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Key idea of ML:
Learn predictor g such that the loss L(vy, g(x)) over the data is minimum.

=> One way to do this is using gradient descent algorithm.
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Machine Learning in little more detail, but with example

Consider “Linear regression”, so learn w using gradient descent

such that predictor ¢ = w! z

loss L = (y — w! x)?

T

VL(wi; x5,y;) = 2(y — w” z)w

Gradient descent setup:
Initialize w
while not converged {

Wi41 = W; — A 43[\/[/]’63]

L fN

\
; / Estimate of gradient )
Clearmng rate

over the loss using
(datapoints in set B

For regularized version, replace w; by w;(1 — al)
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Examples other than linear regression:

SVM:  w; 11 = w; — o \w; if ijT¢(a?j) > 1
= w; — a;Y;0(x4) otherwise
Guassian mixture model:

w = [T fho---JhK; 00---OK ]|
Vw = [Vm;Vug...Vug; Vog...Vog]

21 frac (X, [5] — |
Vil =7 Z@ : (<ok[[;]]>2 e
_ __1 - rac (Xn[J] — 'uk[]]) o :
Vol = N ; f { (ok]7])3 Uk[]]}
- 2*(2\7%!—1)*7”6
Vﬂ'k:%< Z‘frad* \W_1k|_ Kl - = 7|
n=0 Z‘ﬂ'k’

I k=1
where frac\: get ProbO fCluster K (k, X, fw)
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Examples other than linear regression:

Perceptron: w;+1 = w; + o,y 0(z;) if y,w! ¢(z;) <0
— Ww; otherwise
Adaline: Wiy1 = Wi + a;(Y; — wT€b(5’3j))¢(5’3j)
_ : 2
K-means: k* = arg miny (z; — wg)
Nk = Nisx + 1
1
Wiy = Wiy (23 — W)
TV
Lasso: [ = )\‘w‘l 4+ l(y — ngb(a;))Q ... regularized least squares

2
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Related work (variants of GD)
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Related work (variants of GD)
Gradient descent setup: - Constant learning rate
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Related work (variants of GD)
Gradient descent setup: - Constant learning rate

Initialize w( A
while not converged {

Wi41 = W; — A 4:[VL]’EB]

: fN

\
; / Estimate of gradient )
(Iearnlng rate .
over the loss using

|datapoints in set B

- Start with small learning rate

3 key areas:
| .Vary learning rate
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Related work (variants of GD)
Gradient descent setup: - Constant learning rate

N
Initialize wy , |

hil d - Start with small learning rate
while not converged { => Increase if successive gradients in

*L[V LjEB] same direction, else decrease.
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Related work (variants of GD)

Gradient descent setup: - Constant learning rate
N
"Initialize wo | |
hil ¢ d { - Start with small learning rate

While hot converge => |Increase if successive gradients in
Wil = W; — t[VLjEB] same direction, else decrease.

} / N - Monitor loss on validation set and

\ ; . y increase/decrease rate accordingly
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Related work (variants of GD)
Gradient descent setup: - Constant learning rate

Initialize w( A
while not converged {

- Start with small learning rate
=> Increase if successive gradients in

Wil = W; — t[VLjEB] same direction, else decrease.
} / N - Monitor loss on validation set and
\ ; J increase/decrease rate accordingly

\
Estimate of gradient )
over the loss using
|datapoints in set B

- Find learning rate through line search

(Iearning rate
on sample dataset

- Decrease rate according to heuristic

3 key areas: formula:

| .Vary learning rate
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Related work (variants of GD)
Gradient descent setup: - Constant learning rate

Initialize w( A
while not converged {

- Start with small learning rate
=> Increase if successive gradients in

Wil = W; — t[VLjEB] same direction, else decrease.
} / N - Monitor loss on validation set and
\ ; J increase/decrease rate accordingly

\
Estimate of gradient )
over the loss using
|datapoints in set B

- Find learning rate through line search

(Iearning rate
on sample dataset

- Decrease rate according to heuristic

3 key areas: formula: @0
1 .
1+ Oé())\@

| .Vary learning rate
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Related work (variants of GD)
Gradient descent setup:
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while not converged {
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Related work (variants of GD)

Gradient descent setup:
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while not converged {
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Related work (variants of GD)

Gradient descent setup:

Initialize wy

}

\_

while not converged {
Wi+ — W; — & ﬂ[VLjeB]

~N

Y/ N

(Iearning rate

\
Estimate of gradient )
over the loss using

3 key areas:

|datapoints in set B

- HogWild [Niu 201 ]
=> |f data is sparse, just keep updating w
without any lock.

2. Update different dimensions of w in parallel
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Related work (variants of GD)

Gradient descent setup:

Initialize wy

}

\_

while not converged {
Wit1 = W; — “ﬂ[VLjeB]

~N

Y/ N

(Iearning rate

\
Estimate of gradient )
over the loss using

3 key areas:

|datapoints in set B

- HogWild [Niu 201 ]
=> |f data is sparse, just keep updating w
without any lock.

- Distributed SGD [Gemulla 201 |]

2. Update different dimensions of w in parallel
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Related work (variants of GD)

Gradient descent setup: - B = entire dataset => Batch GD
Initialize wy A (o )
while not converged { Wikl = Wi =& 4 — > VL(wixj,y5) o
~N =1
w; = w; — « It \/L N y
s ’ [ jEB] - B = | random block
} / N => sum over b data items instead of n
\ ; . y => Mini-batch GD
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Related work (variants of GD)

Gradient descent setup: - B = entire dataset => Batch GD
Initialize wy A (. n )
while not converged { Wikl = Wi =& 4 — > VL(wixj,y5) o
A =1
w; = w; — « It \/L N y
141 ¢ [ jEB] - B = | random block
} / N => sum over b data items instead of n
\ ; . J => Mini-batch GD
; Estimate of gradient )
(Iearnlng rate the | . - B = | random datapoint
over .e O.SS using => Stochastic GD
\dataPOmtS in set B )| => Not suitable for MapReduce

3 key areas:

3.Vary B
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Related work (variants of GD)

Gradient descent setup: - B = entire dataset => Batch GD
"Initialize wo A (
while not converged { Wikl = Wi =& 4 — ZVL(wz-;éEj,yj)
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Wit1 = w; — o E[VL, -
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Effect of #blocks on performance
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Effect of #blocks on performance
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Gradient descent setup:

Initialize 1w -3 |Use entire dataset
while not converged {
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Effect of #blocks on performance

wo
Batch GD Hybrid approach
Gradient descent setup:
Initialize 1w -3 Use ghtire dataset
while not converged { —> Use k; blocks
Wi41 = W; — 4:[VLJ'EB] === Use one block

Thursday, March 20, 14
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User issues aggregate query » MapReduce
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TEg: avg(employee salary)j
Typical MapReduce

pgm returns OLA returns
10 seconds 500, 1600

900, 1100]
2 minutes  [999, 001

1000 v |0 hours
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High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j
Typical MapReduce

pgm returns OLA returns
10 seconds 500, 1600

900, 1100]
2 minutes  [999, 001

1000 v |0 hours

Thursday, March 20, 14



High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j

Typical MapReduce

pgm returns OLA returns
10 seconds 500, 1600

900, 11007

2 minutes  [999, 001

[999.5, 1000.4]

1000 v |0 hours
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High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j

Typical MapReduce

pgm returns OLA returns
10 seconds 500, 1600

900, 11007

2 minutes  [999, 001

[999.5, 1000.4]
[999.8, 1000.3]

1000 v |0 hours
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High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j

Typical MapReduce
pgm returns OLA returns
10 seconds 500, 1600

900, 1100]
2 minutes  [999, 001

999.5, 1000.4
999.8, 1000.3’
999.9, 1000.1°

1000 v |0 hours
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High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j

Typical MapReduce
pgm returns OLA returns
10 seconds 500, 1600

900, 1100]
2 minutes  [999, 001

999.5, 1000.4
999.8, 1000.3’
999.9, 1000.1°

1000 v |0 hours
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High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j

Typical MapReduce
pgm returns OLA returns
10 seconds 500, 1600

900, 1100]
2 minutes  [999, 001

999.5, 1000.4
999.8, 1000.3’
999.9, 1000.1°

1000 4+ 10 hours [1000, 1000]
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High-level intuition about “principled approach”

User issues aggregate query » MapReduce

TEg: avg(employee salary)j

Typical MapReduce

pgm returns OLA returns
10 seconds 500, 1600 T
:900’ |00: Online
2 minutes  [999, 1001

999.5, 1000.4
999.8, 1000.3’
999.9, 1000.1°

1000 4+ 10 hours [1000, 1000]
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High-level intuition about “principled approach”

User issues|aggregate |query » MapReduce

Eg: avg(employee salary)j

Typical MapReduce
pgm returns OLA returns

|0 seconds '500, 1600 T
900, | 100] Online

2 minutes  [999, 1001 Aggregation

999.5, 1000.4
999.8, 1000.3’
999.9, 1000.1°

1000 | 10 hours 1000, 1000]
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High-level intuition about “principled approach”

User issues|aggregate |query » MapReduce
Eg: avg(employee salary)j \
Typical MapReduce
pgm returns OLA returns l
10 seconds 500, 1600 T
:900’ |00: Online
2 minutes  [999, 1001 Aggregation
'999.5, 1000.4
'999.8, 1000.3°
'999.9, 1000. 1
1000 4+ 10 hours [1000, 1000]
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High-level intuition about “principled approach”

User issues|aggregate |query » MapReduce

Eg: avg(employee salary)j \
[My previous W@m]

Typical MapReduce

pgm returns OLA returns l
|0 seconds [500, 1600] T
[900, | 100] Online
[ 2 minutes  [999, 1001] )\ Aggregation
'999.5;"000.4' " Idea: If acceptable
'999.8, 1000.3" accuracy reached early,
999.9, 1000.1° _query can be stopped
1000 $ 10 hours [1000, 1000]
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High-level intuition about “principled approach”

User issues|aggregate |query » MapReduce

Eg: avg(employee salary)j \
[My previous W@Mk]

Typical MapReduce

pgm returns OLA returns l
|0 seconds [500, 1600] T
[900, 1100] Online
[ 2 minutes  [999, 1001] )\ Aggregation

'999.5;"000.4' " Idea: If acceptable
'999.8, 1000.3" accuracy reached early,
999.9, 1000.1° _query can be stopped

1000 } 10 hours  [1000,1000] L G4 =05 — aZVf@

=0
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Summary: Scalable & Fast Machine Learning

- Work in Progress

- Use OLA to implement GD on MapReduce
=> |mprove performance of GD

=> |Improve performance of Machine Learning

- Scalability using MapReduce
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Modeling challenges:

- Modeling surface
- Modeling random walk
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Vary B ... little more detail
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Oj+1 =05 — azvfi
} 1=0

\_

~N

Mini-Batch GD

4 )
Initialize 6,

While not convegged {

Oj+1 =105 — Oézvfz'
} 1=0

J

Entire dataset

) Stochastic GD

Initialize 6,
While not converged {

HJ-H — (9]' — avf'r
}

\_ J

Random block b
b<n

* Ignoring divisor & decreasing learning rate for readability
Also, | will be using the variable “f” to represent loss.

\_

~N

Random datapoint r

Thursday, March 20, 14



Vary B ...

Batch GD

g
Initialize 6,

While not converged {

Oj+1 =05 — azvfi
} 1=0

\_

~N

little more detail

Mini-Batch GD

Initialize 6,
While not convegged {

Oj+1 =105 — Oézvfz'
} 1=0

Entire dataset

\_

~N

S&hastlc G,{é

Random block b
b<n

J
\-
Ran?ém datap&gt r

Not suitable for MapReduce

* Ignoring divisor & decreasing learning rate for readability
Also, | will be using the variable “f” to represent loss.
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Oj+1 =05 — azvfi
} 1=0

\_

~N

Mini-Batch GD

4 )
Initialize 6,

While not convegged {

Oj+1 =105 — Oézvfz'
} 1=0

J

Entire dataset

) Stochastic GD

Initialize 6,
While not converged {

HJ-H — (9]' — avf'r
}

\_ J

Random block b
b<n

* Ignoring divisor & decreasing learning rate for readability
Also, | will be using the variable “f” to represent loss.

\_

~N

Random datapoint r
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

\_

~N

Mini-Batch GD

4 )
Initialize 6,

While not convegged {

Oiy1=0;—a> VF
i=0

J

Entire dataset

J

\_ J

Random block b
b<n

* Ignoring divisor & decreasing learning rate for readability
Also, | will be using the variable “f” to represent loss.
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

\_

Mini-Batch GD

Initialize 6
While not convegged {

Ojy1=0;—a> Vf
i=0

J

Entire dataset

* Ignoring divisor & decreasing learning rate for readability
Also, | will be using the variable “f” to represent loss.

J

\_

J

Random block b
b<n
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

\_

~N

b<<n
) Mini-Batch GD

Initialize 6
While not convegged {

Ojs1=0;,—a) Vf
i=0

J

Entire dataset

}

\_

~N

J

Random block
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Vary B ... little more detail

Batch GD Mini-batch GD
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

\_

~N

b<<n
) Mini-Batch GD

Initialize 6
While not convegged {

Ojs1=0;,—a) Vf
i=0

J

Entire dataset

}

\_

~N

J

Random block
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Vary B ... little more detail

Batch GD

g
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

\_

b<<n
) Mini-Batch GD
Initialize 6

While not convegged {

Oiy1=0;—ad Vf
} 1=0

J

Entire dataset

- More accurate “f”’

- Less iterations of while loops
- Each iteration takes long time

\_

J

Random block

- Less accurate “f”
- More iterations of while loops
- Each iteration takes much less time
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Vary B ... little more detail

Batch GD

4 )
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

. J

Entire dataset

- More accurate “f”
- Less iterations of while loops
- Each iteration takes long time

b<<n
) Mini-Batch GD

Initialize 6
While not convegged {

Oiy1=0;—ad Vf
} 1=0

\_

J

Random block

- Less accurate “f”
- More iterations of while loops
- Each iteration takes much less time

Key idea: Proceed to next iteration if at least “k” datapoints processed
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Vary B ... little more detail

Batch GD

4 )
Initialize 6,

While not converged {

Ojy1=0;—a> Vf
} 1=0

. J

Entire dataset

- More accurate “f”
- Less iterations of while loops
- Each iteration takes long time

b<<n
) Mini-Batch GD

Initialize 6
While not convegged {

Ojs1=0;,—a) Vf
i=0

}

\_ J

Random block

- Less accurate “f”
- More iterations of while loops
- Each iteration takes much less time

Key idea: Proceed to next iteration if at least “k” datapoints processed
where k is found using a bayesian model (Stopping criteria)
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