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Statistics Review

« Simpley = m-x + b regression
» Least Squares to find m,b
* With data set {(x;, ¥:)} i=1,.n
* Very special, often hard to measure y;
» Let the error be
* R=XiLi[(vi — (m-x; + b)]?
*  Minimize R with respect to m and b.
 Simultaneously Solve | -
© Rypy(m,b) =0 Lo
* Ry(m,b) =0 / :
» Linear System "
«  We will consider more general y = f(x)
* R, (m,b) =0and R,(m,b) = 0 may not be linear
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Statistics Review

* Regressions with parameterized sets of functions. e.qg.
* y = ax? + bx + ¢ (quadratic)
- y=Ya; x'(polynomial)
« y = Ne"*(exponential)

1 T
* Y= o=y (logistic)




BLUE WATERS B o A R oo

SUSTAINED PETASCALE COMPUTING

Statistics Review

» Polynomial model of degree ‘n’
+ “degrees of freedom” - models capacity

Underfitting Appropriate capacity Overfitting
eo®
> /< > s
o ®
Lo Lo Lo

Deep Learning, Goodfellow et. al., MIT Press, http://www.deeplearningbook.org, 2016



http://www.deeplearningbook.org/
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Gradient Decent

Fictitious Loss Surface With Gradient Field

« Searching for minimum
* VR =(Rg,,Rg,, .., Rg,)

* R(6¢41) = R(6; +YVR)
* vy: Learning Rate

« Recall, Loss depends on data
Expand notation,

¢ R(et; {(xi'yi)} n)
« Recall R and VR is a sum over i

* Intuitively, want R with
ALL DATA ..... ? R= I — fo, )]
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PETASCALE PUTATION

Fictitious Loss Surface With Gradient Field
Gradient Decent
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Stochastic Gradient Decent

*  Recall Risasumoveri (R = Y [(y; — fo,(x:)]%)
« Single training example, (x;,y;), Sum over only one training example

* VRuyy = (RQO’RGZ’ ."'Ren)(xi'yi)

* " Ry (Be41) = Rogyn (Bc + Y7 Rz y0)
* y: Learning Rate
« Choose next (x;;+1,Vi+1), (Shuffled training set)

«  SGD with mini batches
« Many training example, (x;, y;), Sum over many training example
- Batch Size or Mini Batch Size (This gets ambiguous with distributed training)
«  SGD often outperforms traditional GD, want small batches.
*  https://arxiv.org/abs/1609.04836, On Large-Batch Training ... Sharp Minima
*  https://arxiv.org/abs/1711.04325, Extremely Large ... in 15 Minutes



https://arxiv.org/abs/1609.04836
https://arxiv.org/abs/1711.04325
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Nevural Networks

 Activation functions
Logistic RelLU (Rectified Linear Unit)

o(x)= o(x) =

Arctan

o(x) =

¢ Softmax

Xk
* gk( )= =
gk X1y X2y X ) = Zexi
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Nevural Networks

« Parameterized function
o Zy = o(agm + a,X)
* Tx = Box + b2
© fk(X) = gx(T)
* Linear Transformations with

pointwise evaluation of
nonlinear function, o

‘ ,BOi; :81" Tom» Am
» Weights to be optimized
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Faux Model Example

0,
Convad, 3x3
[ Max Pool, 5x5 Concat H Convad, 5x5
— Convad, 3x3 6
Qg 3
_)
0,

Trainable Weights

é
{@i Lie o, 1,2,3,4]}
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Distributed Training, data distributed
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Distributed Training, data distributed
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Distributed Training, All Reduce Collective

|_Example | [ Example |
e Node (Worker 0) Node (Worker 1) Example |
|_Example | Example |
|_Example | [ Example |
Example | [ CPU } [ GPU ] ‘ CPU J L GPU ’ e
|_Example | |__Example |
|_Example | ___Example |
|__Example | |__Example |
—Examne |_Example

_Example
VRre) (VRno VRn,1

All Reduce
p)

VR7o] \VRN2 VRn3

e Node (Worker 2) Node (Worker 3)

(e (] [ o
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Distributed TensorFlow: Parameter Sever/Worker
Default, Bad Way on HPC

- -

worker:0

\

Aggregate worker:1
Model
Upaaie [ ‘ " worker:2
: Model
g Loss “ k ' )

/ \ k (Cross Entropy) ] ) l [ |V|OC|€|

; ' Loss F
- - L (Cross Entropy)
- Optimize (Gradient l
Decent
Aggregate & ) ) 1 Loss
~ Optimize (Gradient (Cross Entropy) .b
&\ Decent)
Update
farametery Optimize (Gradient

/ Decent)
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Other models: Sequence Modeling

Autoregression
p _ 2001 i
Xt:C-I_ Z¢LBlXt+Et 100 ”l i
i=1 |
0 (A ,"
. r\\ Jn‘l"r, \'i A W
Back Shift Operatior: B* -1001 || " | \“HH\ !
Autocorrelation | (A
—_ -300 1 , ‘
Ryx(t1,t2) = E[X¢ Xy, ] oo ‘
Other tasks T 4 & & =

Semantic Labeling

[art.] [adj.] [ad].] [n.] [v.] [adverb] [art.] [adj.] [ad].] [d.o.]
The quick red fox jumps over the lazy brown dog
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Recurrent Neural Networks: Sequence
Modeling

*  Few projects use pure RNNs, this
example is only for pedagogy

* RNN is a model that is as “deep” as the
modeled sequence is long

. LSTM’s, Gated recurrent unit,

*  No Model Parallel distributed training
on the market (June 2019)




