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ADMINISTRIVIA

- Assignment 2 out!

o
- Project groups extension — b oct T

- OH / Setup meeting by email Oct 17" Lotrody ko



COURSE PROJECT PROPOSAL

Propose topic, group (2 sentences) — Oct 7
Project Proposal (2 pages) - Oct |7

Introduction
Related Work

Timeline (with eval plan)



WRITING AN INTRODUCTION

|-2 paras: what is the problem you are solving (ocel
why is it important (need citations)

|-2 paras: How other people solve and why they fall short
L«) Tavgek ou-°'(':%(-‘—e ' Fwi(;‘ev bon'ts
J A\q[e PQJCJC

|-2 paras: How do you plan on solving it and why your approach
is better

| para:  Anticipated results or what experiments you will use



WRITING RELATED WORK

wagn ol
Group related work into two/three buckets QJAaMrB Foaspee™
(1-2 para per bucket)
Explain what the papers / projects do ML Frowetles s

Why are they different / insufficient



Applications

S~Pauv )C
Computational Engines Ma,’;ldnte
Scalable Storage Systems
Mess B

Resource Management DeF




MACHINE LEARNING

Classification Recommendation
IMAGENET
i amazon

o




S, OPTIMIZATION

T"”“’*‘M"J
model (‘L’r:l, —

min
w G]Rd

Z (w, z;) + P(w)

Resularization
Lot 5
Function

Model

Data (Examples)



CONVEX OPTIMIZATION

min Z f(w, z;) + P(w)

weERA

i=1 A\
What is convex ! J
Linear Regression, Linear SVM
Kernel SVMs, Logistic Regression,

What is not convex !
Graph mining, Deep Learning



GRADIENT DESCENT

predef
w(/‘H—l) _ w(k) _ Oszf(’w(k) ot «ﬂe.
W/ MW kh l\{»emﬁm
Initialize w —» Taxdows swikiaRzak e \ pre
For many iterations: K
. oi~ks |
Compute Gradient —# o msry  doka peivss 9
Update model Gy: M of p (f"u‘»? et (1
End M et ()

7670 Dne s =g
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INCREMENTAL GRADIENT DESCENT

w(k+l) _ (k))

w® — @V fy ) (w

Initialize w

For many iterations:
Pick one point
Compute Gradient
Update model

End



Analytics Task Objective

Logistic Regression (LR) > . log(1l+ exp(—ysw Tx)) + pl|lw|

Classification (SVM) > (1 —ysw zs) 4 + pl|d]1
Recommendation (LMF) Z(i,j)EQ(LTR' — M;;)? + p||L, R||%
Labeling (CRF) [48] S, [Zg F;(yr, zx) — log Z (wk)}
Kalman Filters thl |Cw: — f(ye)||5 + ||we — Awi_1||3

Portfolio Optimization pfw+wl'Sw st. weA




BISMARCK ARCHITECTURE

Specification

—Bismarck v

_>

|GD Aggregate

Y

Loss Aggregate

v
—<| Tables j

v
Model

G



BISMARCK: USER DEFINED AGGREGATE

Three steps:

| initialize(state) - ikalize e mnod L UX’J”
L zev WQZ\J(S rvapfom

2. transition(state, data) X WJJ 2

3. terminate(state)

[okp vdme £ nf”
lT; T\;a(y s L'{'Eatw/dbd’w




BISMARCK: LOGISTIC REGRESSION

LR_Transition(ModelCoef *w, Example e) { ...

wx = Dot_Product(w, e.x);
sig = Sigmoid(-wx * e.y);
c = stepsize * e.y * sig;
Scale_And_Add(w, e.x, ¢); ... }



e v :

Tlalee - )

q|
DATAORDERING "5+
Y\QS * ‘:,_?‘UA < k4ot Pk
it > P ey C. o
Random sampling Updete

- Sample without replacement o-d
- Shuffle the data after each epoch N

L Mwﬁle

Shuffle once
o -
- Avoids Pathologic@qndming %/ml/jwdﬂ
- Much cheaper —:g ?}@




) ZHEN

2=+ RESERVOIR SAMPLING
Disk| Sey aceess st B
Select first m items

Shared Model

/O Worker Memory Worker
On the k™ additional item f i | [[Gradient |
. Reservoir Sradient Loop over
s = random in [O, m + I() Sampling d b Buffer B
°“B““6'A|||||-|||| q T

if s <m

Put in slot s U f};’;)
Dro i M “)&.‘
p the item \)

{w.m
S
2 \L""@ /&0\9 w)«t

else



vope "%, PARALLEL GRADIENTS
TY- ¥ f\/ V’? (w"7

Wi

Shared Memory: ,Lta
- Compute gradients in parallel Data ‘Tl@ | ol
- Average their updates (Tew]

- Or update in parallel

- Locks? el

SATC Aee Tetvemet Toaforn thors
'L)M, (’MWMJ

‘_Lotlfofru: ;u—emlfo« kmes W/eﬁa Ak ,“"ff{AdA?

LA '\/\O\"OI wert



DISCUSSION

https://forms.gle/nFNEi2NZMNhZio | f7



How would an implementation of GD look in Spark? Try to
sketch an implementation. What would be similar / different to
Bismarck?

A

lata: sctedFile €7 ) WM MMU‘ merd)
doba- s luffle () [ Lo breadeast

g S (e wed Orb() N -
qiad = daker (62 . eyt 0o @ fuck
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What are some ML scenarios where Bismarck architecture might
prove to be limited?

Non Convex - Convefje 9 Wa ow (e
/M le drex

Slawed datasck . Gl > Lk fra )

el W"w
Dvev,’f'a‘/d;:/\(} 74 00”17‘(

Modd 7Cb in e

“lfbvvv ({lqud )



3 1E4

S Oge3 i Clustered(185)

cu 6E3 % ShuffleOnce(47)

= 4E3 \\ '

S S'2E3 ShuffleAlways(35)
' 0
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S 1E4
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NEXT STEPS

Next class: Parameter Server
Assignment 2 out!
Project Proposal

Groups by Oct 7

2 pager by Oct |7



