Parameter servers for machine

learning do not scale?
Well, one size does not fit all.
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(L2) BOUNDED. The samples at each node have dependencies on
° Independent Sample Sample reuse Local past samples, but these dependencies are limited and samples at
° s aJnPling reuse with postponing smpling ddiffere:t noddes ar]: imi]eplzndem. In more detail, given a depen-
-— lency bound B € N, it holds
° (CONFORM) (BOUNDED) (LONG-TERM) (NON-CONFORM) -5
P(Xgi = kIS7P,S-q) = 7
B‘de' ﬁll pOOlZ ﬁll p001: for all g,i, k, where S_q C X\ Xj refers to samples at other
i . .. nodes and S(;B < {Xq1-- s Xg(i-B-1) } refers to samples at node
o o . ground sample iid. from | | sample iid. from q taken from all but the last B samples taken so far. Note that
. 2 : first-order inclusion probabilities match the target probabilities—
. L] o L4 o ° thread 7 and localize 7 and localize ie, p(Xgi = k) = m—even though subsequent samples may
. be dependent. For example, a sampling scheme that internally
L] draws independent samples from 7 but uses each sample twice
sample iid. from re-localize if re-localize if is BOUNDED with B = 1.
Pr epare p . (L3) LONG-TERM. The mean first-order inclusion probabilities match
Sample 7 and localize necessary necessary the target probabilities asymptotically at each node, i.e.,
(async) (async) (async) .
h m n [ lim — > p(Xgi = klXgr,. ... Xg(io) =7 (1)
I I Ny—eo N & i

beca u Se t ey a a ge a I I O | I a I I a ra | I I e e rS & * ¢ + for all g, k. Note that this does not imply p(Xg; = k) = 7. Also,
ull t 1 f arbitrary dependencies between samples within one or across
pull parameters sample from multiple nodes are accepted as long as the asymptotic relative
: : frequencies of the samples match the target. For example, a se-

Pull pull parameters | | pull parameters if local, o/w locally available
tel tel ? quential sampling scheme that selects a random key order for the

[ ] [ ] remotely remotely
[ [ Sample . . pOStpOne the pal‘t Of T |K| keys and then draws samples in a round-robin fashion sat-
if necessary) if necessary) 1 d pull locall isfies LONG-TERM but not BOUNDED: each key is selected equally
Sample and pull locally often in the long run, but the knowledge of the first |K| sam-
° ples allows to uniquely determine all future samples, so that no
d bound can be ished

(L4) NON-CONFORM. No guarantees about the sampling probabilities
or independence.

 Sampling: PSs inefficient via suitable primitives
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Task Model parameters Data Parameter access
Model Keys Values Size Dataset Data points Size Direct Sampling
Knowledge graph embeddings ComplEx, dim. 500 48M 4.8B 359GB Wikidata5M 21M 317MB  69% 31%
Word vectors Word2Vec, dim. 1000 19M 19B 7.0GB  1b word benchmark 375M 3GB 44% 56%
Matrix factorization Latent Factors, rank 1000 11.0M 11B 82.0GB 10m X lm matrix, zipf 1.1 1000M 31GB  100% 0%
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