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Learning Inference

Representation

@ Representation: language models, word embeddings, topic models

@ Learning: supervised learning, unsupervised learning, semi-supervised
learning, sequence models, deep learning, optimization techniques

@ Inference: constraint modeling, joint inference, search algorithms

NLP applications: tasks introduced in Lecture 1
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Overview

@ Evaluation of Classification
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Evaluation

@ Accuracy:

A(f) = P(F(X) = Y)
= ZxEV,yGy P(X =x,Y = y) ’ { é gthfe(r)\(l\?isze Y
=D xevyey PX=xY = y)I(f(x) = y)

where P is the true distribution over data
e Erroris 1 — A(f)

@ This is estimated using a test dataset (X1, 1), ..., (Xm, ¥m):
1 m
A = S I(F() = 7)
i=1

Yanggqiu Song (HKUST) Learning for Text Analytics Spring 2018 5/17



Issues with Test-Set Accuracy

o Class imbalance: if P(L = not spam) = 0.99, then you can get

~

A =~ 0.99 by always guessing “not spam”
@ Relative importance of classes or cost of error types

@ Variance due to the test data
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Evaluation in the Two-Class Case

relevant elements

BRI e negates @ Precision

e ° ° o o Fraction of predicted positive documents that
are indeed positive, i.e., P(human label =1 |
prediction = 1)

@ Recall

o Fraction of positive documents that are

predicted to be positive, i.e., P(prediction = 1
| human label = 1)

selected elements

@ F-1 Score:

How

y selected How many relevant
items. ? tems are

nany
are relevant selected?

precesion - recall

=2 -
Recall = —— precesion + recall

Precision =
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Evaluation in the Multi-Class Case

@ Accuracy
e F1
o Let TP, FP;, FN; denote the true-positives, false-positives, and
false-negatives for the t-th label in label set £ respectively

. 2PR 2o TP
o Micro-averaged F; = 5% where P = <=*<£—— and
P+R >Sicr TP+FP:
R — Eteﬁ TP,
Sicr TP+FN;
1 2P, R, TP,
e Macro-averaged F; = > where P; = =115 and
88d 1 = 177 2utel PtR, t = TP FP,
R, = 1P
t = TP, rFN,

Actual/ Class 1 2 3 4 5 6 7 8 9 10 Total  Recall

Predicted S - ” g - ° °
Class 1 9.06 0.07 0.05 0.01 0n.03 0.06 0.59 0oL 0.14 10 90.60
Class 2 8.20 0.52 0.04 0.30 0.53 0.42 10 82,00
Class 3 0.03 9.52 0,03 0.01 0.02 0.01 0.15 0.02 0.22 10 95.20
Class 4 0.01 0.01 0.01 9.01 0.13 0.12 0.52 0.10 0.05 0.06 10 90.10
Class 5 0.48 0.01 0.05 2.67 1.87 1.400 2.63 0.90 10 26.70
Class 6 011 0.86 7.75 0.56 0.10 0.62 10 77.50
Class T 0.02 0.18 0.32 147 1.50 3.66 0.11 2,08 0.67 10 36.60
Class 8 0.20 0.05 0.01 0.02 9.70 0.03 10 97.00
Class 9 0.39 0.01 1.21 0.11 0.42 6.84 1.02 10 68.40
Class 10 0.24 0.13 .01 0.95 1.01 0.43 0.01 1.85 5.37 10 53.70
Total 9.32 9.61 9.80 0,48 7.83 12,45 T.38 10.66 14.11 09.45 100

Precision a7.21 85.33 97.14 95.04 34.10 62.25 49.59 90.99 4848 56.83
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Model Estimation and Selection

@ k-fold cross-validation
e Partition all training data into k equal size disjoint subsets

o Leave one subset for validation and the other k-1 for training
o Repeat step (2) k times with each of theksubsets used exactly once as

the validation data

Iteration 1 0000 ......"......
[teration 2> SO OSSO DD T 090000000
w 000000000—00000

m_> ooooooooaooooo—
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Statistical Significance

Suppose we have two classifiers f; and £

o Is f; better? The “null hypothesis,” denoted Hp, is that it isn't. But
if A(f1) > A(f2), we are tempted to believe otherwise

o How much larger must A(;) be than A(f) to reject Hy?

e Frequentist view: how (im)probable is the observed difference, given
Ho = true?

o Caution: statistical significance is neither necessary nor sufficient for
research significance or practical usefulness!
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A Hypothesis Test for Text Classifiers

McNemar (1947)

e The null hypothesis: A(f1) = A(f)

@ Pick significance level «, an “acceptably” high probability of
incorrectly rejecting Hp

o Calculate the test statistic, k (explained in the next slide)

@ Calculate the probability of a more extreme value of k, assuming Hp
is true; this is the p-value

@ Reject the null hypothesis if the p-value is less than «

The p-value is P(this observation |Hp is true), not the other way around
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McNemar's Test: Details

@ Assumptions: independent (test) samples and binary measurements.
Count test set error patterns:

@ The test is applied to a 2 x 2 contingency table, which tabulates the
outcomes of two tests on a sample of n subjects

f1 is incorrect f1 is correct ‘
f> is incorrect a b at+b
fp is correct c d n-AR)=c+d
atc n-A(fl):b—i—d‘ n

If A(f1) = A(f2), then b and c are each distributed according to
Binomial(k, b + c, 3) (The probability of getting k successes in b+ c

trials) test statistic k = min(b, c)

k

k
1 1
p—vaIue:2ZBinomial(k;b+c,§) = WZ ( b}LC >
0 j=0
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o Different tests make different assumptions

@ Sometimes we calculate an interval that would be “unsurprising”
under Hp and test whether a test statistic falls in that interval (e.g.,
t-test and Wald test)

@ In many cases, there is no closed form for estimating p-values, so we
use random approximations (e.g., permutation test and paired
bootstrap test)

@ If you do lots of tests, you need to correct for that
@ Read lots more in (Smith (2011)), appendix B
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Metrics for Clustering

@ Purity between two random variables CAT (category label) and CLS
(cluster label) is defined as:

1
Purity (CAT; CLS) = - Z max njj,
J

e nis the number of documents
e n;j is the number of documents in category i as well as in cluster j

» Figure 16.1  Purity as an external evaluation criterion for cluster quality. Majority
class and number of members of the majority class for the three clusters are: x, 5 (cluster
1); o, 4 (cluster 2); and ¢, 3 (cluster 3). Purity is {1/17) x (5 +4 +3) ~ 0.71.
Sometimes Hungarian algorithm is used to match category and cluster

1
7 Max Y2, N £(i—j)
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Metrics for Clustering

@ In probability theory and information theory, the mutual information
(MI) of two random variables is a measure of the mutual dependence
between the two variables.

@ More specifically, it quantifies the “amount of information” (in units
such as Shannons, more commonly called bits) obtained about one
random variable, through the other random variable.

o NMI between two random variables CAT (category label) and CLS
(cluster label) is defined as:

NMI(CAT: cLS) = —(CAT: CLS)
| VH(CAT)H(CLS)

where [(CAT; CLS) is the mutual information between CAT and CLS.
The entropies H(CAT) and H(CLS) are used for normalizing the
mutual information to be in the range of [0, 1].
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Metrics for Clustering

@ In practice, we made use of the following formulation to estimate the
NMI score (Strehl and Ghosh (2002)):

k k . n-nj j
ZI:]_ j:1 n’)./ Iog < n,-~nj)

\/(Z, n; log %) <ZJ n;j log %)

NMI =

)

e n is the number of documents
o n; and n; denote the number of documents in category i/ and cluster
e n;j is the number of documents in category i as well as in cluster j

@ The NMI score is 1 if the clustering results perfectly match the
category labels, and the score is 0 if data are randomly partitioned.

@ The higher the NMI score, the better the clustering quality.
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