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State Machine

« S = set of possible
states

« X = set of possible
iINputs

e 55 € S:Initial state

c :SXX =S fallow
transition function

e )V :setof possible

plant

outputs
e g:S5 — ) :output
%nction " s1 = [(so, plant) = poor;
* © (S) =S 1= gls1) = poor
998 =s so = f(s1, fallow) = rich;
* e.g. g(s) = soil- Y2 = g(sz) = rich

Moisture-sensor(s)



Text prediction A,
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lext prediction: supervised learning

 Training data: lots of text
* “what happens to a dream deferred”

e (Classification with 27

W " classes
wh a e How to featurize”
wha t * |dea: use all previous
what _ characters. But so far
what h we've said z(¥ ¢ R?:
what_h a l.e. fixed dimension
what_ha P * |dea: just use last
what_hap P character. But lose info
what_happ e

e |dea: use last m
characters



lext prediction: supervised learning

 Training data: lots of text
* “what happens to a dream deferred”

e (Classification with 27

W " classes
wh a e How to featurize”
wha t * |dea: use all previous
what _ characters. But so far
what h we've said z(¥ ¢ R?:
what_h a l.e. fixed dimension
what_ha P * |dea: just use last
what_hap P character. But lose info
what_happ e

e |dea:uselast m=3
characters



A state machine: writing & predicting text

 Recall state machines:  Example:
e Set of possible states S  Every seqguence of 3 chars
e Set of possible inputs x e Every single character
* [nitial state * So="N\NA
e Transition function f(s,x) e E.g. (Mw,h) = Awh
e Set of possible outputs o Qutput: 27 prediction probs
e QOutput functlon ,o a(s) e E.g. p=g(""N) =[0.08, 0.02,
L oreviously “v” | ..., 0.001, 0.01]

o 1) “what happens to a

0 AN dream deferred”
1 W AYANY; (2). «:
e . "It you can keep your

2 h Awh §
. head when all about you

a wha
4 t et 2 “you may write me
5 at_ down in history”



A state machine: writing & predicting text

 Recall state machines:  Example:
e Set of possible states S  Every seqguence of 3 chars
e Set of possible inputs x e Every single character

e |nitial state * S0 S Ty
 Transition function f{(s,x) ¢« E.g. f{| = | ,x) =| =
* Set of possible outputs » Output: v prediction probs

» Outputfunctionp=9(s) « Eg. p=9(| w |)

e Example yvith aIphabet_{O,ﬂ (v=2); state i_'s Tést m :_3 cha[s

ST SS SS SS SS

Wy Wiy Wi Wy3 Wy 1

ST SS SS SS SS

st =1 WoH Ty + | Wol Wy Waoz | Sg—1 T Wo,2




A state machine: writing & predicting text

 Recall state machines:  Example:
» Set of possible states S ¢ Every sequence of 3 chars
» Set of possible p“NXs ¥  * Every single character

e |nitial state * S0 S Ty
- S T Eg el x)=|¢
* Set of LR W 5 » Output: v prediction probs

* E.g.p=9(|  |)




A state machine: writing & predicting text

e Recall state machines:

Set of possible states S
Set of possible inputs x
Initial state

ransition function f( s, x)
Set of possible outputs
Output function p = g(s)

Example:
* Every sequence of 3 chars
* Every single character

[ SO _Cl_ _02_
e Eg.f . X) = s

e QOutput: vpcredict‘lon'probs
* Eg. p=9(| « |)

 Example with alphabet {0,1} (v=2); state is last m = 3 chars




A state machine: writing & predicting text

* Recall state machines: e Example:
* Set of possible states S ¢ Every sequence of 3 chars

« Set of pol racter

* Initial sta] .

e Transitiorn | <o

* Set of po) [ion"probs

* Qutput fu |

« Example "'v’“.-.-—‘- TTTvEZTSTate TS tastn = 3 chars
st = fr (W*%xy + Wsp 1 + WS?®) 1

Pt = g(s¢)

= f2(W?s¢ + W() p'Y = RNN(z®; W, W)




Recurrent Neural Networks

Recall: familiar pattern

1. Choose how to predict label (given teatures &
parameters)

2. Choose a loss (between guess & actual label)
3. Choose parameters by trying to minimize the training loss

In our example application:

1. Use an RNN: p(® = RNN(z®: W, W)
St — fl (Wsa:.flft -+ WSSSt_l -+ WOSS)
Pt = fo(WPst + Wy)

2. Loss: for g sequences, where the fth has length n" _
BeaUBn0e] ...(r". o) — 1) Lo 5".o/”) [SlemE]
J(W, Wo) = 3211 Leeq (P17, 4)
3. Stochastic gradient descent
3




Machine \eamlng (I\/H_) why & what
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. What iIs ML? A set of methods for making decisions
from data. (See the rest of the course!)

 Why study ML? To apply; to understand; to evaluate
* Notes: ML is a tool with pros & cons. ML is built on math



Thank you!



