Distributed ML: Reducing Communication with ADMM
Venkata Krishna Pillutla**, SakethaNath J*

pillutla@cs.cmu.edu, saketh@iitb.ac.in
*Indian Institute of Technology Bombay
#Carnegie Mellon Universit

SCS

Carnegie
Mellon,

School of Computer Science

Motivation

Introduction
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* Distributed computing environment with p nodes * Not all features are equally important « Solve using ADMM N
* Datais distributed as D,...D, * Most real, big datasets are skewed o Dual variables: \ ¢ R? N
Process Biceaes P * Feature occurrence frequencies follow approx power « Augmented Lagrangian Parameter: p T~
laws * lterations: s .
2 Feature Frequency (t) (t) ; 0.04 \ ; 0.4 \‘
Local Copy N | | | C(t—I_l) p— A<t) — A(t) — (Sw(t) —|— SWZ_]- —|_ SWZ—l_l ) £ 0.03 \ £ 0.3
i i—1 P ) 9 \ \
(t—|—1) _ ° 2 T T t+ ]. 0:01 - [ S 0.1
— w, ) = argming { f;(w) + p||Sw|3 + w? ST TV} B e <
" (t_|_1) o (t) p (t_|_1) (t+1) 0 50000 100000 Ar;:frio((;commi?]?:;i(:m 250000 300000 350000 0 200000 400000Amoum ofggion(:unicaﬁonBOOOOO 1e+06 1.2e+0E
% : Ai = A 5(8“"@ —Sw; )
Distributed data store = f(w)—f(w*) . .
« Communication required: O(d’) per iteration Fw") VS. comimunication
* Global problem is regularized loss minimization:
p ; . Relative Objective function error vs Amount of communication for e2006 and 100 nodes (Regression) , Relative Objective function error vs Amount of communication for revi and 100 nodes (lloss)
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1=1 * Features are strongly correlated e O re ‘ a e S u \
where / is a convex loss function and ° Examples: NLP (bag of Words); synonyms :;% 7 %—’ 15 N
« Examples: Vision: Nearby pixels E |
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fi (W) — (yj, A% Xj) + (W) * Intuition: Giving equal importance is wasteful * Ridge Regression \ ) “
jeD; v * Figure: Feature occurrence « Assume: y;| <08, [|x]|lec <R T | i
e ., regularizer . T .
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. Amount of commun ication Amount of commun ication
loss over local examples * Relaxed optimum: wg

* Examples: A r C h . Al : o
* Classification: y; is discrete p p O a Original optimum: w

e Theorem:

* Regression: y. is real-valued S
* No shared memory;jcommunication is required ”WS W H < \/m\/]_?(p - 1)(61 4 \/EHW* HCQ) CO n C I u S I O n S

Project features onto a lower d’-dimensional subspace for

communication . * Proof by Linear Algebra * Can reduce communication cost up to 90% and still do well!
° * In other words, relax constraints . Always true + Performance guarantees

P r I o r W o r k * For instance: * Can get a better high probability result e \Works on real datasets
* Subsample features randomly * Additionally, assume gradient of f exists and is Lipschitz
* Averages of some groups of features  Theorem:

« Recast as constrained optimization problem: * Features with highest variance , K / 2 b I h
D  Formally, define the projection via S ¢ R< xd f(WS) — f(w ) < CS(d —d )(p — 1) BI IOgra p y
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Solve using Alternative Direction Method of Multipliers
(ADMM)

 Convex objective and linear constraints

e Using Lagrange Duality Gl
Convergence guarantees are known .
Easily parallelized [1,2]
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