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1. The Deep Learning Tsunami

Deep Learning waves have lapped at the shores of computational linguistics for several
years now, but 2015 seems like the year when the full force of the tsunami hit the
major Natural Language Processing (NLP) conferences. However, some pundits are
predicting that the final damage will be even worse. Accompanying ICML 2015 in Lille,
France, there was another, almost as big, event: the 2015 Deep Learning Workshop.
The workshop ended with a panel discussion, and at it, Neil Lawrence said, “NLP is
kind of like a rabbit in the headlights of the Deep Learning machine, waiting to be
flattened.” Now that is a remark that the computational linguistics community has to
take seriously! Is it the end of the road for us? Where are these predictions of steam-
rollering coming from?

At the June 2015 opening of the Facebook AI Research Lab in Paris, its director
Yann LeCun said: “The next big step for Deep Learning is natural language under-
standing, which aims to give machines the power to understand not just individual
words but entire sentences and paragraphs.”1 In a November 2014 Reddit AMA (Ask
Me Anything), Geoff Hinton said, “I think that the most exciting areas over the next
five years will be really understanding text and videos. I will be disappointed if in
five years’ time we do not have something that can watch a YouTube video and tell
a story about what happened. In a few years time we will put [Deep Learning] on a
chip that fits into someone’s ear and have an English-decoding chip that’s just like a
real Babel fish.”2 And Yoshua Bengio, the third giant of modern Deep Learning, has
also increasingly oriented his group’s research toward language, including recent excit-
ing new developments in neural machine translation systems. It’s not just Deep Learn-
ing researchers. When leading machine learning researcher Michael Jordan was asked at
a September 2014 AMA, “If you got a billion dollars to spend on a huge research project
that you get to lead, what would you like to do?”, he answered: “I’d use the billion
dollars to build a NASA-size program focusing on natural language processing, in all
of its glory (semantics, pragmatics, etc.).” He went on: “Intellectually I think that NLP is
fascinating, allowing us to focus on highly structured inference problems, on issues that
go to the core of ‘what is thought’ but remain eminently practical, and on a technology
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Deep Learning

Manning (2015) 
“ACL presidential address”

“‘NLP is kind of like a rabbit in the headlights 
of the Deep Learning machine, waiting to be 
flattened.’ Now that is a remark that the 
computational linguistics community has to 
take seriously! Is it the end of the road for us? 
Where are these predictions of steam-rollering 
coming from?” 
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Deep Learning

Manning (2015) 
“ACL presidential address”

“‘NLP is kind of like a rabbit in the headlights 
of the Deep Learning machine, waiting to be 
flattened.’ Now that is a remark that the 
computational linguistics community has to 
take seriously! Is it the end of the road for us? 
Where are these predictions of steam-rollering 
coming from?” 

Although there have been gains from deep learning 
approaches, they have been more modest than sudden 25% 
or 50% error reductions. It could easily turn out that this 
remains the case.  
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DL In Machine Translation (2016)
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Progress in Machine Translation
[Edinburgh En-De WMT newstest2013 Cased BLEU; NMT 2015 from U. Montréal]
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From [Sennrich 2016, http://www.meta-net.eu/events/meta-forum-2016/slides/09_sennrich.pdf] 
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DL In Machine Translation (2016)
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Neural MT went from a fringe 
research activity in 2014 to the 
widely-adopted leading way to 

do MT in 2016.
Amazing !

13

Manning and Luong (2016)
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Deep Learning

“It would be good to return some emphasis within NLP to 
cognitive and scientific investigation of language rather 

than almost exclusively using an engineering model of 
research.” (Manning, 2015)
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Linguistics?

“Because we can’t understand why and how they [NNs] 
work, they can’t really tell us anything about language.” 
- Anonymous Linguist

We understand NNs → We can learn new facts about language

¬We understand NNs → ¬We can learn new facts about language

Problem:  
A → B  (A implies B) 
∴ ¬A → ¬B (Therefore, not-A implies not-B)

Reasoning

Logical fallacy: 

“denying the antecedent”

?
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Linguistics?

Do we have to know how and why neural 
networks generalize so well to extract linguistic 

conclusions from them?
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Embracing the Black Box
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Embracing the Black Box

Main ingredient: seq2seq model
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Neural Networks
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Neural 
Network

in out

lists (vectors) 
of real numbers

• Learns (by example) to map 
one vector to another by 
adjusting parameters 

• A non-linear transformation of 
the input 

• Very good learning results, but 
input and output must be 
shoehorned to the right format
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Recurrent models for MT
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Assume a standard LSTM-
based seq2seq model 
(Sutskever et al., 2014) 
with attention (Bahdanau et 
al., 2014) 
as modified for morphology in 
Kann & Schütze (2016) or 
Silfverberg et al. (2017)
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Recurrent models for MT
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Koira

Finnish to English
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Recurrent models for MT
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Koira

Finnish to English
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Recurrent models for MT
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Koira

RNN

encoder

Finnish to English
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Recurrent models for MT
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RNN
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Recurrent models for MT
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⌦

Koira

RNN

encoder

Finnish to English
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Recurrent models for MT
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⌦

encoder

Koira

RNN

Finnish to English
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Recurrent models for MT

20

⌦

encoder

Koira nukkuu

RNN

Finnish to English
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Recurrent models for MT
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⌦

encoder

Koira nukkuu

RNN

Finnish to English
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Recurrent models for MT
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⌦ ⌦

encoder

Koira nukkuu

RNN

Finnish to English



HY 01/2019 Linguistics with Black Boxes

Recurrent models for MT
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⌦ ⌦ ⌦

encoder

Koira nukkuu END

RNN

Finnish to English
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Recurrent models for MT
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⌦ ⌦ ⌦

encoder

Koira nukkuu END

RNN

Finnish to English
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Recurrent models for MT
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⌦ ⌦ ⌦

encoder

Koira nukkuu END

RNN

Finnish to English

Representation for
the entire sentence
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Recurrent models for MT

26

⌦ ⌦ ⌦

encoder

Koira nukkuu END

RNN

decoder

Finnish to English

Representation for
the entire sentence
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Recurrent models for MT
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Recurrent models for MT
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Recurrent models for MT
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⌦ ⌦ ⌦

encoder ⌦

Koira nukkuu END

The

RNN

decoder

Finnish to English

Representation for
the entire sentence
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Recurrent models for MT
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⌦ ⌦ ⌦

encoder ⌦ ⌦

Koira nukkuu END

The dog

RNN

decoder

Finnish to English

Representation for
the entire sentence
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Recurrent models for MT
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⌦ ⌦ ⌦

encoder ⌦ ⌦ ⌦

Koira nukkuu END

The dog sleeps

RNN

decoder

Finnish to English

Representation for
the entire sentence
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Recurrent models for MT
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⌦ ⌦ ⌦

encoder ⌦ ⌦ ⌦ ⌦

Koira nukkuu END

The dog sleeps END

RNN

decoder

Representation for
the entire sentence

Finnish to English
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Recurrent models for word inflection
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END

⌦ ⌦ ⌦

⌦ ⌦ ⌦ ⌦

⌦ ⌦ ⌦ ⌦ ⌦

j a l k a [PL] [ABL] END

⌦ ⌦ ⌦ ⌦ ⌦

j a l g o i l t

jalka - jalgoilt
“leg - from the legs“ Votic
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Recurrent models for word inflection
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https://unimorph.github.io/

In practice: get lots of 
citation form-inflected 
form pairs from a resource 
like UniMorph, train model 
as if it were a machine 
translation task

“jalka” in UniMorph Votic
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Things to latch on to

j a l k a
I. Dense vectors that represent letters/sounds are learned 
during the training process 
(Maybe they can tell us something?)  
 
II. We don’t just learn a single best output “jalgoilt”, but 
actually a distribution of possible outputs 
(Maybe this can be exploited?)
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Black Box Learning

(I) Morphology
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Morphological Inflection

37

train

test

lemma word formMSD (features)
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train

run   
lemma MSD (features) word form

test

Morphological Inflection
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train

run                                                                               
lemma word form

test

MSD (features)

Morphological Inflection
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train

run    V;PST                                                                           ran 
lemma word form

test

MSD (features)

Morphological Inflection
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train

test

run    V;PST                                                                           ran 
love   V;V.PTCP;PRS                                                            loving 
eat	     V;PST                                                                           ate 

…

lemma word formMSD (features)

Morphological Inflection
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train

test

lemma word form

hate    V;V.PTCP;PRS                                                             ? 

run    V;PST                                                                           ran 
love   V;V.PTCP;PRS                                                            loving 
eat	     V;PST                                                                           ate 

…

MSD (features)

Morphological Inflection
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train

test

lemma word form

hate    V;V.PTCP;PRS                                                             ? 
read    V;PST                                                                            ? 

run    V;PST                                                                           ran 
love   V;V.PTCP;PRS                                                            loving 
eat	     V;PST                                                                           ate 

…

MSD (features)

Morphological Inflection
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train

test

lemma word form
run    V;PST                                                                           ran 
love   V;V.PTCP;PRS                                                            loving 
eat	     V;PST                                                                           ate 

…

hate    V;V.PTCP;PRS                                                             hating 
read    V;PST                                                                            read 

MSD (features)

Morphological Inflection
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Morphological Inflection
15 teams test different methods on 103 languages!

Details in this paper!
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Task Results: 10,000 examples
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UZH BME IITBHU MSU IIT-VARANASI
WASEDA AXSEM HAMBURG TUEB.-OSLO BASELINE

Average across 103 languages
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Task Results: 1,000 examples
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UZH BME IITBHU MSU IIT-VARANASI
WASEDA AXSEM HAMBURG TUEB.-OSLO BASELINE

Average across 103 languages
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Task 1 Results: 100 examples
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30
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60

Low

UZH BME IITBHU MSU IIT-VARANASI WASEDA
AXSEM HAMBURG TUEB.-OSLO UA BASELINE

Average across 103 languages
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Uralic Languages in UniMorph
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Current

Future

https://unimorph.github.io/
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Best Teams on 1k/10k examples training

50

80

85

90

95

100

Accuracy

90

98.3
100100

92

87.2

95.4

98.4

Estonian (10k) Finnish (10k) Hungarian (10k) Ingrian (1k)
Karelian (1k) Livonian (1k) N. Sami (10k) Votic (10k)

Best Team result across Uralic languages
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More Realistic Learning Scenario
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Silfverberg, M. & Hulden, M. (2018). An Encoder-Decoder 
Approach to the Paradigm Cell Filling Problem. EMNLP.

“The Paradigm Cell Filling Problem”
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More Realistic Learning Scenario
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In real life children/learners 

only hear a distribution of forms
ostma

“to buy” 
(est)
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More Realistic Learning Scenario
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How do we fill in the missing 

forms we’ve never heard?
ostma

“to buy” 
(est)



HY 01/2019 Linguistics with Black Boxes

Results

54

• Train a model to inflect pairwise between all forms 
• When we see two forms per table, learning is very 

realiable
• When we only see one - much less data than humans 

see - there is drastic drop in performance - however, 
we can still learn some morphology
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Results
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100

Finnish Nouns French Verbs Turkish Nouns

n=3 n=2 n=1

We use 1000 inflection tables for each language.
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“The Logical Problem of  Language Acquisition”

56
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“The Logical Problem of  Language Acquisition”
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Language is too hard for humans to learn without a significant 
innate component
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“The Logical Problem of  Language Acquisition”
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Language is too hard for humans to learn without a significant 
innate component

In ML-speak = without a significant learning bias
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“The Logical Problem of  Language Acquisition”

59

Current results (morphology): doesn’t seem to be as hard as we think
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“The Logical Problem of  Language Acquisition”
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Current results (morphology): doesn’t seem to be as hard as we think

Example: RNNs probably outperform native Basque speakers exposed 
to same amounts of “training data”
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Best team in 2017 shared task
‣ Has hundreds of forms - even native speakers have trouble producing 

some of them…

61

Sub-task 1 Sub-task 2
High Medium Low High Medium Low

Albanian 99.00(UE-LMU) 89.40(CU-1) 31.00(CU-1) 98.35(LMU-2) 88.81(LMU-1) 66.63(LMU-2)
Arabic 94.50(CLUZH-7) 79.70(LMU-2) 37.00(CLUZH-7) 95.48(LMU-2) 90.21(LMU-2) 80.43(LMU-2)
Armenian 97.50(UE-LMU) 91.50(LMU-2) 58.70(CLUZH-7) 98.78(LMU-2) 97.77(LMU-2) 93.92(LMU-2)
Basque 100.00(UTNII-1) 89.00(UE-LMU) 20.00(LMU-2) — 94.14(LMU-2) 93.02(LMU-2)
Bengali 100.00(UE-LMU) 99.00(CLUZH-1) 68.00(CLUZH-3) 92.61(LMU-1) 91.72(LMU-2) 90.19(LMU-2)
Bulgarian 98.10(UE-LMU) 82.50(LMU-2) 57.10(CU-1) 85.93(LMU-2) 55.95(LMU-2) 49.58(LMU-2)
Catalan 98.40(CLUZH-1) 92.60(CLUZH-7) 66.40(CU-1) 99.35(LMU-2) 97.06(LMU-2) 94.16(baseline)
Czech 94.10(UE-LMU) 86.30(CU-1) 44.00(CLUZH-7) 86.00(LMU-1) 58.61(LMU-2) 34.96(LMU-2)
Danish 94.50(UE-LMU) 83.60(LMU-2) 75.50(CLUZH-7) 75.74(LMU-2) 71.15(baseline) 53.11(CU-1)
Dutch 96.90(UE-LMU) 86.50(LMU-2) 53.60(baseline) 89.30(LMU-2) 86.53(LMU-2) 56.64(LMU-2)
English 97.20(UE-LMU) 94.70(LMU-2) 90.60(UA-1) 91.60(baseline) 84.00(baseline) 84.40(CU-1)
Estonian 98.90(UE-LMU) 82.40(UE-LMU) 32.90(CLUZH-7) 97.90(LMU-2) 92.43(LMU-2) 77.42(LMU-2)
Faroese 87.80(CLUZH-7) 68.10(CLUZH-7) 42.40(CLUZH-7) 71.90(LMU-2) 68.31(LMU-2) 57.55(LMU-2)
Finnish 95.10(UE-LMU) 78.40(UE-LMU) 19.70(CLUZH-7) 93.67(LMU-2) 89.48(LMU-2) 76.30(LMU-2)
French 89.50(UE-LMU) 80.30(CLUZH-7) 66.00(CLUZH-7) 98.83(LMU-2) 95.38(LMU-2) 87.45(LMU-2)
Georgian 99.40(LMU-2) 93.40(CLUZH-7) 85.60(LMU-2) 96.20(LMU-2) 89.67(LMU-2) 86.82(LMU-2)
German 93.00(UE-LMU) 80.00(CLUZH-4) 68.10(CLUZH-4) 85.88(LMU-2) 77.56(LMU-2) 74.66(LMU-2)
Haida 99.00(UTNII-1) 95.00(LMU-2) 46.00(LMU-2) — 96.40(LMU-2) 95.24(LMU-2)
Hebrew 99.50(LMU-2) 83.80(LMU-2) 35.40(CU-1) 93.42(LMU-2) 85.59(LMU-2) 68.06(LMU-2)
Hindi 100.00(UTNII-1) 97.40(CLUZH-3) 75.50(LMU-2) 99.95(LMU-2) 95.01(LMU-2) 93.84(LMU-2)
Hungarian 86.80(CLUZH-7) 75.10(CLUZH-4) 38.10(CLUZH-7) 89.04(LMU-2) 79.97(LMU-2) 54.50(LMU-2)
Icelandic 92.10(CLUZH-7) 74.70(CLUZH-7) 40.80(CU-1) 74.30(LMU-1) 67.21(LMU-2) 56.57(LMU-2)
Irish 92.10(CLUZH-7) 72.60(CLUZH-7) 37.80(CLUZH-7) 69.53(LMU-2) 52.92(LMU-2) 43.43(LMU-2)
Italian 97.90(UE-LMU) 93.30(UE-LMU) 56.40(CU-1) 97.05(LMU-2) 90.67(LMU-2) 72.00(LMU-2)
Khaling 99.50(UE-LMU) 87.10(LMU-2) 18.00(LMU-2) 99.73(LMU-2) 98.62(LMU-2) 97.15(LMU-2)
Kurmanji 94.80(UE-LMU) 92.80(CLUZH-7) 86.60(CLUZH-2) 94.26(LMU-2) 88.87(LMU-2) 80.17(LMU-2)
Latin 81.30(UE-LMU) 51.80(CLUZH-7) 19.30(CU-1) 87.70(LMU-2) 84.63(LMU-2) 51.98(LMU-2)
Latvian 97.30(UE-LMU) 88.60(CLUZH-7) 68.10(CLUZH-4) 96.69(LMU-2) 89.19(LMU-2) 75.79(LMU-2)
Lithuanian 95.80(UE-LMU) 62.60(UE-LMU) 23.30(baseline) 85.82(LMU-2) 82.87(LMU-2) 49.51(LMU-2)
Lower Sorbian 97.50(UE-LMU) 84.10(UE-LMU) 52.30(CU-1) 87.39(LMU-2) 84.02(LMU-2) 56.43(LMU-2)
Macedonian 97.30(UE-LMU) 91.80(CLUZH-1) 65.50(CLUZH-7) 97.14(LMU-2) 88.98(LMU-2) 60.23(LMU-2)
Navajo 92.30(UE-LMU) 50.80(CLUZH-7) 20.40(CLUZH-7) 58.22(LMU-2) 47.12(LMU-2) 35.48(LMU-2)
Northern Sami 98.60(UE-LMU) 74.00(UE-LMU) 18.70(CU-1) 91.56(LMU-2) 83.51(LMU-2) 39.86(LMU-2)
Norwegian Bokmål 92.60(CLUZH-2) 84.40(UE-LMU) 78.00(CLUZH-7) 70.44(CU-1) 57.23(CU-1) 49.06(CU-1)
Norwegian Nynorsk 92.80(CLUZH-1) 65.60(LMU-2) 54.60(CLUZH-7) 64.42(baseline) 60.74(baseline) 42.33(baseline)
Persian 99.90(LMU-2) 91.90(UE-LMU) 51.00(CLUZH-7) 100.00(LMU-2) 99.56(LMU-2) 99.20(LMU-2)
Polish 92.80(UE-LMU) 79.90(CLUZH-7) 47.90(CLUZH-7) 90.27(baseline) 82.71(LMU-2) 64.53(LMU-2)
Portuguese 99.30(LMU-2) 95.00(LMU-2) 73.30(CLUZH-7) 98.84(LMU-1) 98.58(LMU-2) 96.94(LMU-2)
Quechua 100.00(CLUZH-4) 98.30(CLUZH-7) 61.10(CLUZH-7) 99.84(LMU-2) 99.60(LMU-2) 99.98(LMU-2)
Romanian 89.10(UE-LMU) 77.40(CU-1) 46.30(CLUZH-7) 78.99(baseline) 76.63(LMU-2) 25.00(LMU-2)
Russian 92.80(CLUZH-2) 84.10(CLUZH-2) 52.30(CLUZH-7) 87.42(CU-1) 85.74(LMU-2) 46.17(LMU-2)
Scottish Gaelic — 90.00(UE-LMU) 64.00(CLUZH-3) — 51.82(LMU-1) 50.61(LMU-2)
Serbo-Croatian 93.80(CLUZH-2) 83.30(CU-1) 39.20(CU-1) 88.29(LMU-2) 59.18(LMU-2) 40.46(LMU-2)
Slovak 95.30(CLUZH-2) 80.50(CLUZH-7) 53.60(CLUZH-7) 71.84(LMU-2) 66.67(LMU-2) 53.65(LMU-2)
Slovene 97.10(CLUZH-5) 88.80(LMU-2) 63.00(CLUZH-7) 93.71(LMU-1) 85.10(LMU-2) 79.28(LMU-2)
Sorani 89.40(CLUZH-7) 82.90(LMU-2) 27.10(CU-1) 86.39(LMU-2) 86.05(LMU-2) 57.65(LMU-2)
Spanish 97.50(CLUZH-7) 91.70(UE-LMU) 66.40(CLUZH-7) 98.53(LMU-2) 97.89(LMU-2) 91.05(LMU-2)
Swedish 93.10(UE-LMU) 79.70(UE-LMU) 64.20(CLUZH-3) 84.71(LMU-2) 70.88(LMU-2) 51.18(LMU-2)
Turkish 98.40(UE-LMU) 89.70(UE-LMU) 42.00(CLUZH-7) 99.41(LMU-2) 98.65(LMU-2) 87.65(LMU-2)
Ukrainian 95.00(UE-LMU) 82.50(CLUZH-7) 50.40(CU-1) 74.76(LMU-1) 67.14(baseline) 49.21(LMU-2)
Urdu 99.70(UE-LMU) 98.00(CLUZH-4) 74.10(CLUZH-7) 98.44(LMU-1) 94.29(LMU-2) 88.53(LMU-2)
Welsh 99.00(CLUZH-1) 93.00(LMU-2) 56.00(CLUZH-7) 97.96(LMU-2) 97.80(LMU-2) 89.89(LMU-2)

Table 9: Best per-form accuracy (and corresponding system) by language.

12

Performance on held-out inflection with 10,000 examples in training
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Chess
We surpassed human-level chess ~15 years ago
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Chess
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Chess

“Using computer analysis, 
you can measure which 
players do the most to cause 
their opponents to make 
mistakes. Carlsen has the 
highest nettlesomeness score 
by this metric, because his 
creative moves pressure the 
other player and open up a lot 
of room for mistakes.”

https://marginalrevolution.com/marginalrevolution/2013/11/nettlesomeness-and-the-first-half-of-the-carlsen-anand-match.html

https://marginalrevolution.com/marginalrevolution/2013/11/nettlesomeness-and-the-first-half-of-the-carlsen-anand-match.html
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Black Box Learning

(I) Morphology

Takeaway: NNs seem to be approaching - or even exceeding - 
human-level learning (with the right tricks in place). This offers 

new possibilities for linguistics, taking neural models as the 
object of investigation…
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Black Box Learning

(II) Complexity

Cotterell, R. & Kirov, C., Hulden, M., Eisner, J. (2018). On the 
Complexity and Typology of Inflectional Morphological Systems. 
TACL.

Cotterell, R. & Kirov, C., Hulden, M., Eisner, J. (2018). Quantifying 
the Trade-off Between Two Types of Morphological Complexity. 
SCiL.
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Do you think your native/second language is 
more complex than English?

67
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Audience Poll

Ques%on:	  Who	  thinks	  their	  na-ve	  or	  second	  
language	  is	  more	  complex	  than	  English?

68
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Loading…

69
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Instant Results

70

0

23

45

68

90
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What makes your native language more 
complex than English?

71
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More Morphological Variants = A More 
Complex Language

‣ A lot of morphological variants  can make a language 
“difficult”: 
- Mark Twain said it best: “I’d rather decline two drinks than one 

German adjective.”

‣ Then, look at how simple English is!
- Your average verb has four inflections: 
- run, runs, ran, running

‣ Nouns and adjectives don’t inflect                                            
in English according to case
- The adjective good has one case inflection

72



HY 01/2019 Linguistics with Black Boxes

In Comparison: The Turkish Verb

‣ koşmak	  =	  Turkish	  verb	  ”to	  run”	  
- (partial) paradigm à 

‣ Tense, mood, evidentiality … marked  
 through morphology
- 100+ forms in Turkish!

‣ Archi (Kibrik 1998) has 1.5 million verb forms
- It’s very, very agglutinative 

‣ This makes a language more complex!

73
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Number of  Forms is Only One  
Dimension of  Morphological Complexity 

‣ There are (at least) two	  types	  of morphological 
complexity 
-‐ Type	  1:	  how	  big	  are	  the	  paradigms?	  (seen	  before)	  
-‐ Type	  2:	  how	  irregular	  are	  the	  paradigms?	  
 

‣ Ackerman and Malouf (2013) introduce the 
technical jargon
- Enumerative Complexity (E-Complexity)
- Integrative Complexity (I-Complexity) 

74
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English versus Turkish: # Forms
‣ English	  

- 4 verbal slots
-2 nominal slots
-1 adjectival slot

75

• Turkish	  
– 350	  verbal	  slots	  
– 8	  nominal	  slots	  
– 1	  adjectival	  slots

7	  Total
Turkish is more morphologically 
complex under # forms per verb

358	  Total
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English Versus Turkish: Irregularity 

‣ English	  
- 224 irregular verbs
- 10 irregular nouns
- 0 irregular adjectives

76

• Turkish	  
– 1	  irregular	  verb	  
– 0	  irregular	  nouns	  
– 0	  irregular	  adjectives

234	  Total
English is more morphologically                                     

complex under amount of irregularity

1	  Total
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Linguistic Question:  
How do we measure irregularity more 

objectively?

77
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Plotting English and Turkish Verbs

78
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Plotting English and Turkish Verbs

79

#	  Forms

Irr
eg
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English
TurkishLinguistic Hypothesis: 

A language can be  
(a) high on irregularity or 
(b)high on number of forms 

but not both!
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Plotting English and Turkish Verbs

80

#	  Forms

Irr
eg
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ity
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1.35
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0 30 60 90 120

English
TurkishLinguistic Hypothesis: 

A language can be  
(a) high on irregularity or 
(b)high on number of forms 

but not both!
Measuring number of forms is easy! 

How do we measure irregularity to test the hypothesis?
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New Model: We will tackle morphological 
irregularity probabilistically 

81
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Irregularity = Predictability

‣ For each language
-‐ Step	  1:	  Build	  a	  really	  good	  genera-ve	  probability	  model	  p	  
of	  the	  morphological	  paradigm	  (again:	  predict	  every	  form	  
from	  every	  other	  form)	  

-‐ Step	  2:	  Train	  its	  parameters	  on	  some	  data	  

-‐ Step	  3:	  Irregularity	  =	  log	  p(held-‐out	  data)

82
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Morphological Reinflection

‣ Start with pair-wise probability distributions

‣ In the NLP, this task is known as morphological	  reinflec%on
- State of the art: LSTM seq2seq model – same as MT 

83

1ps;prs;sbjv;pl 1ps;prs;ind;sg 
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Sequence-to-Sequence Model

84

x = pongas
y = pongop o n g a s

p o n g o #

p(y	  |	  x)	  reads	  x,	  then	  stochastically	  emits 
chars	  of	  y,	  1	  by	  1,	  like	  a	  language	  model

LSTM



HY 01/2019 Linguistics with Black Boxes

Arrange into a Bayesian Network

85

poner

pondría

puso

pusieron

pongo

pongamospusimos
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Neural Graphical Model Over Strings

86

poner

pondría

puso

pusieron

pongo

pongamospusimos

Each	  cond
itional	  is	  a

	  LSTM-‐based	  seq
2seq	  model!	  

	  

Cotterell	  et	  al.	  (2017)	  @	  EACL	  2017
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Many Possible Networks

87

poner
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pongo pongamos

pusimos
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How to Choose Best Tree?

‣ Standard structure learning problem in 
graphical models

‣ Strategy: Tie parameters among all conditionals
-Conditionals for every possible tree trained together
 

‣ Inspired by Chu-Liu-Edmonds Algorithm
-Use Chu-Liu-Edmonds
-Finds optimal directed spanning tree in              time

88
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Experimental Languages
‣ Data from the UniMorph 

(Kirov et al. 2018)

‣ Selected languages 
with ”enough” training 
examples

‣ Verbal Paradigms:
- 23 languages / 3 families

‣ Nominal Paradigms
- 31 languages / 3 families

89
German	  Nominal	  Paradigms

Cross-‐linguistically	  Compatible	  Labels
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Results

90
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What about the Rest of  the World’s Languages? (For 
which we have data)

91
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What about the Rest of  the World’s Languages? (For 
which we have data)
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What about the Rest of  the World’s Languages? (For 
which we have data)
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Scientific Hypothesis about Language
‣ Use machine learning 

techniques to test 
hypothesis about 
Language

‣ Morphological systems 
can have either	  a lot of 
forms or lot of 
irregularity
- But not both!

‣ Why? Speculative 
reason: memorizing a 
lot of irregulars would 
tax human memory

96
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Chinese is Low on Both Dimensions of  
Morphological Complexity

‣ Morphology	  in	  a	  language	  is	  not	  necessary!	  
‣ Let’s look at the Chinese verb “to drink”

- (to) drink = 喝
- drinking = 喝
- drank = 喝
- have drunk  = 喝

‣ Look: no inflection!

97
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Our Hypothesis Again
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A Paired Permutation Test

‣ There appears to be a 
trend, but is it 
significant?
- Is the upper right-hand 

corner more empty that 
it would be by chance?

‣ New Significance Test
- Keep x-axis intact, 

shuffle y-axis
- compare area under 

the Pareto curve
- Non-parametric test

99
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Random Morphological Trade-Off
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Random Morphological Trade-Off
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Random Morphological Trade-Off

102

0

0.5

1

1.5

2

0 30 60 90 120
#	  Forms

Irr
eg
ul
ar
ity



HY 01/2019 Linguistics with Black Boxes

Scientific Finding
	  	  Gap	  in	  the	  upper	  right-‐hand	  size	  with	  p	  <	  0.05
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Caution: Limited # Of  Languages
‣ We need to be very cautious about reporting the 

results!

‣ The languages are not i.i.d.
- Some of them are genetically related
- Focus on Western European Languages

‣ We have a small sample of size of languages
- There might be unobserved counterexamples
- For this	  sample, the Pareto frontier leaves an unusually 

large gap in the upper right

104
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Black Box Learning

(II) Complexity

Takeaway: There indeed seems to be a trade-off in dimensions 
of complexity in human language, and neural models can be 

rigged to measure this complexity
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Black Box Learning

(III) Phonology

Silfverberg, M. & Mao, L. J. & Hulden, M. (2018). Sound 
Analogies with Phoneme Embeddings. SCiL.
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Letter / Sound Representations

n e s k

Where do the dense vector representations for letters 
come from?

a
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Letter / Sound Representations

n e s k

Answer 1: the neural models learns it as we train it 
Answer 2: we can pre-train them from distributional 
properties of the letters

a
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Word Embeddings

Word embeddings show semantic and morphosyntactic 
regularity

Dan,Jurafsky

Embeddings capture'relational'meaning!

vector(‘king’),@ vector(‘man’),+,vector(‘woman’), ≈5vector(‘queen’)
vector(‘Paris’),@ vector(‘France’),+,vector(‘Italy’),≈ vector(‘Rome’)

81
Mikolov, Yih & Zweig (2013) [NAACL]

word2vec word embeddings
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Phoneme Embeddings

Would phoneme embeddings also be regular?

Dan,Jurafsky

Embeddings capture'relational'meaning!

vector(‘king’),@ vector(‘man’),+,vector(‘woman’), ≈5vector(‘queen’)
vector(‘Paris’),@ vector(‘France’),+,vector(‘Italy’),≈ vector(‘Rome’)

81

  /p/  

  /b/  

  /t/  

  /d/       

  /k/  

  /g/  
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Phoneme Embeddings

Would phoneme embeddings also be regular?

Dan,Jurafsky

Embeddings capture'relational'meaning!

vector(‘king’),@ vector(‘man’),+,vector(‘woman’), ≈5vector(‘queen’)
vector(‘Paris’),@ vector(‘France’),+,vector(‘Italy’),≈ vector(‘Rome’)

81

  /p/  

  /b/  

  /t/  

  /d/       

  /k/  

  /g/  

= can we see phonology from symbol distributions only?
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Phoneme Embeddings (unsupervised)

a e i o u p t k b d
a
e
i
o

t

u

k

p
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d

th
is

 s
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nd
…

occurs nearby this sound…

Spanish (phonetic)

agwaɾdaɾ e mos
     bof e teaɾ
    pɾof e ta
     noβ e ðað

left context right context
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Phoneme Embeddings (unsupervised)

a e i o u p t k b d
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occurs nearby this sound…

Spanish (phonetic)

agwaɾdaɾ e mos
     bof e teaɾ
    pɾof e ta
     noβ e ðað

left context right context

1 44 1 6 10 11 13 7 3
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a e i o u p t k b d
a
e
i
o

t

u

k

p

b
d

4 20 2 7 12 14 8 4 6
1 44 1 6 10 11 13 7 3
4 02 0 0 4 7 3 7 3
1 02 2 7 11 7 4 7 4
6 07 7 0 7 17 12 11 3
10 412 11 7 2 6 8 8 1
11 714 7 17 6 0 8 2 2
13 38 4 12 8 8 1 0 0
7 74 7 11 8 2 0 2 1
3 36 3 3 1 2 0 1 1

th
is

 s
ou

nd
…

occurs nearby this sound…

Spanish (phonetic)

agwaɾdaɾ e mos
     bof e teaɾ
    pɾof e ta
     noβ e ðað

left context right context

Phoneme Embeddings (unsupervised)
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a e i o u p t k b d
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representation for /i/

Phoneme Embeddings (unsupervised)
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a e i o u p t k b d
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representation for /i/

Phoneme Embeddings (unsupervised)

.23 .11 .0 .22 .01 .33 .45 .45 .25 .15

Convert to measures 
of mutual infomation 

(PPMI)
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a e i o u p t k b d
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d

4 20 2 7 12 14 8 4 6
1 44 1 6 10 11 13 7 3
4 02 0 0 4 7 3 7 3
1 02 2 7 11 7 4 7 4
6 07 7 0 7 17 12 11 3
10 412 11 7 2 6 8 8 1
11 714 7 17 6 0 8 2 2
13 38 4 12 8 8 1 0 0
7 74 7 11 8 2 0 2 1
3 36 3 3 1 2 0 1 1

th
is

 s
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nd
…

occurs nearby this sound… 4 02 0 0 4 7 3 7 3

representation for /i/

1.5 2.3 1.1 -0.1 1.3

+Use dimensionality 
reduction 

such as SVD to 
produce a short  

dense vector of real 
values (with no zeroes)

representation for /i/

Phoneme Embeddings (unsupervised)

.23 .11 .0 .22 .01 .33 .45 .45 .25 .15

Convert to measures 
of mutual infomation 

(PPMI)
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Phoneme Embeddings (supervised)

END

⌦ ⌦ ⌦

⌦ ⌦ ⌦ ⌦

⌦ ⌦ ⌦ ⌦ ⌦

j a l k a [PL] [ABL] END

⌦ ⌦ ⌦ ⌦ ⌦

j a l g o i l t

Train an inflection RNN and optimize vectors for the task
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SVD for pre-training

What happens if we do the this with letters/sounds/
phonemes? What will the space look like? 

 
How much information about the phonology of a language 

is available without any supervision?
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Unsupervised Spaces

120

Spanish (phonetic)

=mid > high 
offset
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Unsupervised Spaces

121

Finnish (text)

=[+front] 
harmonic group
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Distributional phone(me) representations

122

The spaces look phonologically regular, but are they?

that on the grammar level, individual languages
make maximal use of the feature inventory avail-
able (Fant, 1966). Equally prominent is the as-
sumption that any specification of phonological al-
ternations be made with the minimal number of
features necessary: “one should use the minimum
number of features required to specify all and only
the sounds in the class.” (Zsiga, 2012, p.282).
Hayes (2011), among others, argues, following
Ockham’s Razor, that this is how generalization
can take place and that phonological hypotheses
are made in precisely this way—witnessing alter-
nations that target a set of sounds, learners find
the minimal feature specification that is consis-
tent with the alternating sounds, generalizing from
there to other sounds that may enter the language.
Halle (1962) also proposes a mechanism of “fea-
ture counting” as a methodology to rule out spuri-
ous generalizations one might propose—a process
which implicitly includes the capability of feature
minimization.

Similar arguments of feature minimization are
used to perform an optimization of an entire
phonological grammar. In Radical Underspecifi-
cation, Archangeli (1984) refers to what is termed
FEATURE MINIMIZATION PRINCIPLE: “A gram-
mar is most highly valued when underlying repre-
sentations include the minimal number of features
necessary to make the different phonemes of the
language” (Archangeli, 1984, p. 48).

Given such claims concerning acquisition and
phonological analysis, it is of some interest to as-
sess the actual computational complexity of fea-
ture minimization. This entails answering how
difficult it is in the worst case to determine whether
a set of segments represents a natural class, and
also how to find the minimal feature specification.

2 Overview

We will assume a set of phonemes P—the
phoneme inventory—and another set Q, our tar-
get set that we want to express through a combi-
nation of features, and a feature system F such
as the one shown in Table 1. The first problem
we address is that of determining whether a set of
phonemes Q forms a natural class, which we call
the feature description problem. We show that this
is decidable in polynomial time. Further, we will
show that a minimization version of the problem,
which we call the feature minimization problem is
NP-complete (Garey and Johnson, 1979; Sipser,

cons son syl voi cnt nas lat ant cor hi bk lo rd
p + - - - - - - + - - - - -
t + - - - - - - + + - - - -
k + - - - - - - - - + + - -
b + - - + - - - + - - - - -
d + - - + - - - + + - - - -
g + - - + - - - - - + + - -
f + - - - + - - + - - - - -
s + - - - + - - + + - - - -
x + - - - + - - - - + + - -
v + - - + + - - + - - - - -
G + - - + + - - - - + + - -
w - + - + + - - - - + + - +
j - + - + + - - - - + - - -
l + + - + + - + + + - - - -

m + + - + - + - + - - - - -
n + + - + - + - + + - - - -
a - + + + + - - - - - + + -
e - + + + + - - - - - - - -
i - + + + + - - - - + - - -
o - + + + + - - - - - + - +
u - + + + + - - - - + + - +
y - + + + + - - - - + - - +

Table 1: An example typical feature system (truncated
to 13 features).

2013). We will show this by reduction from the
well known set covering problem (Karp, 1972).

Many phonologists espouse a combination of
binary (equipollent) and privative (univalent) fea-
tures (Trubetzkoy, 1969; Ewen and van der Hulst,
1985; Goldsmith, 1985). The rationale is that, for
example, the feature [±labial] has rarely, if ever,
been found to play a role in a phonological system
as [�labial], i.e. phonological processes that tar-
get non-labials seem to be absent. Hence, many
phonologists favor the use of a single possibility
[LABIAL] in a specification that includes the labi-
als. For this reason, we analyze separately both the
complexity of using only such privative features
(positive features only), which we call the positive
feature description problem (is Q a natural class
if we only use positive features?) and the corre-
sponding positive feature minimization problem.

3 Notation and terms

Throughout, when A is a set, we use }(A) to de-
note the power set of A.

Relative to a set P of phonemes, we define a
feature system to be a subset F ✓ }(P ). When
Q ✓ P , we define a F-description of Q to be a
sequence G1, . . . , Gm ✓ P such that there ex-
ist pairwise distinct elements F1, . . . , Fm 2 F

where:

543

=
?

distributional space “linguist” space
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Space correlation

123
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PPMI-SVD
Dim 5 15 30

Finnish 0.372 0.239 0.094
Turkish 0.448 0.247 0.023
Spanish 0.438 0.195 0.001

WORD2VEC

Dim 5 15 30
Finnish 0.364 0.368 0.374

Turkish 0.559 0.548 0.549
Spanish 0.544 0.566 0.587

RNN ENCODER-DECODER

Dim 5 15 30
Finnish 0.530 0.598 0.681

Turkish 0.557 0.545 0.582

Spanish 0.461 0.468 0.521

Table 1: Correlation between feature similarities sim(feat(x), feat(y)) and embedding similarities sim(emb(x), emb(y)) for
all unordered pairs of phonemes {x, y}. All correlations are significantly higher (with p-value < 0.01) than ones obtained
using a random assignment of embedding similarities.

Dim 5 15 30
# Top Analogies 15 30 100 15 30 100 15 30 100

PPMI-SVD

Finnish 4.47 4.80 5.03 2.67 2.87 3.67 3.00 4.53 4.89
Turkish 4.87 4.80 5.33 3.53 3.93 4.21 5.60 4.77 4.73
Spanish 6.47 6.33 5.96 5.33 5.37 5.31 4.33 4.97 5.46

WORD2VEC

Finnish 5.48 5.49 5.46 3.09 3.56 4.42 3.55 4.01 4.69
Turkish 7.07 6.89 6.66 3.67 4.47 4.68 3.53 4.66 5.91
Spanish 5.63 5.63 5.34 5.93 5.68 5.39 4.29 4.56 4.91

RNN ENCODER-DECODER

Finnish 4.39 4.41 4.84 2.72 3.59 4.40 2.08 2.60 3.56

Turkish 5.08 5.31 5.95 4.67 5.47 5.88 3.25 3.72 4.64
Spanish 6.12 6.12 5.88 6.12 5.91 5.89 5.04 4.99 5.22

Table 2: The embedding space is used to generate an n-best list of a:b::c:d analogy proposals. The table shows the number
of differing distinctive features between d and X when X is calculated by the same analogy is performed in distinctive feature
space, i.e. a:b::c:X, with a, b, and c given. For each language and each n, we show the best performing system in bold font.

FINNISH TURKISH SPANISH

A is to u as æ is to y a is to W as e is to i f is to T as p is to s

A is to o as æ is to ø a is to e as W is to i k is to ñ as t is to L
A is to æ as o is to ø a is to W as e it to y p is to R as L is to l

o is to u as ø is to y a is to u as e is to i l is to L as R is to p

A is to æ as u is to y b is to k as f is to g m is to L as r is to ñ

Table 3: Top 5 analogies (in IPA) discovered by the 30 di-
mensional RNN model for Finnish, Turkish and Spanish.

by average Hamming distance. Results are pre-
sented for the top 15, 30 and 100 analogies dis-
covered by each of the systems. Overall, there
is a strong trend that average Hamming distance
increases in distinctive feature space when more
(lower-ranked) analogies are considered in the em-
bedding space. The best results for Hamming
distance are delivered by the 30 dimension RNN
encoder-decoder for Finnish and Turkish and the
30 dimension word2vec system for Spanish. Ta-
ble 3 shows a selection of top analogies for each
language.

7 Discussion

The results both in comparing the geometry of
the spaces learned and the alignment of analo-
gies to distinctive features show a clear effect
of distinctive features being aligned and discov-

ered by distributional properties. The strength of
the alignment appears to be somewhat language-
dependent; in both Finnish and Turkish, vowel
harmony effects are quite prominent and come
out as many of the top-ranking analogies in an
embedding space. In Spanish, by contrast, the
correlation of the space is less robust, probably
because there are fewer symmetrical phonologi-
cal alternations witnessed in the data, although
±continuant alternation is a prominent one (b/B,
d/D g/G). Likewise, non-symmetric alternations in
the data may distort the vector space to not align
perfectly along distinctive feature lines. For ex-
ample, while Finnish exhibits a t/d alternation
(katu/kadun; ‘street’ nominative/genitive) the cor-
responding analogical labial alternation in the em-
bedding space is p/v (apu/avun; ‘help’ nomina-
tive/genitive), not p/b, as one would assume by
distinctive features. Such idiosyncratic alterna-
tions are often present and prevents many analo-
gies from being ‘perfect’ along distinctive feature
lines. But embedding spaces where such ‘incor-
rect’ analogies are drawn are good representations
for learning tasks such as morphological inflec-
tion since they yield generalization power to data-
driven task learning.

Correlation between distinctive feature spaces and 
embedding spaces (Pearson’s r)

consonantal

labial

voice

p (1,0,1)
b (1,1,1)

=
?

unsupervised supervised
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Do the spaces match up?

Answer: yes and no
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SVD for pre-training

Can we see phonological alternations in the 
representations?
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Some interesting alternations

126

Gradation Nom Gen Gloss
t>d katu kadun ‘street’
p>v apu avun ‘help'
k>0 haku haun ‘search’
k>v puku puvun ‘suit’

mp>mm lampi lammen ‘pond’
nt>nn kanta kannan ‘base’ 
ŋk>ŋŋ taŋko taŋŋon ‘pole’
rki>rje kurki kurjen ‘crane’

Finnish
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Gradation Nom Gen Gloss
t>d katu kadun ‘street’
p>v apu avun ‘help'
k>0 haku haun ‘search’
k>v puku puvun ‘suit’

mp>mm lampi lammen ‘pond’
nt>nn kanta kannan ‘base’ 
ŋk>ŋŋ taŋko taŋŋon ‘pole’
rki>rje kurki kurjen ‘crane’

Finnish

A result of a mixed bag of historical and other sound changes

Some interesting alternations
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Gradation Nom Gen Gloss
t>d katu kadun ‘street’
p>v apu avun ‘help'
k>0 haku haun ‘search’
k>v puku puvun ‘suit’

mp>mm lampi lammen ‘pond’
nt>nn kanta kannan ‘base’ 
ŋk>ŋŋ taŋko taŋŋon ‘pole’
rki>rje kurki kurjen ‘crane’

Finnish
Some interesting alternations
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Gradation Nom Gen Gloss
t>d katu kadun ‘street’
p>v apu avun ‘help'
k>0 haku haun ‘search’
k>v puku puvun ‘suit’

mp>mm lampi lammen ‘pond’
nt>nn kanta kannan ‘base’ 
ŋk>ŋŋ taŋko taŋŋon ‘pole’
rki>rje kurki kurjen ‘crane’

Finnish
Some interesting alternations

“t is to d”…

“as p is to v”
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Gradation Nom Gen Gloss
t>d katu kadun ‘street’
p>v apu avun ‘help'
k>0 haku haun ‘search’
k>v puku puvun ‘suit’

mp>mm lampi lammen ‘pond’
nt>nn kanta kannan ‘base’ 
ŋk>ŋŋ taŋko taŋŋon ‘pole’
rki>rje kurki kurjen ‘crane’

Finnish

Do we see t>d and p>v as an analogy in the embedding 
space?

Some interesting alternations
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Learning Phonology from Distr. Properties

131

Finnish (text)

t:d :: p:v
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Learning Phonology
The phonology of a language is encoded (partly) in the 

distributional information of the phonemes
Do we need distinctive features in linguistic models?

that on the grammar level, individual languages
make maximal use of the feature inventory avail-
able (Fant, 1966). Equally prominent is the as-
sumption that any specification of phonological al-
ternations be made with the minimal number of
features necessary: “one should use the minimum
number of features required to specify all and only
the sounds in the class.” (Zsiga, 2012, p.282).
Hayes (2011), among others, argues, following
Ockham’s Razor, that this is how generalization
can take place and that phonological hypotheses
are made in precisely this way—witnessing alter-
nations that target a set of sounds, learners find
the minimal feature specification that is consis-
tent with the alternating sounds, generalizing from
there to other sounds that may enter the language.
Halle (1962) also proposes a mechanism of “fea-
ture counting” as a methodology to rule out spuri-
ous generalizations one might propose—a process
which implicitly includes the capability of feature
minimization.

Similar arguments of feature minimization are
used to perform an optimization of an entire
phonological grammar. In Radical Underspecifi-
cation, Archangeli (1984) refers to what is termed
FEATURE MINIMIZATION PRINCIPLE: “A gram-
mar is most highly valued when underlying repre-
sentations include the minimal number of features
necessary to make the different phonemes of the
language” (Archangeli, 1984, p. 48).

Given such claims concerning acquisition and
phonological analysis, it is of some interest to as-
sess the actual computational complexity of fea-
ture minimization. This entails answering how
difficult it is in the worst case to determine whether
a set of segments represents a natural class, and
also how to find the minimal feature specification.

2 Overview

We will assume a set of phonemes P—the
phoneme inventory—and another set Q, our tar-
get set that we want to express through a combi-
nation of features, and a feature system F such
as the one shown in Table 1. The first problem
we address is that of determining whether a set of
phonemes Q forms a natural class, which we call
the feature description problem. We show that this
is decidable in polynomial time. Further, we will
show that a minimization version of the problem,
which we call the feature minimization problem is
NP-complete (Garey and Johnson, 1979; Sipser,

cons son syl voi cnt nas lat ant cor hi bk lo rd
p + - - - - - - + - - - - -
t + - - - - - - + + - - - -
k + - - - - - - - - + + - -
b + - - + - - - + - - - - -
d + - - + - - - + + - - - -
g + - - + - - - - - + + - -
f + - - - + - - + - - - - -
s + - - - + - - + + - - - -
x + - - - + - - - - + + - -
v + - - + + - - + - - - - -
G + - - + + - - - - + + - -
w - + - + + - - - - + + - +
j - + - + + - - - - + - - -
l + + - + + - + + + - - - -

m + + - + - + - + - - - - -
n + + - + - + - + + - - - -
a - + + + + - - - - - + + -
e - + + + + - - - - - - - -
i - + + + + - - - - + - - -
o - + + + + - - - - - + - +
u - + + + + - - - - + + - +
y - + + + + - - - - + - - +

Table 1: An example typical feature system (truncated
to 13 features).

2013). We will show this by reduction from the
well known set covering problem (Karp, 1972).

Many phonologists espouse a combination of
binary (equipollent) and privative (univalent) fea-
tures (Trubetzkoy, 1969; Ewen and van der Hulst,
1985; Goldsmith, 1985). The rationale is that, for
example, the feature [±labial] has rarely, if ever,
been found to play a role in a phonological system
as [�labial], i.e. phonological processes that tar-
get non-labials seem to be absent. Hence, many
phonologists favor the use of a single possibility
[LABIAL] in a specification that includes the labi-
als. For this reason, we analyze separately both the
complexity of using only such privative features
(positive features only), which we call the positive
feature description problem (is Q a natural class
if we only use positive features?) and the corre-
sponding positive feature minimization problem.

3 Notation and terms

Throughout, when A is a set, we use }(A) to de-
note the power set of A.

Relative to a set P of phonemes, we define a
feature system to be a subset F ✓ }(P ). When
Q ✓ P , we define a F-description of Q to be a
sequence G1, . . . , Gm ✓ P such that there ex-
ist pairwise distinct elements F1, . . . , Fm 2 F

where:

543

Languages aren’t perfectly regular in their phonology 
anyway, and rigid binary features don’t capture this
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Wiemerslage, A. & Silfverberg, M. & Hulden, M. (2018). 
Phonological Features for Morphological Inflection. 
SIGMORPHON.

… And features don’t help learning

• Adding explicit feature knowledge to a 
inflectional neural system doesn’t necessarily 
make the system learn any faster
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Black Box Learning

(III) Phonology

Takeaway: Some kinds of information postulated as necessary 
for language learning can probably be dispensed with 
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Black Box Learning
(III) Phonology

Takeaway 2: Is a structuralist distributional revival happening 
through NLP???

“[T]he meaning of a word is its use in the 
language” (Wittgenstein, 1953) 

“All elements of speech (phonological, lexical, 
and grammatical) are now to be defined and 
classified in terms of their relations to one 
another” (W. Haas, 1954)

J.R. FirthZ. Harris

In the language itself, there are only differences.  
(de Saussure, 1916)
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Black Box Learning

(IV) Historical Linguistics

Cotterell, R. & Kirov, C., Hulden, M., Eisner, J. (2018). On the 
Diachronic Stability of Irregularity in Inflectional Morphology. 
NAACL/ArXiv.
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Irregular Morphology Over Time

• Linguistic question: why do languages maintain irregular 
forms. That just makes learning complicated. 

• Now I have to know that the past tense of run is ran, not 
runned 

• Would one expect all words to regularize over time?
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Irregular Morphology Over Time
• TL;DR: learn a seq2seq model that in turn trains another 

one, and another one, over many generations! 
• Vary the frequency of irregulars to see what happens
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Results

Generation 3

• Unigram: use unigram 
distribution of freqency 
(mimics real life) 

• Uniform: all words equally 
probable in training
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Results

• If words were uniformly 
distributed, we would never 
learn irregulars 

• If the distribution is skewed, 
we can maintain them 

• Even very rare forms like 
undergo>underwent can be 
learned if go>went is 
sufficiently frequent 
• Patterns of irregularity can 

be stable over a long period Generation 3
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Conclusion

141

• If our black box is a good 
enough learner, we can do 
linguistic research with it even if 
we don’t understand it 

• It doesn’t really matter if it’s a 
neural model or not - almost 
any black box will do 

• Need to change the way 
experiments are set up (an 
opportunity to get creative!)
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Plug

142

• Cross-lingual learning challenge 
of morphology (including several 
Uralic languages!) 

• Shared task at ACL 2019 
• See lots of inflection examples 

from a high-resource language 
(say Finnish). Can you learn a 
low-resource one from just a few 
examples (say Votic)?

Sample pairs

https://sigmorphon.github.io/

Data is released, everything ready to go! 
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Thank You


