradients in parallel after receiving messages from P0. The output
of each module will be assembled and forwarded to IG ∈ M by
the coordinator processor P0. P0 calculates global loss in Eqn. ??
and updates IG.

Level II: Data Parallelism. Within the solute or solvent MFGM,
Para-HASolGNN takes a sequence of molecular graphs as the in-
put. At the level II, Para-HASolGNN initializes the level II par-
allel jobs J j

i ,∀ j ∈ [1,⌈ T
L ⌉] and processes the components of the

input with a fixed batch size L in parallel. The batch size is deter-
mined by available computational resources and the total work-
load. Besides, Para-HASolGNN optionally exploits the mini-batch
data parallelism3 to achieve even larger speed-up. It splits the
information propagation of the large-scale molecular graph into
parallelly computed message flow graphs induced by mutually
disjoint node batches.

Level III: Pipeline Parallelism. Each MFGM comprises two ME
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Algorithm 1 : Para-HASolGNN

1: Input: A batch of solute and solvent graph pairs Φ =
{(G1

1,G
1
2), . . . ,(G

T
1 ,G

T
2 )}, a randomly initialized HASolGNN

Model M, batch size L, a coordinator P0, a set of sub-
coordinators Pi, a set of workers Pi, j, the number of epochs
e;

2: Output: Incrementally trained M upon batch Φ.

3: for m = 1 to e do
4: /* executes model parallelism */
5: Para_Model (Ji(MFGMi,Φi)), ∀i ∈ [1,2];
6: P0.forward(IG);
7: P0 updates IG ∈ M;
8: return M from P0;
1: procedure PARA_MODEL(Ji)
2: /* executes data parallelism */
3: Para_Data (J j

i (MFGM j
i ,Φ

j
i )), ∀ j ∈ [1,⌈ T

L ⌉];
4: Pi receives Mi from P0;
5: Pi updates MFGMi ∈ M;

1: procedure PARA_DATA(J j
i )

2: /* executes pipeline parallelism (lines 4-5) */
3: B1.forward(Φ j

i ),B1 ∈ MFGMi, j;
4: B2.forward(Φ j

i ),B2 ∈ MFGMi, j;
5: Pi, j receives Mi, j from Pi;
6: Pi, j updates MFGMi, j;

Fig. 1 Para-HASolGNN: Three-level Parallel Training.

Blocks and one AE Block. We adopt an asynchronous macro-
pipeline parallelism schema4 to parallelize the computation of
the two independent branches B1 and B2. B1 consists of a AE
Block followed by a ME Block while B2 comprises a single ME
Block. In this way, the forward message passing of both B1 and
B2 are parallelly computed. It eliminates the inter-pipeline syn-
chronization (w/o information loss since the batches from level II
are independent of each other).

Complexity Analysis of Para-HASolGNN. The total cost of Para-
HASolGNN is O

(
ek|E|dF2+ek|V |F2

|P| + f (θ)
)

. Given the input Φ and

a model M, we denote the total training cost of HASolGNN us-
ing a single worker as T (Φ,M) which is O(ek|E|dF2 + ek|V |F2).
We show that for each level of parallelism, the parallel cost is
in inverse proportion to the number of the workers |P|. We de-
note the communication overhead among the coordinators and
workers as f (θ) which is O(⌈ T

L ⌉e). Since L and e are hyper-
parameters only relevant to the model M, f (θ) accounts for a
communication overhead that is independent of the size of Φ but
only dependent of the selection of parameters of M. With the
level I and II parallelisms, the communication cost can be fur-
ther reduced to O(e). Therefore, the total cost of Para-GTrend is

O
(

ek|E|dF2+ek|V |F2

|P| + f (θ)
)

. f (θ) is a linear function independent

of size of Φ.

1.3 Supplementary Experimental Results
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