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1

https://courses.cs.cornell.edu/cs4740/2025sp


Announcements
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Today: How do we evaluate the performance of NLP systems?
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Train parameters of our model on a training set/training corpus.
Test the model’s performance on data we haven’t seen: the test 
set 

No overlap with the training set.
The evaluation metric tells us how well our model performs 
on the test set.

More generally, how do we evaluate ML models?



1. Train the model on the training data
2. Select an appropriate evaluation metric
3. Choose model + hyperparameters to maximize performance 

on held-out/validation data
4. Use selected model+hyperparameters when applying 

model to test set 
5. Report results on the test set

Training Data Held-Out 
Data

Test 
Data

(validation)



Today:  How do we evaluate the performance of NLP systems?

● Text classification
● LMs
● Sequence tagging

POS tagging
NER tagging
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Evaluating text classifiers
Let’s concentrate on binary classifiers:

• Is this email spam? 
spam (+) or   not spam (-)

• Does this post have positive or negative sentiment? 
positive sentiment(+)   or    negative sentiment (-)

We'll need to know
1. What did our classifier say about each email or post?
2. What should our classifier have said, i.e.,  the correct answer, 

usually as defined by humans ("gold label")



First step in evaluation: The confusion matrix
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Accuracy on the confusion matrix
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Why don't we use accuracy?
Accuracy doesn't work well when we're dealing with uncommon or 
imbalanced classes

Suppose we look at 1,000,000 emails for spam
• 100 of them are spam
• 999,900 are not spam

Imagine the following simple classifier

Every post is not spam



Accuracy re: spam
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Why don't we use accuracy?
Accuracy of our ”all posts are negative" classifier

999,900 true negatives  and 100 false negatives

Accuracy is 999,900/1,000,000 = 99.99%!

But useless at finding spam!!

Which was our goal!

Accuracy doesn't work well for unbalanced classes 

Most emails are not spam!



Instead of accuracy we use precision and recall
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Precision: % of selected items (i.e. identified as positive class) that are correct
Recall: % of targeted items (i.e. gold positives)  that that are correct



Precision/Recall aren't fooled by the "just call 
everything spam" classifier!

Stupid classifier
• Accuracy = 999,900/1,000,000 = 99.99%

But the Recall and Precision for this classifier are terrible:
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while the other 999,900 are tweets about something completely unrelated. Imagine a
simple classifier that stupidly classified every tweet as “not about pie”. This classifier
would have 999,900 true negatives and only 100 false negatives for an accuracy of
999,900/1,000,000 or 99.99%! What an amazing accuracy level! Surely we should
be happy with this classifier? But of course this fabulous ‘no pie’ classifier would
be completely useless, since it wouldn’t find a single one of the customer comments
we are looking for. In other words, accuracy is not a good metric when the goal is
to discover something that is rare, or at least not completely balanced in frequency,
which is a very common situation in the world.

That’s why instead of accuracy we generally turn to two other metrics shown in
Fig. 4.4: precision and recall. Precision measures the percentage of the items thatprecision

the system detected (i.e., the system labeled as positive) that are in fact positive (i.e.,
are positive according to the human gold labels). Precision is defined as

Precision =
true positives

true positives + false positives

Recall measures the percentage of items actually present in the input that wererecall
correctly identified by the system. Recall is defined as

Recall = true positives
true positives + false negatives

Precision and recall will help solve the problem with the useless “nothing is
pie” classifier. This classifier, despite having a fabulous accuracy of 99.99%, has
a terrible recall of 0 (since there are no true positives, and 100 false negatives, the
recall is 0/100). You should convince yourself that the precision at finding relevant
tweets is equally problematic. Thus precision and recall, unlike accuracy, emphasize
true positives: finding the things that we are supposed to be looking for.

There are many ways to define a single metric that incorporates aspects of both
precision and recall. The simplest of these combinations is the F-measure (vanF-measure
Rijsbergen, 1975) , defined as:

Fb =
(b 2 +1)PR

b 2P+R

The b parameter differentially weights the importance of recall and precision,
based perhaps on the needs of an application. Values of b > 1 favor recall, while
values of b < 1 favor precision. When b = 1, precision and recall are equally bal-
anced; this is the most frequently used metric, and is called Fb=1 or just F1:F1

F1 =
2PR

P+R
(4.16)

F-measure comes from a weighted harmonic mean of precision and recall. The
harmonic mean of a set of numbers is the reciprocal of the arithmetic mean of recip-
rocals:
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A combined measure: F-measure

F-measure usually refers to F1 --- a  combination (the 
harmonic mean) of precision and recall.
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Today:  Evaluating NLP systems

● Text classification
● LMs
● Sequence tagging

POS tagging
NER tagging
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Train parameters of our model on a training set/training corpus.

Select an evaluation metric

Choose model + hyperparameters to maximize the 
probability of held-out/validation data

Test the model’s performance on data we haven’t seen: 
the test set 

unigram, bigram, trigram counts …

How do we evaluate a language model?



How do we determine when a language model is 
performing well?

Does our model assign higher probability to “real” / 
grammatical sentences? 



Best option: Extrinsic evaluation of model

• Embed LM in an application / task
• Machine translation, Autocomplete, Speech recognition

• Measure the performance on the application/task 
with and without the LM using an evaluation 
metric designed for that task

• Compare performance of model A and B



Best option: Extrinsic evaluation of LM

• Embed LM in an application / task
• Machine translation, Autocomplete, Speech recognition

• Measure LM performance on the application/task 
with and without the LM using an evaluation 
metric designed for that task
• How many words translated correctly?
• How many future words are predicted correctly?
• How many words are transcribed correctly?
• …

• Compare performance of model A and B



Difficulty of extrinsic evaluation

• Time consuming
• Can take days or weeks to obtain “gold standard” / 

labelled / annotated test data

Alternative for LM evaluation: intrinsic evaluation
• Measure quality of the LM model independent of 

any application
• Standard measure: perplexity

• Intuition: the better model is the one that has a tighter 
fit to the test data....one that predicts the test data



● Perplexed == confused

● We’ll look first at the measure
○ Lower is better

● Then on how to correctly apply it 



Intuition behind Perplexity

Shannon game
• Similar to the predict next word task
I always order burgers with ____
The cat sat on the ____
NLP is ____

• Unigrams are quite bad at fitting
the test data
○ Why?

fries 0.1
ketchup 0.1
onions 0.1
lettuce 0.1
tomato 0.1
cheese 0.1
…
cheetos 0.0001
...
the 1e-1000



Perplexity (PP)

For a test set W = w1 w2 … wN

PP (W)  = P (w1 w2 … wN) -1/N

The higher the (estimated) probability of the word sequence, 
the lower the perplexity. 

Must be computed with models that have no knowledge of 
the test set, i.e. were not trained on (any part of) the test 
corpus. 



From earlier 
lectures…



Perplexity as weighted branching factor

● Branching factor - the number of possible next 
words that can follow any word

● Consider random sequence of digits (0, …, 9)
○ Possible branches….?



Perplexity as weighted branching factor

● Branching factor - the number of possible next 
words that can follow any word

● Consider random sequence of digits (0, …, 9)
○ Possible branches….?



Lower perplexity = better model

Training: 38 million words, WSJ
Test set: 1.5 million words, a different portion of WSJ

Unigram Bigram Trigram

Perplexity 962 170 109



Today:  Evaluating NLP systems

● Text classification
● LMs
● Sequence tagging

POS tagging
NER tagging
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Part-of-Speech Tagging 8.2 • PART-OF-SPEECH TAGGING 5

will

NOUN AUX VERB DET NOUN

Janet back the bill

Part of Speech Tagger

x1 x2 x3 x4 x5

y1 y2 y3 y4 y5

Figure 8.3 The task of part-of-speech tagging: mapping from input words x1,x2, ...,xn to
output POS tags y1,y2, ...,yn .

thought that your flight was earlier). The goal of POS-tagging is to resolve theseambiguity
resolution

ambiguities, choosing the proper tag for the context.
The accuracy of part-of-speech tagging algorithms (the percentage of test setaccuracy

tags that match human gold labels) is extremely high. One study found accuracies
over 97% across 15 languages from the Universal Dependency (UD) treebank (Wu
and Dredze, 2019). Accuracies on various English treebanks are also 97% (no matter
the algorithm; HMMs, CRFs, BERT perform similarly). This 97% number is also
about the human performance on this task, at least for English (Manning, 2011).

Types: WSJ Brown
Unambiguous (1 tag) 44,432 (86%) 45,799 (85%)
Ambiguous (2+ tags) 7,025 (14%) 8,050 (15%)

Tokens:
Unambiguous (1 tag) 577,421 (45%) 384,349 (33%)
Ambiguous (2+ tags) 711,780 (55%) 786,646 (67%)

Figure 8.4 Tag ambiguity in the Brown and WSJ corpora (Treebank-3 45-tag tagset).

We’ll introduce algorithms for the task in the next few sections, but first let’s
explore the task. Exactly how hard is it? Fig. 8.4 shows that most word types
(85-86%) are unambiguous (Janet is always NNP, hesitantly is always RB). But the
ambiguous words, though accounting for only 14-15% of the vocabulary, are very
common, and 55-67% of word tokens in running text are ambiguous. Particularly
ambiguous common words include that, back, down, put and set; here are some
examples of the 6 different parts of speech for the word back:

earnings growth took a back/JJ seat
a small building in the back/NN
a clear majority of senators back/VBP the bill
Dave began to back/VB toward the door
enable the country to buy back/RP debt
I was twenty-one back/RB then

Nonetheless, many words are easy to disambiguate, because their different tags
aren’t equally likely. For example, a can be a determiner or the letter a, but the
determiner sense is much more likely.

This idea suggests a useful baseline: given an ambiguous word, choose the tag
which is most frequent in the training corpus. This is a key concept:

Most Frequent Class Baseline: Always compare a classifier against a baseline at
least as good as the most frequent class baseline (assigning each token to the class
it occurred in most often in the training set).

Map from sequence x1,…,xn of words to y1,…,yn of POS tags 



Sample "Tagged" English sentences

Preliminary/ADJ findings/NOUN were/AUX
reported/VERB in/ADP today/NOUN ’s/PART
New/PROPN England/PROPN Journal/PROPN
of/ADP Medicine/PROPN

Which evaluation metric should we use?

accuracy



NER
[PER Jane Villanueva] of [ORG United] , a unit of [ORG United Airlines Holding] , 
said the fare applies to the [LOC Chicago ] route. 

8.3 • NAMED ENTITIES AND NAMED ENTITY TAGGING 7

spans of text, and is difficult partly because of the ambiguity of segmentation; we
need to decide what’s an entity and what isn’t, and where the boundaries are. Indeed,
most words in a text will not be named entities. Another difficulty is caused by type
ambiguity. The mention JFK can refer to a person, the airport in New York, or any
number of schools, bridges, and streets around the United States. Some examples of
this kind of cross-type confusion are given in Figure 8.6.

[PER Washington] was born into slavery on the farm of James Burroughs.
[ORG Washington] went up 2 games to 1 in the four-game series.
Blair arrived in [LOC Washington] for what may well be his last state visit.
In June, [GPE Washington] passed a primary seatbelt law.

Figure 8.6 Examples of type ambiguities in the use of the name Washington.

The standard approach to sequence labeling for a span-recognition problem like
NER is BIO tagging (Ramshaw and Marcus, 1995). This is a method that allows us
to treat NER like a word-by-word sequence labeling task, via tags that capture both
the boundary and the named entity type. Consider the following sentence:

[PER Jane Villanueva ] of [ORG United] , a unit of [ORG United Airlines
Holding] , said the fare applies to the [LOC Chicago ] route.

Figure 8.7 shows the same excerpt represented with BIO tagging, as well asBIO
variants called IO tagging and BIOES tagging. In BIO tagging we label any token
that begins a span of interest with the label B, tokens that occur inside a span are
tagged with an I, and any tokens outside of any span of interest are labeled O. While
there is only one O tag, we’ll have distinct B and I tags for each named entity class.
The number of tags is thus 2n+1 tags, where n is the number of entity types. BIO
tagging can represent exactly the same information as the bracketed notation, but has
the advantage that we can represent the task in the same simple sequence modeling
way as part-of-speech tagging: assigning a single label yi to each input word xi:

Words IO Label BIO Label BIOES Label
Jane I-PER B-PER B-PER
Villanueva I-PER I-PER E-PER
of O O O
United I-ORG B-ORG B-ORG
Airlines I-ORG I-ORG I-ORG
Holding I-ORG I-ORG E-ORG
discussed O O O
the O O O
Chicago I-LOC B-LOC S-LOC
route O O O
. O O O
Figure 8.7 NER as a sequence model, showing IO, BIO, and BIOES taggings.

We’ve also shown two variant tagging schemes: IO tagging, which loses some
information by eliminating the B tag, and BIOES tagging, which adds an end tag
E for the end of a span, and a span tag S for a span consisting of only one word.
A sequence labeler (HMM, CRF, RNN, Transformer, etc.) is trained to label each
token in a text with tags that indicate the presence (or absence) of particular kinds
of named entities.
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We’ve also shown two variant tagging schemes: IO tagging, which loses some
information by eliminating the B tag, and BIOES tagging, which adds an end tag
E for the end of a span, and a span tag S for a span consisting of only one word.
A sequence labeler (HMM, CRF, RNN, Transformer, etc.) is trained to label each
token in a text with tags that indicate the presence (or absence) of particular kinds
of named entities.

Accomplished via 
BIO tagging

Which evaluation 
metric should we 
use? 



NER

• Not accuracy!!!  Why not?
• Segmentation component of the task causes problems

• Entity is the correct unit to measure
• Use R/P/F

recall = # correctly identified NEs /  total # of NEs that should have been identified

precision = # correctly identified NEs /   # of NEs that were identified

(“correct” according to exact match or partial match or proportional match)

Note:  There remains a mismatch between the training conditions (token-
level) and the testing conditions (entity-level)

[PER Jane Villanueva] of [ORG United] , a unit of [ORG United Airlines 
Holding] , said the fare applies to the [LOC Chicago ] route. 


