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can we find puns?

task: locate the pun word

this is a sequence to sequence task

“atheism is a non-prophet institution”*
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*George Carlin
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outline

1. aneural network approach
2. asliding window approach



what are puns?

“a form of play that involves multiple meanings”

wikipedia says “word play”
wikipedia is wrong

puns can involve more than words



types of puns

homographic heterographic visual
“would you say a 14 layer “cloud detectionis a cirrus
neural network for detecting problem.”

pools is on the deep end?”

(“pun word” spelled the same)  (“pun word” spelled differently)

BRAINSTORM

https://i.pinimg.com/236x/42/48/c6/4248c6e911b3fa009b92d276ae521035--visual-puns-funny-design.jpg?b=t



a neural approach: word embeddings

Super briefly:
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a neural approach: input

“cloud detection is a cirrus problem.”
“cloud” > 2| “detection” >

etc

input: [ x1,x2,...,xn,yl,y2,...,yn, ... ]

Details on the embeddings we used:

- inour case, we used GloVe
- vectors had dimension 300

on input:

- hadto “pad” the vector with empty (0) values
so it was always the same length
- length > max length of pun in corpus


https://nlp.stanford.edu/projects/glove/

a neural approach: architecture

- Layer 1: Long Short-Term Memory (LSTM)
input:
[x1,x2,...,xn,yl,y2,...,yn,... ]
output:
[prob(x), prob(y), ...]
- Layer 2: softmax
- input: [prob(X), prob(y), ...]
- output: X (orY, or etc)
the algorithm’s guess at the pun
word



but this didn’t work super well. why?

It’s often assumed that “neural networks will figure out the features”

this is really a crazy idea in text!
(and wordplay specifically)

There’s a lot “between the lines” in text.



between the lines of text
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Example credit to Yejin Choi
https://i.kym-cdn.com/photos/images/original/000/610/809/13e.jpg



between the lines of text

what happened?
e CHiEESEBURGER a. someone stabbed someone else over a
o STABBING _J
= Y vj&z = Y% 13 cheeseburger
V| N b. someone stabbed someone else with a
cheeseburger

c. someone stabbed a cheeseburger
a cheeseburger stabbed someone
a cheeseburger stabbed another cheeseburger

Example credit to Yejin Choi
https://i.kym-cdn.com/photos/images/original/000/610/809/13e.jpg



characteristics of the problem

“cloud detection is a cirrus problem.”
this pun involves phonetics (how words sound)

but a pun can involve:
- idioms (cultural “phrases”)
- hyphenates/portmanteaus
- misspellings

in other words: non-semantic information



ke ‘@manufactures
@samsung
Qalcatel
@pcmcia el
eordless @ackplane
gndb
@iplane
Qeckert @alphanumeric
@debit
eurocard @ Sbackplanes
irrus
« @cellphones
@pylon
s
Qdce
@daubert
@pdh

@erbitrated

€ssa

a neural approach

“cloud detection is a cirrus problem.”

we’re feeding our neural net word
embeddings
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a sliding window approach: input

“cloud detection is a cirrus problem.”

idea:
- use the words around what you want to

classify as features to classify it

can use anything about those words for a
feature



if the word is cirrus and the window is 2, these are our
features:

cloud
detection
is word-2 POS: verb
a word-1 POS: article
cirrus word POS: adjective
problem ——— word+1 POS: noun
<end> word+2 POS: N/A




sliding window classifiers

Maximum Entropy Markov Model that generalizes
logistic regression for multiclass classification

- used a lot for Part of Speech (POS) tagging (now
with neural networks!)
- no padding of inputs
- (really inputs all padded identically)
- allows us to add problem specific features
- we improved drastically by using the lesk
distance between words
- a‘“distance” between the senses of two
words’ definitions
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https://media.springernature.com/lw785/springer-static/image/art%3A10.1007%2Fs10772-016-9356-2/MediaObjects/10772_2016_9356_Figl_HTML.gif



a sliding window approach: architecture

step 1: MaxEnt/logistic regression:
input (in series):
[X features],
[y features]
output:
[prob(x), prob(y), ...]
step 2:
argmax([prob(X), prob(y), ...])

the algorithm’s guess at the pun
word
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wrap-up

- we wanted to find the location of a “pun” word

- we tried using a neural network
- itdidn’tdo very well because we didn’t give the
classifier the information relevant to the problem
- we tried a sliding window classifier
- itworked better because we could give the classifier
the information relevant to the problem



takeaway:

characteristics of your data
will likely affect the success
of a given approach!



Gracias! Questions?

K. Hunter Wapman
hneutr.github.io
hunter.wapman@gmail.com



types of puns: “loose”

word choice resonates
“you’re barking up the wrong tree”

(the only conscionable kind of pun)



3. why didn’t the neural network... work?

we needed more layers, obviously

https://alexisbcook.github.io/2017/using-transfer-learning-to-classify-images-with-keras/



3. why didn’t the neural network... work?

It is often assumed that “neural networks will figure out the features”
ok. maybe. but:
... can they?

... how could they?
... will they?



5. what would | do differently now?

annotate the dataset with preparatory/support
words

theideais:
- apun plays something (or things)
previous in the sentence
- why not add that into the dataset?

thisis anidea | stole from Sam F. Way:
- take an existing dataset and add to it



5. what would | do differently now?

What about multi-pun sentences?

don’t:
try to find “the” pun word

do:

identify pun words and their support



sliding window classifiers — what | like about them

- no padding of inputs
- orreally, inputs all padded identically
- neural networks are reasonable for
the library of babel
- thereal world is (thankfully!) not the
library of babel.

- arbitrary features!

- we improved drastically by just including
the word’s lemma as a feature...

https://www.theparisreview.org/interviews/4331/jorge-luis-borges-the-art-of-fiction-no-39-jorge-luis-borges



