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Special Topics Outline

- Last week: How to optimise against the unknown?
« Notion of regret minimisation
« Online Gradient Descent (OGD)
« Example: Online Support Vector Machines
 Stochastic Gradient Descent via OGD
- Three main topics:
« Online Gradient Descent (April 27th)
o Distributed Gradient Descent (May 4th)
- Communication-Efficient Gradient Descent (May 11th)

- Today: How to optimize in large-scale distributed systems?



Regret Minimization
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No-regret Algorithm: Update rules for x, that satisfy R(7") = o(T).



Online Gradient Descent
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Vie1 = X — 1, Vh(x)
X1 = g (V)

Return X

[To(y) := argmin__.|lx — yl|5

OGD satisfies R = o(T'), with appropriate selection
of {7,} and assuming uniformly bounded norm of gradients.



Motivation - Private/Personalized Learning

lmage source Mobile Keyboard Predictions


https://research.google/blog/federated-learning-collaborative-machine-learning-without-centralized-training-data/
https://research.google/pubs/federated-learning-for-mobile-keyboard-prediction-2/

Motivation - Recent Compute Trends

Training compute (FLOPs) of milestone Machine Learning systems over time
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https://arxiv.org/pdf/2202.05924

Motivation - Recent Compute Trends

Training compute (FLOPs) of milestone Machine Learning systems over time

nw=102

!
Large-Scale Era
»
{
[

Training compute (FLOPs)

Publication date

lmage source



https://arxiv.org/pdf/2202.05924

Parallel Paradigms

~ Data Parallelism \ ~ Model Parallelism
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https://snap.stanford.edu/class/cs246-2020/slides/14-svm.pdf

Gradient Descent

Initialize with X,
Fort=0to7 — 1 do,

X1 =X, — 1, Vh(x,) // |

Return X = argmin _,; 1)}

Figure 2.3: Iterates of the GD algorithm




Stochastic Gradient Descent

Initialize with x;

Fort =0to 7T — 1 do, ey
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Note: @h(xt) is a noisy gradient at x|



Stochastic Gradient Descentin ML

| =l
Empirical Loss: /1,(w) ;= — h(w; (x;, y;
P NW) Y, ; (w; (X, 3)

Noisy Gradient at w,onsamplej € [N]: VA(w;; (x;, y;))

Note: Vh(w,; (X], )’j)) # Vhy(w,)



Stochastic Gradient Descentin ML

A1: Unbiased gradient estimate: -[?hN(wt) |l w,] = Vhy(w)

A2: Variance of the gradient to be bounded: E[||Vay(w,)||5| w,] < G*

Initialize with wy,
Pick samplej € [N] u.a.r

Wi = W, = 1, V(W (1))
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Note: For strongly convex functions, it suffices to

|
Return w, = —
return the last-iterate, i.e., w; T



Convergence Rates of SGD

General (Return Strongly convex (return
average-iterate) last-iterate)
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SGD converges to a minimizer in the expectation, i.e., E[h(x;)] — h(x*) < O(r(T')), under an appropriate

choice of the sequence of step-sizes {7, }.
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SGD converges to a minimizer in the expectation, i.e., E[h(x;)] — h(x*) < O(r(T')), under an appropriate
choice of the sequence of step-sizes {7, }.



Parallel SGD
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Parallelized SGD

Initialize with w' = w

For k = 1 to M in parallel do,

w}k) = SGD(h™, wy; ™)

1 MU
Return w, = EY; Z w}k)
k=1

Note: Only one round of communication at the end.



Synchronous SGD
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Synchronous SGD/Federated SGD
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Convergence Rates of Synchronised SGD

General (Return Strongly convex (return
average-iterate) last-iterate)
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SGD converges to a minimizer in the expectation, i.e., E[h(x;)] — h(x*) < O(r(T')), under an appropriate

choice of the sequence of step-sizes {7, }.



Convergence Rates of Synchronised SGD

General (Return Strongly convex (return
average-iterate) last-iterate)
1

Synch SGD/FedSGD
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SGD converges to a minimizer in the expectation, i.e., E[h(x;)] — h(x*) < O(r(T')), under an appropriate

choice of the sequence of step-sizes {7, }.



Variance Reduction?

A1: Unbiased gradient estimate: -[vhN(wt) | w,] = Vhy(w)

A2: Variance of the gradient to be bounded: E[||Vay(w,)||5| w,] < G*

Why?



Gradient Diversity

CIFAR-10 CIFAR-10
35 Speedup for one data pass Data passes to 95% training accuracy
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Tradeoff in batch size: Computation/communication vs accuracy




How to adapt batch size for large-scale data?
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SVM in Machine Learning

2 Support - ‘\

vector €




Online SVM OGD

OGD on an online SVM stream
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Standard SGD with uniform sampling from a fixed dataset

SVM SGD
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Summary

We saw motivation to look at distributed gradient descent.
We looked at different methods of parallel and synchronous SGD.

Tradeoff between communication and variance reduction/speed-up in
computation.

SVM revisited.

Next class: Communication-efficient SGD



