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Multinomial Logistic Regression (MLR)

Given: Goal:
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Assume: N, D and K are large (N >>> D >> K)

Popular ways to distribute MLR

Data parallel (partition data, du- Model parallel (partition parame-

plicate parameters) ters, duplicate data)
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Storage Complexity:
O(ND) data, O(52) model
e.g. LC [Gopal et al 2013]

Storage Complexity:
O(5L) data, O(K D) model
e.g. L-BFGS

Can we get the best of both worlds?
Our Solution: Doubly-Separable MLR (DS-MLR)

m Double Separability naturally Hybrid Parallel

leads to Hybrid Parallelism P
K
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centralized algorithm N X . EVVE
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m Scales to Reddit-Full dataset
(211 million data points and Storage Complexity:

44 billion parameters) O(XP) data, O(EL) model
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Bottleneck to Model Parallelism in MLR
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makes model parallelism hard

Reformulation into Doubly-Separable form
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Each sub-function f;; can be
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l SR : computed independently

m‘ : and in parallel

Step 1: Introduce redundant constraints (new parameters A) into the

original MLR problem

min L;(W,A) =
W,A
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Step 2: Turn the problem to unconstrained min-max problem by intro-

ducing Lagrange multipliers g;,Vi=1,..., N

: A 2
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Py

Step 3: Observations in the Primal-Dual updates

= When a!™" is solved to optimality, it admits an exact closed-form
1
Bi Zszl exp(wiTx;)"

m Dual-ascent update for (3; is no longer needed, since the penalty is

solution given by a] =

always zero if 3; is set to a constant equal to 1.
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Doubly-Separable form for MLR

Parallelization

NOMAD [Yun et al 2014]

worker 1 updates wo and communi-

cates it to worker 4

worker 4 can now update wa Ownership of wy changes continuously.

Experiments
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Single-Machine experiments (Data and Model both fit in memory).
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ODP dataset (Model Size: 355 GB) Youtube-Video dataset (Data Size: 76 GB)  Reddit-Full dataset (Data Size: 228 GB, Model Size: 358 GB)
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Multi-Machine experiments.




