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A General Framework for 
NLP Systems

• Formally, create a function to map an input X (language) 
into an output Y. Examples: 
 
 
 
 
 

• To create such a system, we can use 
• Manual creation of rules 
• Machine learning from paired data <X, Y>

Input X Output Y Task
Text Text in Other Language Translation
Text Response Dialog
Text Label Text Classification
Text Linguistic Structure Language Analysis



Reminder: Machine 
Learning

Xtrain Ytrain

Xdev Ydev

Xtest Ytest

Learning Algorithm

s = w · h

<latexit sha1_base64="B/UTcLB01g44/gUmvCz70ZA1c1o=">AAACCHicbVDLSsNAFJ34rPUVdenCwSK4KolUdCMU3bisYB/QhjKZTNqhk5kwM1FKyNKNv+LGhSJu/QR3/o2TNoi2HrhwOOde7r3HjxlV2nG+rIXFpeWV1dJaeX1jc2vb3tltKZFITJpYMCE7PlKEUU6ammpGOrEkKPIZafujq9xv3xGpqOC3ehwTL0IDTkOKkTZS3z5Q8AL2IqSHfpjeZ7CHA6F/hGHWtytO1ZkAzhO3IBVQoNG3P3uBwElEuMYMKdV1nVh7KZKaYkayci9RJEZ4hAakayhHEVFeOnkkg0dGCWAopCmu4UT9PZGiSKlx5JvO/EI16+Xif1430eG5l1IeJ5pwPF0UJgxqAfNUYEAlwZqNDUFYUnMrxEMkEdYmu7IJwZ19eZ60TqpurXp6U6vUL4s4SmAfHIJj4IIzUAfXoAGaAIMH8ARewKv1aD1bb9b7tHXBKmb2wB9YH99I65mK</latexit>

h = f(x)

<latexit sha1_base64="nD346iGxn9qaLs4k0LntiEq2/NI=">AAACA3icbVDLSsNAFL3xWesr6k43g0Wom5JIRTdC0Y3LCvYBbSiT6aQdOnkwMxFLCLjxV9y4UMStP+HOv3HSRtDWAwNnzrmXe+9xI86ksqwvY2FxaXlltbBWXN/Y3No2d3abMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOrjK/dUeFZGFwq8YRdXw8CJjHCFZa6pn7XR+roeslwxRdIK/8871Pj3tmyapYE6B5YuekBDnqPfOz2w9J7NNAEY6l7NhWpJwEC8UIp2mxG0saYTLCA9rRNMA+lU4yuSFFR1rpIy8U+gUKTdTfHQn2pRz7rq7MVpSzXib+53Vi5Z07CQuiWNGATAd5MUcqRFkgqM8EJYqPNcFEML0rIkMsMFE6tqIOwZ49eZ40Typ2tXJ6Uy3VLvM4CnAAh1AGG86gBtdQhwYQeIAneIFX49F4Nt6M92npgpH37MEfGB/fWP6XVw==</latexit>

Learned 
Feature Extractor f 
Scoring Function w

Inference Algorithm



Text Classification
• Classify sentences according to various traits 

• Topic, sentiment, subjectivity/objectivity, etc.

I   hate   this  movie
positive 
neutral 

negative



Example: Movie Review
• Predict sentiment from IMDB movie review: 

{positive, neural, negative}

positive

negative

Code: https://colab.research.google.com/github/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-%20Simple%20Sentiment%20Analysis.ipynb 
Dataset: http://ai.stanford.edu/~amaas/data/sentiment/

https://colab.research.google.com/github/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-%20Simple%20Sentiment%20Analysis.ipynb
http://ai.stanford.edu/~amaas/data/sentiment/


• Predict Amazon customer rating: {1, 2, 3, 4, 5}

Example: Customer Rating

Dataset: https://s3.amazonaws.com/amazon-reviews-pds/readme.html

https://s3.amazonaws.com/amazon-reviews-pds/readme.html


Generative and 
Discriminative Models



Generative vs. 
Discriminative Models

• Generative model: a model that calculates the 
probability of the input data itself 
 
 

• Discriminative model: a model that calculates the 
probability of a latent trait given the data

P(X)
stand-alone

P(X, Y)
joint

P(Y | X)
conditional



Application to Text 
Classification

• Generative text classification: Learn a model of 
the joint P(X, y), and find

• Discriminative text classification: Learn a model 
of the conditional P(y | X), and find



Generative Text 
Classification



Language Modeling: Calculating 
the Probability of a Sentence

P (X) =
IY

i=1

P (xi | x1, . . . , xi�1)

Next Word Context

P (xi | x1, . . . , xi�1)
The big problem: How do we predict

?!?!



The Simplest Language Model: 
Count-based Unigram Models

• We'll cover more complicated models next class, 
so let's choose the simplest one for now! 

• Independence assumption: 

• Count-based maximum-likelihood estimation: 

P (xi|x1, . . . , xi�1) ⇡ P (xi)

<latexit sha1_base64="euJyl9NxtFvcXs8q5kq8afGoAAI=">AAACFXicbVDNS8MwHE3n15xfVY9egkPYYI5WJnocevE4wX3AOkqapVtY2pQklY26f8KL/4oXD4p4Fbz535h1Pejmg8DLe+9H8ntexKhUlvVt5FZW19Y38puFre2d3T1z/6AleSwwaWLOuOh4SBJGQ9JUVDHSiQRBgcdI2xtdz/z2PRGS8vBOTSLSC9AgpD7FSGnJNSuN0til8AGOXbsCHdbnSlb0JaGn9rQMHRRFgo9hmiq7ZtGqWingMrEzUgQZGq755fQ5jgMSKsyQlF3bilQvQUJRzMi04MSSRAiP0IB0NQ1RQGQvSbeawhOt9KHPhT6hgqn6eyJBgZSTwNPJAKmhXPRm4n9eN1b+ZS+hYRQrEuL5Q37MoOJwVhHsU0GwYhNNEBZU/xXiIRIIK11kQZdgL668TFpnVbtWPb+tFetXWR15cASOQQnY4ALUwQ1ogCbA4BE8g1fwZjwZL8a78TGP5oxs5hD8gfH5A/cRnNc=</latexit>

PMLE(xi) =
ctrain(xi)P
x̃ ctrain(x̃)

<latexit sha1_base64="/11Qjf01604wXAmlZGP7Vu1jGqU="></latexit>



Handling Unknown Words
• If a word doesn't exist in training data 

becomes zero!
P (xi) =

ctrain(xi)P
x̃ ctrain(x̃)

<latexit sha1_base64="woRP86CnPBJpXJkOgB30CjIEg7w="></latexit>

• Need a distribution that assigns some probability to all 
words! 
• Character/subword-based model: Calculate the 

probability of a word based on its spelling. 
• Uniform distribution: Approximate by assuming fixed 

size vocabulary and defining: 

• Interpolate: Combine two probabilities w/ coefficient λunk:

Punk(xi) = 1/Nvocab

<latexit sha1_base64="LFkdPnUDrM7JBFxCAYgOX35INRg=">AAACEXicbVDLSgNBEJyNrxhfUY9eBoMQL3FXInoRgl48SQTzgCQss5NJMmR2dpnpDQnL/oIXf8WLB0W8evPm3zh5CJpY0FBUddPd5YWCa7DtLyu1tLyyupZez2xsbm3vZHf3qjqIFGUVGohA1T2imeCSVYCDYPVQMeJ7gtW8/vXYrw2Y0jyQ9zAKWcsnXck7nBIwkpvNl924CWwIcST7SZIfuvwYX2Ln5PZHHwSUeEniZnN2wZ4ALxJnRnJohrKb/Wy2Axr5TAIVROuGY4fQiokCTgVLMs1Is5DQPumyhqGS+Ey34slHCT4ySht3AmVKAp6ovydi4ms98j3T6RPo6XlvLP7nNSLoXLRiLsMImKTTRZ1IYAjwOB7c5opRECNDCFXc3IppjyhCwYSYMSE48y8vkuppwSkWzu6KudLVLI40OkCHKI8cdI5K6AaVUQVR9ICe0At6tR6tZ+vNep+2pqzZzD76A+vjG6BPnYg=</latexit>

P (xi) = (1� �unk) ⇤ PMLE(xi) + �unk ⇤ Punk(xi)

<latexit sha1_base64="eop8PFR/vWEJiFCzxkrvdew+jw8="></latexit>



Parameterizing in Log Space
• Multiplication of probabilities can be re-expressed 

as addition of log probabilities

• Why?: numerical stability, other conveniences 

• We will define these parameters θxi

P (X) =

|X|Y

i=1

P (xi)

<latexit sha1_base64="Ro/RCPM+ys22eWGOZkY5FpUXn1E=">AAACCHicbVDLSsNAFJ34rPUVdenCwSK0m5JIRTeFohuXEWwbaGOYTCbt0MmDmYlY0i7d+CtuXCji1k9w5984bbPQ1gMXDufcy733eAmjQhrGt7a0vLK6tl7YKG5ube/s6nv7LRGnHJMmjlnMbQ8JwmhEmpJKRuyEExR6jLS9wdXEb98TLmgc3cphQpwQ9SIaUIykklz9yCrbFViH3YTHvpvRujm+y0b2aAyt8oNLK65eMqrGFHCRmDkpgRyWq391/RinIYkkZkiIjmkk0skQlxQzMi52U0EShAeoRzqKRigkwsmmj4zhiVJ8GMRcVSThVP09kaFQiGHoqc4Qyb6Y9ybif14nlcGFk9EoSSWJ8GxRkDIoYzhJBfqUEyzZUBGEOVW3QtxHHGGpsiuqEMz5lxdJ67Rq1qpnN7VS4zKPowAOwTEoAxOcgwa4BhZoAgwewTN4BW/ak/aivWsfs9YlLZ85AH+gff4ASzOYRQ==</latexit>

logP (X) =

|X|X

i=1

logP (xi)

<latexit sha1_base64="biCsG+T/AkMquac1uzZTo0xs48s=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0VoNyWRim4KRTcuK9g20MQwmU7aoZMHMxOxpPkFN/6KGxeKuHXnzr9x2mahrQcuHM65l3vv8WJGhTSMb62wsrq2vlHcLG1t7+zu6fsHHRElHJM2jljELQ8JwmhI2pJKRqyYExR4jHS90dXU794TLmgU3spxTJwADULqU4ykkly9YrNoAFsVqwob0BZJ4Ka0YWZ36cSaZDA3H1xadfWyUTNmgMvEzEkZ5Gi5+pfdj3ASkFBihoTomUYsnRRxSTEjWclOBIkRHqEB6SkaooAIJ519lMETpfShH3FVoYQz9fdEigIhxoGnOgMkh2LRm4r/eb1E+hdOSsM4kSTE80V+wqCM4DQe2KecYMnGiiDMqboV4iHiCEsVYkmFYC6+vEw6pzWzXju7qZebl3kcRXAEjkEFmOAcNME1aIE2wOARPINX8KY9aS/au/Yxby1o+cwh+APt8we/KZu7</latexit>

✓xi := logP (xi)

<latexit sha1_base64="Uvfl3wIvMmXOg4sTPFCNmCa8evw=">AAACBHicbVDLSsNAFJ34rPUVddnNYBHqpiRSUQSh6MZlBfuAJoTJdNIOnTyYuRFL6MKNv+LGhSJu/Qh3/o3TNgttPXDhzDn3MvcePxFcgWV9G0vLK6tr64WN4ubW9s6uubffUnEqKWvSWMSy4xPFBI9YEzgI1kkkI6EvWNsfXk/89j2TisfRHYwS5oakH/GAUwJa8sySAwMGxMsePD7GF5fYEXEfNyr6eeyZZatqTYEXiZ2TMsrR8MwvpxfTNGQRUEGU6tpWAm5GJHAq2LjopIolhA5Jn3U1jUjIlJtNjxjjI630cBBLXRHgqfp7IiOhUqPQ150hgYGa9ybif143heDczXiUpMAiOvsoSAWGGE8SwT0uGQUx0oRQyfWumA6IJBR0bkUdgj1/8iJpnVTtWvX0tlauX+VxFFAJHaIKstEZqqMb1EBNRNEjekav6M14Ml6Md+Nj1rpk5DMH6A+Mzx8lmpcg</latexit>



Generative Text Classifier
• Joint probability can be based on the following decomposition 

• Generative model: Pick a class, then generate a input X 
using a conditional language model for that class

P (X, y) = P (X|y)P (y)

<latexit sha1_base64="KhtmSfIE5f7E3dw4Q+/dMkWpYoU=">AAAB/HicbZDLSsNAFIZPvNZ6i3bpZrAILUhJpKIboejGZQR7gTaUyXTSDp1cmJkIIdZXceNCEbc+iDvfxmmbhbb+MPDxn3M4Z34v5kwqy/o2VlbX1jc2C1vF7Z3dvX3z4LAlo0QQ2iQRj0THw5JyFtKmYorTTiwoDjxO2974ZlpvP1AhWRTeqzSmboCHIfMZwUpbfbPkVDqnaRVdIQ2PadWppNW+WbZq1kxoGewcypDL6ZtfvUFEkoCGinAsZde2YuVmWChGOJ0Ue4mkMSZjPKRdjSEOqHSz2fETdKKdAfIjoV+o0Mz9PZHhQMo08HRngNVILtam5n+1bqL8SzdjYZwoGpL5Ij/hSEVomgQaMEGJ4qkGTATTtyIywgITpfMq6hDsxS8vQ+usZtdr53f1cuM6j6MAR3AMFbDhAhpwCw40gUAKz/AKb8aT8WK8Gx/z1hUjnynBHxmfPzqVkpQ=</latexit>

class-conditional LM, trained 
on data associated with that class 

(likelihood)

class prior probability 
(bias)

P (y) =
c(y)P
ỹ c(ỹ)

<latexit sha1_base64="mQh9+bJnO6C6Uh2yLzRJokUmd8s=">AAACGXicbZDLSgMxFIYz9VbrbdSlm2AR2k2ZkYpuhKIblxXsBTrDkEkzbWjmQpIRhjCv4cZXceNCEZe68m1M20G09YfAl/+cQ3J+P2FUSMv6Mkorq2vrG+XNytb2zu6euX/QFXHKMengmMW87yNBGI1IR1LJSD/hBIU+Iz1/cj2t9+4JFzSO7mSWEDdEo4gGFCOpLc+02rWsDi+hE3CEFdaXXDkiDT3lSMqGRGV5jms/XM89s2o1rJngMtgFVEGhtmd+OMMYpyGJJGZIiIFtJdJViEuKGckrTipIgvAEjchAY4RCIlw12yyHJ9oZwiDm+kQSztzfEwqFQmShrztDJMdisTY1/6sNUhlcuIpGSSpJhOcPBSmDMobTmOCQcoIlyzQgzKn+K8RjpDOSOsyKDsFeXHkZuqcNu9k4u21WW1dFHGVwBI5BDdjgHLTADWiDDsDgATyBF/BqPBrPxpvxPm8tGcXMIfgj4/Mbjv+guQ==</latexit>



• Naive-Bayes assumption: all words are 
independent give the class label 

• Compared to a unigram language model

Naive-Bayes Models



Bag-of-words Naive Bayes 
Classifier

I hate this movie

lookup lookup lookup lookup

+ + + +

θy

=

sy

⋅( ) 
bias

log P(x1=I|y)

log P(x4=hate|y)

log P(x2=this|y)
log P(x3=movie|y)

log P(y)

θy can be estimated 
 by counting



Neural Network Generative 
Classifier

• Use a NN (e.g., LSTM) to model the context 
dependency P(xi |x<i, y)



Discriminative Text 
Classification



Why Discriminative Classifiers?
• Generative models are somewhat roundabout 
→ spend lots of capacity modeling the input 

• Discriminative models directly model the probability 
of the output → what we care about 

• However, discriminative models don't have an 
easy count-based decomposition!

P (X, y) = P (y)

|X|Y

i=1

P (xi|y) =
c(y)P
ỹ c(ỹ)

|X|Y

i=1

c(xi, y)P
x̃ c(x̃, y)

<latexit sha1_base64="vfdxJFMsE2/+86XpZJph9XvVQF8="></latexit>

BOW Generative:

BOW Discriminative:

P (y|X) = ??

<latexit sha1_base64="IHxvYSkRGyeIwTo8MippxSfEAfc=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBahXkoiFb1Ii148VrAfkIay2W7bpZtN2J0IIdZ/4cWDIl79Nd78N27bHLT1wcDjvRlm5vmR4Bps+9vKrayurW/kNwtb2zu7e8X9g5YOY0VZk4YiVB2faCa4ZE3gIFgnUowEvmBtf3wz9dsPTGkeyntIIuYFZCj5gFMCRnIb5eSxc4qvnmq1XrFkV+wZ8DJxMlJCGRq94le3H9I4YBKoIFq7jh2BlxIFnAo2KXRjzSJCx2TIXEMlCZj20tnJE3xilD4ehMqUBDxTf0+kJNA6CXzTGRAY6UVvKv7nuTEMLr2UyygGJul80SAWGEI8/R/3uWIURGIIoYqbWzEdEUUomJQKJgRn8eVl0jqrONXK+V21VL/O4sijI3SMyshBF6iOblEDNRFFIXpGr+jNAuvFerc+5q05K5s5RH9gff4ArSyQNw==</latexit>



Discriminative Model Training
• Instead, define model that calculates probability 

directly based on parameters θ

• And optimize the parameters directly to minimize loss

P (y|X; ✓)

<latexit sha1_base64="IpJfQ7TYH6upKp5bUYVUeWnQP2U=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBDiJexKRMFL0IvHCOYByRJmJ51kyOzDmd7AsuY7vHhQxKsf482/cZLsQRMLGoqqbrq7vEgKjbb9ba2srq1vbOa28ts7u3v7hYPDhg5jxaHOQxmqlsc0SBFAHQVKaEUKmO9JaHqj26nfHIPSIgweMInA9dkgEH3BGRrJrZWSp9Z1B4eA7KxbKNplewa6TJyMFEmGWrfw1emFPPYhQC6Z1m3HjtBNmULBJUzynVhDxPiIDaBtaMB80G46O3pCT43So/1QmQqQztTfEynztU58z3T6DId60ZuK/3ntGPtXbiqCKEYI+HxRP5YUQzpNgPaEAo4yMYRxJcytlA+ZYhxNTnkTgrP48jJpnJedSvnivlKs3mRx5MgxOSEl4pBLUiV3pEbqhJNH8kxeyZs1tl6sd+tj3rpiZTNH5A+szx8FB5Gf</latexit>

✓̂ = argmin
✓̃

Ltrain(✓̃)

<latexit sha1_base64="wk6P7M0+ceslrE0fuvIElr76sk0="></latexit>

• Define a loss function that is lower if the model is better, 
such as negative log likelihood over training data



Logistic Regression
• For binary classification of positive/negative, first 

calculate score

• Convert into a probability, e.g. using sigmoid function

P (y|X; ✓) = sigmoid(sy|X) =
1

1 + e�sy|X

<latexit sha1_base64="DI+6OH0M90OA+oVZSKDbTrqID88="></latexit>

����
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����

�� �� � � �

• Learning: maximize log likelihood of training data



Multi-class Classification: Softmax
• Sigmoid can be used for binary decisions 
• For multi-class decisions, calculate score for each 

class and use softmax

-3.2 
-2.9 
1.0 
2.2 
0.6 
…

s=

0.002 
0.003 
0.329 
0.444 
0.090 

…

p=

P (y|X; ✓) =
esy|X

P
ỹ e

sỹ|X

<latexit sha1_base64="W41R3e5JB8XcgFZ3y0hqjxstZYM="></latexit>



Gradient Descent
• Calculate the gradient of the loss function with respect 

to the parameters 
 

• How? Use the chain rule - more in later lectures. 
• Update to move in a direction that decreases the loss 

 
 

• α is a learning rate dictating speed of movement 
• This is first-order gradient descent 
• Others, e.g. Newton's method, consider second-order 

(curvature) information and converge more quickly

@Ltrain(✓)

@✓

<latexit sha1_base64="YAB6gXNBIDMseKKx09pIN6g7zZY=">AAACKnicbVC7TsMwFHV4U14FRhaLCgmWKkEgGHksDAwgUUBqqurGvaEWjhPZN4gqyvew8CssDCDEyofglA68jmTp6NxzbZ8TZUpa8v03b2x8YnJqema2Nje/sLhUX165tGluBLZEqlJzHYFFJTW2SJLC68wgJJHCq+j2uJpf3aGxMtUXNMiwk8CNlrEUQE7q1g/D2IAowgwMSVA8TID6AlRxWnZDwnsqyIDU5WZIfSTYKr9Zh0rZrTf8pj8E/0uCEWmwEc669eewl4o8QU1CgbXtwM+oU1S3CoVlLcwtZiBu4QbbjmpI0HaKYdSSbzilx+PUuKOJD9XvGwUk1g6SyDmrJPb3rBL/m7Vzivc7hdRZTqjF10NxrjilvOqN96RBQWrgCAgj3V+56IPrjly7NVdC8DvyX3K53Qx2mrvnO42Do1EdM2yNrbNNFrA9dsBO2BlrMcEe2BN7Ya/eo/fsvXnvX9Yxb7Szyn7A+/gEo3ipPA==</latexit>

✓  ✓ � ↵
@Ltrain(✓)

@✓

<latexit sha1_base64="pxoZXjlUAQ8oxHFX7LHIMbVyXMc="></latexit>



BOW Discriminative Model
• Use BOX representations for f(X, y)

sy|X = ✓y +

|X|X

i=1

✓y|xi

<latexit sha1_base64="Lqv0ziJwE43Lti7EEBC1Z/TcGFk=">AAACHHicbVDLSgMxFM34rPU16tJNsAiCUGa0optC0Y3LCvYBbR0yadqGZh4kd8RhOh/ixl9x40IRNy4E/8a0nYW2HggczjmXm3vcUHAFlvVtLCwuLa+s5tby6xubW9vmzm5dBZGkrEYDEcimSxQT3Gc14CBYM5SMeK5gDXd4NfYb90wqHvi3EIes45G+z3ucEtCSY54qJ4lHzRSXcRsGDIgT42PcVpHnJLxsp3fJqDlKM0snHxyeOmbBKloT4HliZ6SAMlQd87PdDWjkMR+oIEq1bCuETkIkcCpYmm9HioWEDkmftTT1icdUJ5kcl+JDrXRxL5D6+YAn6u+JhHhKxZ6rkx6BgZr1xuJ/XiuC3kUn4X4YAfPpdFEvEhgCPG4Kd7lkFESsCaGS679iOiCSUNB95nUJ9uzJ86R+UrRLxbObUqFymdWRQ/voAB0hG52jCrpGVVRDFD2iZ/SK3own48V4Nz6m0QUjm9lDf2B8/QDMMKJ9</latexit>

I hate this movie

lookup lookup lookup lookup

+ + + +

θy|X

=

sy|X

⋅( ) 
bias

θy|x1

…

θy|xV
θy



Handcrafted linguistic features
• : unigram, bi-gram, POS, parsing tree, others,… 

• Features can be extremely large and sparse, so is the 
weight θy|X

f(X, y)
I hate this movie θy|X

=

sy|X

 ⋅( ) θ1

…

θN-1
θN



Neural Network Discriminative Model

• Use neural network (e.g., LSTM) to learn features f(X, y)



Evaluation



Model Comparison
• We've built two models (e.g. a generative and 

discriminative model), how do we tell which one 
is better? 

• Train both on the same training set, evaluate on a 
dev (test?) set, and compare scores!



Accuracy
• Simplest evaluation measure, what percentage of 

labels do we get correct?

acc(Y, Ŷ) =
1

|Y|

|Y|X

i=1

�(yi = ŷi)

<latexit sha1_base64="Fmyiz5JwP3yVS7ZaSGJ6yvNSRmc="></latexit>



Precision/Recall/F1
• Often, we care about a particular (usually minority) class (e.g. 

"toxic SNS posts detected"), we'll call it "1" 

• Precision: percentage of system output "1"s correct 
 

• Recall: percentage of human-labeled "1"s correct 
 

• F1 Score, F-measure: harmonic mean of both

prec(Y, Ŷ) =
c(y = 1, ŷ = 1)

c(ŷ = 1)

<latexit sha1_base64="urouMSwZb6VOpz6zxM0+7PMoUNc="></latexit>

rec(Y, Ŷ) =
c(y = 1, ŷ = 1)

c(y = 1)

<latexit sha1_base64="7iI0oKDgkWA6ux/xEw17ZhpGSro="></latexit>

F1 =
2 · prec · rec
prec + rec

<latexit sha1_base64="gByrY7x1GykiSFy/wOwq/6hyGNA=">AAACNHicbVDLSgMxFM34rPVVdekmWARBKDOlohuhKIjgpoJ9QKcMmUymDc08SO6IZehHufFD3IjgQhG3foNpO4s+PBA4nHNvknPcWHAFpvluLC2vrK6t5zbym1vbO7uFvf2GihJJWZ1GIpItlygmeMjqwEGwViwZCVzBmm7/euQ3H5lUPAofYBCzTkC6Ifc5JaAlp3B341j4Etu+JDQtY5t6EWAb2BOk+h46nFFGwjCddk+nHadQNEvmGHiRWBkpogw1p/BqexFNAhYCFUSptmXG0EmJBE4FG+btRLGY0D7psramIQmY6qTj0EN8rBUP+5HUJwQ8Vqc3UhIoNQhcPRkQ6Kl5byT+57UT8C86KQ/jBFhIJw/5icAQ4VGD2OM6LYiBJoRKrv+KaY/o/kD3nNclWPORF0mjXLIqpbP7SrF6ldWRQ4foCJ0gC52jKrpFNVRHFD2jN/SJvowX48P4Nn4mo0tGtnOAZmD8/gGosqwx</latexit>



Statistical Testing
• We have two models with similar accuracies

Dataset 1 Dataset 2 Dataset 3

Generative 0.854 0.915 0.567

Discriminative 0.853 0.902 0.570

• How can we tell whether the differences are due to 
consistent trends that hold on other datasets? 

• Statistical (significance) testing! 
• Covered briefly, see Dror et al. (2018) for a 

complete overview
Dror et al. The Hitchhiker’s Guide to Testing Statistical Significance in Natural Language 

Processing. ACL 2018



Significance Testing: 
Basic Idea

• Given a quantity, we test certain values of 
uncertainty with respect to the quantity, e.g. 

• p-value: what is the probability that a difference 
with another quantity is by chance (lower = more 
likelihood of a significant difference) 

• confidence interval: what is the range under 
which we could expect another trial to fall?



Unpaired vs. Paired Tests
• Unpaired Test: Compare means of a quantity on 

two unrelated groups 
• Example: test significance of difference of 

accuracies of a model on two datasets 
• Paired Test: Compare means of a quantity on one 

dataset under two conditions 
• Example: test significance of difference of 

accuracies of two models on one dataset
• We are most commonly interested in the latter!



Bootstrap Tests
• A method that can measure p-values, confidence 

intervals, etc. by re-sampling data
• Sample many (e.g. 10,000) subsets from your dev/test 

set with replacement 
• Measure accuracies on these many subsets

Model 1 Accs

{The middle percentile 
range (e.g. 2.5-97.5) 

forms a confidence interval

• Easy to implement, applicable to any evaluation 
measure, but somewhat biased on small datasets

Model 2 Accs

% of wins is confidence that 
a gain in accuracy is not by 

chance (e.g. 1-p)

✓
✗
✓
✓
✓
✓

✗

✓
✓
✓
✓

{The middle percentile 
range (e.g. 2.5-97.5) 

forms a confidence interval



Data Creation/Curation 
Basics



Task Definition
• What task do you want to perform and why? 

• What are your classes? 

• Creating an annotation standard: 

• Write down the classes and class definitions. 

• Try annotation yourself and note any hard examples. 

• Allow annotators to share hard examples with you, 
refine standard.



Source Data Collection
• Collect data textual data to annotate w/ labels  

• Is the data: 

• Appropriate: Does it match the data you'll be 
expecting to process at test time? 

• Representative: Does it cover various 
demographics, languages, dialects, etc.? 

• Broad: Are you collecting data from a single domain 
or multiple ones?



Annotator Recruitment
• Friends: Good for small-scale, high-skill tasks 
• Freelancing sites: Good for medium-scale, medium- or 

high-skill tasks 
• Crowdsourcing sites: Good for large-scale, lower-skill tasks 
• Can be very big difference in quality! (e.g. Lai et al. 2017)

Turkers
University Students

Lai et al. RACE: Large-scale ReAding Comprehension Dataset From Examinations. 
EMNLP 2017.

• Have multiple annotators annotate same data, measure agreement



Data Statements for NLP 
(Bender and Friedman 2018)

• A checklist of things to document about your 
dataset, e.g.

Bender and Friedman. Data Statements for Natural Language Processing: Toward Mitigating 
System Bias and Enabling Better Science. TACL 2018.

• Curation rationale 

• Language variety 

• Speaker demographic 

• Annotator demographic

• Speech situation 

• Text characteristics 

• Recording quality 

• Other notes



Text Classification Datasets



Stanford Sentiment Treebank 
(Socher et al. 2013)

• In addition to standard 
tags, each syntactic phrase 
tagged with sentiment

• Data: reviews from rottentomatoes.com collected 
by Pang and Lee (2004) 

• Annotator details: People from MTurk

http://rottentomatoes.com


AG News

• News articles categorized into 4 classes 

• Data: from an academic search engine (in 2004?) 

• Curation Rationale: As a test bed for data mining 
and IR

Zhang et al. Character-level Convolutional Networks for Text Classification. NIPS 2016.
• http://groups.di.unipi.it/~gulli/AG_corpus_of_news_articles.html

http://groups.di.unipi.it/~gulli/AG_corpus_of_news_articles.html


DBPedia

• Classification of Wikipedia entity description text 
into 9, 70, or 219 classes 

• Data: from Wikipedia first sections

• Curation rationale: As a testbed for text 
categorization

https://www.kaggle.com/danofer/dbpedia-classes



Questions?

Generative Classifiers Discriminative Classifiers

Classification Eval Data Creation

Example Datasets


