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Algorithm 1 Partition Preloading with Dependency Check
Input: Partitions P = {Py,..., P,}, edge sets E; for each
partition P;
Output: Efficient preloading of partitions for training based

on dependency graph
: for each P, € P do
Define edges E; = {ei1, €2, . -
with P;
: end for
: Initialize dependency graph G4.p, as an empty graph
: for each P, € P do
for each edge e;;, € E; connecting nodes u and v do
if node v belongs to partition P; and 7 # j then
Gdep(Pia Pj) = True
Add P; to the dependency list of P;
end if
end for
: end for
: for each P; in the training sequence do
Start training on F;
for each dependent P; where G 4cp(P;, P;)
if P; not yet loaded to NVMe then
Preload P; from PFS to NVMe storage
end if
end for
. end for

. } and nodes N; associated

= True do
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