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Research Overview
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Learning from Data

Data is everywhere and holds a significant potential

Image classification, Medical diagnosis, Credit card fraud, : : :

Figure 1: Centralized and distributed learning architectures

Collecting all data at a central location may not be practical

Large, private, datasets with communication constraints

Distributed methods rely on local processing and communication
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A simple case study . . .

Figure 2: Test accuracy of a model trained with 10;000 32� 32 pixel images

When do distributed methods outperform their centralized analogs?

How do we formally quantify such a comparison?
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Some Preliminaries
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Example: Recognizing Traffic Signs

Identify STOP vs. YIELD sign

Figure 3: Binary classification: (Left) Training phase (Right) Testing phase

Input data: images f�jg and their labels fyjg
Model: A classifier x that predicts a label byj for each image �j

Changing x changes the predicted label byj (x;θj )

Pick a classifier x� that minimizes some loss over all images

x� = argmin
x2Rp

X
j

‘(yj ; byj (x; �j )
�
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Minimizing Functions

min
x

f (x); f :=
X

j

‘(yj ; byj (x; �j )) : Rp ! R

Different predictors by and losses ‘ lead to different cost functions f

Quadratic: Signal estimation, linear regression, LQR

(Strongly) convex: Logistic regression, classification

Nonconvex: Neural networks, reinforcement learning, blind sensing

This talk

First-order (gradient-based) methods over various function classes

Search for a point x� 2 Rp such that rf (x�) = 0p

When the training data is distributed over a network of nodes
(machines, devices, robots)
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Basic Definitions

f : Rp ! R is L-smooth and f (x) � f � � �1;8x
Not necessarily convex, bounded above by a quadratic
Assumed throughout

f : Rp ! R is convex (lies above all of its tangents)

f is �-strongly-convex (convex and bounded below by a quadratic)

For SC functions, we have � := L=� � 1

Figure 4: Nonconvex: sin(ax)(x + bx2). Convexity. Strong Convexity.
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Smooth function classes

Minimizing smooth (differentiable) functions f : Rp ! R
Search for a stationary point x� 2 Rp, i.e., rf (x�) = 0p

Figure 5: Function classes restricted to L-smooth functions

Nonconvex: x� may be a minimum, a maximum, or a saddle point

Convex (and PL) functions: f (x�) is the unique global minimum

Strongly convex functions: x� is the unique global minimizer
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First-order methods (Gradient Descent)

min
x2Rp

f (x)

Search for a stationary point x�, i.e., rf (x�) = 0p

Intuition: Take a step in the direction opposite to the gradient

At ?, rf (x�) = 0p

Figure 6: Minimizing strongly convex functions: R! R and R2 ! R

Gradient Descent: xk+1 = xk � � � rf (xk)
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Function classes: Performance metrics and Rates

Gradient Descent: xk+1 = xk � � � rf (xk)

Figure 7: Function classes restricted to L-smooth functions

Convergence rates of GD (non-stochastic and not accelerated):
Nonconvex: jjrf (xk )jj ! 0 at O(1=

p
k)

Convex: f (xk )� f (x�)! 0 at O(1=k)
SC (and PL): f (xk )� f (x�)! 0 and kxk � x�k ! 0 exponentially
(linearly on the log-scale)
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How to extend GD when the data is distributed?

Let’s consider a simple example: Linear Regression

Implement local GD at each node i : xi
k+1 = xi

k � � � rfi (xi
k)

Figure 8: Linear regression: Locally optimal solutions

Local GD does not lead to agreement on the optimal solution

Requirements for a distributed algorithm

Agreement: Each node agrees on the same solution
Optimality: The agreed upon solution is the optimal
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Distributed optimization
Smooth and strongly convex problems with full gradients
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Distributed Optimization

min
x2 Rp

F(x); F(x) :=
nX

i =1

fi (x)

Figure 9: A peer-to-peer or edge computing architecture

Assumptions

Eachfi is private to nodei

Eachfi is Li -smooth and� i -strongly-convex (assumed for now!)

The nodes communicate over a network (a connected graph)

F has a unique global minimizerx� such that r F(x� ) = 0p
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