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Making Classifiers Better

® Better features, representations (HVV2)
® Better output representations
® discrete, continuous, ordinal, structured
® Train lots of classifiers and combine them
® ensemble methods, bagging
® Train later classifiers to fix up earlier ones

® boosting, stacking
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Ensemble Classifiers

91 fl(xay) =
92 °f2(xa y) = WZ&:

o pen =

If g just
concatenated its input,
this would just be a
linear model

O, 1u(X, y) =y,
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Stacked Classifiers

® Example: dependency parsing

® i.e, predict directed edges using PoS tags
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Stacked Classifiers

® Example: dependency parsing

® i.e, predict directed edges using PoS tags

iasny € den jasny < '
é :Ia.y”) ( b”ght )
preceding
conjunction o ® @ é
O O
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Why Nonlinear Models?

® Theoretical advances in deep learning:
gradient-based optimization of complicated
computational graphs

¢ |In NLP, word embeddings give a

distributed (non-one-hot) representation of
words

® Practical advances in GPU hardware and
other systems issues



Other Nonlinear Models?

® Kernel methods generalize nearest-
neighbor classifiers, project data into higher
dimensions

® Decision trees and forests
® Boosting and other ensemble methods

® Not covered in this course



A Stacked Classifier

® Predict features z from input X w/LogReg

Pr(z, =1]2;0 %)) = (01" . &) = (1 + exp(—0" 7% . z)) !

® Predict output Yy from features z w/LogReg

exp(8, - 2+ b))

Pr(y = j | z; @F7Y) b) = -
ey (05" 2+ byi)




A Stacked Classifier

® Predict features z from input X w/LogReg

Pr(zp = 1| 2;077) = ¢(0"7% . ) = (1 + exp(—0,""" - &))"

® Predict output Yy from features z w/LogReg

Pr(y = j | ;0% b) =

p(y | z; 0 b) =SoftMax(@*~¥) 2 4 b)



Stacking w/Hidden Z

® Use input text X to predict probability of z
z =c(@F 7))

® Use continuous Z to predict output y

ply | x; @(Zﬁy), b) = SoftMax(@<Z_>y) z + b)



One Linear Model
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Many Linear Models
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Transposed Parameter Matrix

1 > 3 5 V
gl(x—%) 0.0001  -0.00063  0.047 0.000004
HI({’C*Z) 0.0026 -0.004 0.078 -0.0000293
<
a aardvark able . zyxt

E*—2)



Transposed Parameter Matrix
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A Feedforward Neural Network!

z =g (@) g)

p(y | x; ®@F7Y) b) =SoftMax(® ¥ z + b)

A universal function approximator given arbitrarily wide z,
but deeper might be easier to learn than wider.



What Classifiers Functions to Stack!?
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What Classifiers Functions to Stack!?
H@ a:—>z)

ply | ;07 b) = SoftMax(@(z_W)z + b)

values derivatives
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What Classifiers Functions to Stack!?
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What Classifiers Functions to Stack!?
z

p(y | z; ©F7Y) b) =SoftMax(©@ ¥ z + b)

z2=to f(OF X)L (1-t)ox
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|l oss Functions

N
Conditional log-likelihood -£=-3 logpy"”|2";6)

Cross entropy loss

Remember: Entropy

1=1

J; 2Pr(y = j | 'V; 0)

N
— L = — Z €, (i) - logy
1=1



|l oss Functions

N
Conditional log-likelihood -£=-3 logpy"”|2";6)

1=1

J; 2Pr(y = j | 'V; 0)

N
Cross entropy loss —L=—) e, -logy
1=1
Remember: Entropy Zp ) gp(X = ;)

Regularization/weight decay =Y +r 10"} +...10)1;



Learning the Parameters

z  f(©F=2) ()

(Forward)
Computatic)n Yy <+ SoftMax (@(Z_w)z + b)
steps () — e logd,
b+b—nHvyed
Gradient 9/(;2_)@ %9;&2_}?» B n(t)vel(j_)’w ()
updates 91(:;—>z) %9](;13—%2) B n(t)vgl(f_”’) ()



Gradient Updates
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Gradient Updates

/ARG TAQRNNGE
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logistic (sigmoid)
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features at 0
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Gradient Updates
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Backpropagation

Algorithm 6 General backpropagation algorithm. In the computation graph G, every
node contains a function f; and a set of parent nodes 7r;; the inputs to the graph are =%,

procedure BACKPROP(G = {f;, m} 1}, x (1))
(4)

Vg(n) zy) for all n and associated computation nodes t(n).

1:

2

3 for t € TOPOLOGICALSORT(G) do > Forward pass: compute value at each node
4: if |m¢| > 0 then

5: Ut <= ft(Vrp 1 Umpgs - ,vﬁt’Nt)

6 Jobjective = 1 > Backward pass: compute gradients at each node
7 for t € REVERSE(TOPOLOGICALSORT(G)) do

8

gt Zt’:tert, gy X Vy,vp  >Sum over all ¢’ that are children of ¢, propagating
the gradient gy, scaled by the local gradient V,, vy

9: return {91, g2, ... agT}




Backpropagation

® Automatic differentiation by
® Program transformation, or

® Recording tape of forward computations, then
reversing and differentiating

® Static vs. dynamic computation graphs
® E.g., graphs for different length inputs
® Applied both in NN, HMMs, dynamic programs

® Contrast w/forward-mode expectation semiring



