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ABSTRACT
As part of language acquisition, children acquire knowledge of the

sound pattern of their language – their knowledge of morpho-

phonology – which goes well beyond the plain phonetic form

of words. According to a long-standing model in linguistics, the

child acquires this knowledge by searching a complex and possi-

bly infinite hypothesis space consisting of all learnable morpho-

phonological grammars. We present a general learning algorithm

for morpho-phonology that uses the principle of Minimum Descrip-

tion Length to choose between competing hypotheses and that

relies on a genetic algorithm to search the hypothesis space. We

describe the genetic algorithm and its evolutionary operators which

are defined over linguistic representations. The genetic algorithm

performs better than an earlier search algorithm used for learn-

ing in this domain and allows the learner to successfully acquire

complex morpho-phonological processes in natural language.
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1 INTRODUCTION
As part of language acquisition, children acquire knowledge of

the sound pattern of their language – their knowledge of morpho-

phonology – which goes well beyond the plain phonetic form of

words. For example, English speakers know that the word [dOgz]
‘dogs’ is formed by combining the noun [dOg] ‘dog’ with the plural

suffix [-z].1 English speakers do not simply memorize the singular

and plural forms of every word. Instead, they generalize beyond

their input and are able to generate plural forms for words they

1
Square brackets indicate the surface phonological representation of words, as opposed

to, e.g., their orthographic representation.
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have never heard before, such as the plural [w2gz] ‘wugs’ for the
nonce word [w2g] ‘wug’ [5]. The task of separating unsegmented

words in the input into morphemes (and learning the ways in which

morphemes can be combined) is the segmentation task.
The segmentation task for the child is non-trivial, given that

their input does not contain overt information signaling the bound-

aries between different morphemes. It is further complicated by

the fact that phonological processes can obscure the pronunciation

of morphemes. For example, while the English plural suffix is pro-

nounced as [-z] in [dOgz] ‘dogs’, it is pronounced as [-s] in [kæts]
‘cats’. The pronunciation of the plural morpheme in different con-

texts is systematic: it is pronounced as the voiceless consonant [-s]
after voiceless consonants (like [t]) but as the voiced consonant

[-z] elsewhere.2 Here, again, speakers do not memorize the pro-

nunciation of the plural morpheme together with the noun that it

combines with. Rather, they choose the appropriate variant ([-s] or
[-z]) depending on the final consonant of the noun, even when they

have never heard the plural form of the noun before [5]. The task

of learning the systematic distribution of sounds during language

acquisition is the phonological task. In this work, we present an

unsupervised learning algorithm that relies on a genetic algorithm

to address both learning challenges – the segmentation task and

the phonological task – simultaneously.

A plausible learning algorithm for morpho-phonology will need

to be able to generalize beyond the input, since speakers know that

nonce forms like [w2gz] are grammatical (they obey the rules of

the language). At the same time, however, a learning algorithm

must not over-generalize, since speakers know that nonce forms

like
∗[kætz] are ungrammatical (they do not obey the rules of the

language).
3
This knowledge is acquired in the absence of direct

negative evidence that forms like
∗[kætz] are ungrammatical (see

[7, 29] for a discussion of negative evidence in language acquisition).

That is, the learner must avoid making over-generalizations without

receiving restrictive feedback, and at the same time avoid overfitting

the data in order to be able to generalize.

Our approach to the learning challenge is based on the idea of

simplicity: grammars are considered good by the learner if they

lead to an overall short description of the input data. Using this

criterion, formalized through the principle of Minimum Descrip-

tion Length (MDL; [35]) and described in Section 2, the learner can

search through the space of possible grammars and try to find the

one that minimizes the overall description length of the input data.

As we review below, MDL addresses the need to generalize at an

intermediate level, avoiding both over- and under-generalization.

This has made MDL a useful approach to various learning tasks in

the domain of language (see [6, 9, 12, 15, 16, 18, 23, 36, 38], among

others), including aspects of morpho-phonological learning (see

2
Phonetically, a voiced consonant is produced with a vibration in the vocal folds, while

a voiceless consonant is not.

3
An asterisk indicates an ungrammatical form.
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[19, 20, 31, 33]). However, while the MDL metric itself appears to

be a promising guide for choosing between competing grammars,

using it to search through the (potentially infinite) hypothesis space

of possible grammars has proven difficult. One approach in the lit-

erature has been to simplify this search, typically by focusing first

on segmentation and only later on phonology, and restricting the

phonological part to morpheme boundaries (see, e.g., [19, 20, 31]).

This, however, risks limiting the scope of the learner to a proper

subset of what children can acquire (for example, in phenomena

in which there are dependencies between the phonological and

segmentation tasks; see [34]). A different approach has been taken

in [33], where segmentation and phonology are acquired simultane-

ously. However, that attempt was limited by the search procedure

that it relied on – namely, simulated annealing – to extremely

simple patterns and very small datasets. We believe that genetic

algorithms, due to their inherent parallelizability, offer a way to

search through the complex hypothesis space of joint segmentation

and phonology, thus making it possible to overcome the limita-

tion of earlier learners in the literature. Our goal in this paper is

to describe the design and implementation of such a genetic algo-

rithm, focusing on the genetic operators that allow it to navigate

the complex search space of morpho-phonological grammars.

The paper is organized as follows. Section 2 introduces MDL

learning for morpho-phonology. Section 3 describes the implemen-

tation details of the proposed genetic algorithm. Section 4 presents

sample simulation results. Alternative search methods and imple-

mentation choices are discussed in Section 5. Section 6 concludes.

2 A SIMPLICITY CRITERION FOR
MORPHO-PHONOLOGY

In the context of morpho-phonological learning, a hypothesis is a

grammar – a characterization of speakers’ knowledge. According to

a long-standing model in phonology [11], a morpho-phonological

grammar consists of two components: a lexicon, which stores the

morphemes of the language along with information on how they

can be combined; and phonological rewrite rules, which convert

stored lexical entries into their surface phonological forms. In our

toy English example from before, and considering the words [dOgz]
and [kæts], the grammar could consist of a lexicon with three

morphemes {/dOg/, /kæt/, /-z/} along with the information

that /-z/ optionally follows /dOg/ and /kæt/, and a phonological

rule that converts /-z/ to [-s] after a voiceless consonant.
4
The

phonological rule will derive the correct pronunciation of the plural

morpheme in different contexts.

For the purpose of evaluating competing grammars, the MDL

principle states the following; when choosing between grammars,

given the observed data D, choose the grammar G that minimizes

the sum:

|G | + |D:G | (1)

4
Forward slashes (//) indicate the phonological representation of a lexical entry (as

opposed to its orthographic representation or its surface phonological representation).

In morpho-phonology, the two summands in (1) have the follow-

ing meaning:

011010010010000001101︸                         ︷︷                         ︸
Lexicon

10101010010︸         ︷︷         ︸
Phonological

Rules︸                                            ︷︷                                            ︸
G

011000010110010001101001︸                              ︷︷                              ︸
D : G

• |G | – the number of bits used to encode the grammar G,
which contains a lexicon and a set of phonological rules.

• |D:G | – the number of bits used to encode the words in D
(‘data’), given that the grammar G has been learned.

By minimizing the two factors in (1), the learner balances be-

tween an over-generalizing grammar and an over-restrictive one.

Simpler grammars are often more permissive; if G becomes more

permissive, |G | will tend to become shorter, while |D:G | will grow,

since specifying the observed data from among more alternative

surface forms thatG can generate will require additional bits. On

the other hand, if G becomes more restrictive (for example, if it

stores surface forms in the lexicon without segmentation), |D:G |

will diminish, but |G | will be larger. This balancing between gram-

mar simplicity and restrictiveness makes it possible to generalize

while avoiding over-generalization, and to store a lexicon without

overfitting the data.

2.1 Representations
In order to apply the MDL principle to learning morpho-phonology,

it is necessary to measure the encoding length of the hypothe-

ses that make up the learner’s search space. For this we need to

explicitly state the representation and encoding scheme for our

hypotheses. The search algorithm will operate directly over the

chosen representations.

2.1.1 Phonological rules. A standard assumption in phonology

is that each segment (consonant or vowel) is represented as a set

of binary features that describe its articulatory properties. For ex-

ample, the first segment in ‘dog’, [d], can be represented using the

features ‘+cons’ (which indicates that the segment is consonantal),

‘+voice’ (which indicates that the segment is voiced), the features

‘+coronal’ and ‘-velar’ (which provide information about the place

of articulation of the consonant), and so on:


+cons
+voice
+coronal
−velar
· · ·


(2)

The representation of segments as sets of binary features is moti-

vated by evidence that language speakers can make phonological

generalizations over sub-segmental features [24, 25].

The segments and features that are available to the learner are

illustrated in the simplified Table 1. The actual table used in our

simulations is significantly larger and would ideally contain all

options available to the child learner.
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cons voice velar cont back

d + + - - -

t + - - - -

g + + + - -

k + - + - -

z + + - + -

s + - - + -

i - + - + -

u - + - + +

· · ·

· · ·

Table 1: Partial phonological feature table

Phonological rules are represented in the rewrite-rule format

from Chomsky & Halle’s The Sound Pattern of English (SPE; [11]),

depicted in Figure 1.

A︸︷︷︸
focus

→ B︸︷︷︸
change

/ X︸︷︷︸
left context

Y︸︷︷︸
right context

(optional?)

Figure 1: SPE rewrite rule format

A and B are feature vectors like the one in (2) that may also

be empty (∅). X and Y are (possibly empty) sequences of feature

vectors that specify the left and right context in which the rule

is allowed to apply. Informally, a rule that follows this format is

interpreted as follows: if a segment whose features match the ones

in A appears between segments that match features X on the left

and Y on the right, then it is modified so that its features match

the ones in B. optional is a boolean flag specifying whether the rule

applies optionally or obligatorily.

The rule in (3) is one possible statement of the English voicing

assimilation rule mentioned in Section 1. The rule states that non-

sonorant consonants (like /z/ but unlike /n/) become voiceless

when preceded by any voiceless segment:[
+cons

−sonorant

]
→

[
−voice

]
/
[
−voice

]
(3)

In order to measure the binary encoding length of a rule, it

must first be serialized into a binary string. This is done using a

conversion table that maps rule components to binary strings. The

length of each symbol in bits is determined by the overall number

of components in the rule. A naive binary encoding is used: if there

are n possible symbols in a rule, each binary string will be of length

⌈log
2
n⌉ bits.

2.1.2 Lexicon. The lexicon is represented as a Hidden Markov

Model (HMM). Each state has a transition function, in addition to a

set of emissions. Here, the emissions in each state correspond to

morphemes, and transitions represent legal morpheme combina-

tions. Each path from the initial state of the HMM to its final state

corresponds to a sequence of morphemes that produces a valid

word in the language. An example HMM for the English words

/kæt/ and /dOg/ and the optional suffix /-z/ is given in Figure 2.

This HMM can produce both the singular and plural forms of each

noun (/dOg/, /dOgz/, /kæt/, /kætz/), and these will be subject

to the application of phonological rules (which would convert, for

example, /kætz/ into [kæts]).

Figure 2: HMM representing a limited English lexicon with
the plural suffix /-z/

In order to encode the lexicon as a binary string and measure

its length, the HMM is serialized similarly to the phonological

rules above. Each symbol in the final encoding is a binary string of

length ⌈log
2
n⌉ bits, where n is the number of symbols required to

represent an HMM: all states, segments (that make up emissions),

and delimiters that make it possible to reconstruct the HMM from

its flattened string form.

2.2 Data given the grammar
In order to measure the encoding length of the data given the gram-

mar – the |D:G | term in theMDL sum –we need to consider how the

data are generated by the grammar. To describe every data point (a

surface phonological form) given the grammar, we need to specify

the following choices. First, the choice of a combination of mor-

phemes from the lexicon (which corresponds to a specification of a

path from the HMM’s initial state to its final state). Second, we need

to specify the application of optional phonological rules (obliga-

tory rules always apply and do not require additional specification).

Brute-force calculation of the smallest number of bits required for

the description of every data point is generally infeasible, since a

grammar typically generates many output forms, often infinitely

many. To make the calculation efficient, we compile the lexicon and

rules into a finite-state transducer (FST) using the method described

in [27] and use dynamic programming for parsing. The outputs

of the FST corresponds to all words generated by the grammar. In

order to calculate |D:G |, each word in D is fed through the FST, and

the number of bits required to encode each transition choice along

the way is taken as its encoding length. Once again a naive binary

encoding is used, in which a selection between n transitions has a

uniform probability and costs ⌈log
2
n⌉ bits. Note that a grammar

may generate more or fewer outputs than the target grammar: for

example, if the grammar is over-generalizing, it will generate more

words than D contains; in this case the MDL criterion will assign a

longer description length to |D:G | because more encoding choices

will be made along the way.

Figure 3 is an example FST for a grammar consisting of the

English voicing assimilation rule in (3) and a lexicon with the mor-

phemes /dOg/ and /kæt/ and the plural suffix /-z/.
Let us follow a sample calculation of the encoding length of the

surface form [kæts] – the result of combining /kæt/ with the plural

suffix /-z/ and then applying the voicing assimilation rule. First,

the transition from q0 to q1 is deterministic and costs 0 bits. Then,

each of the two outgoing transitions from q1 costs ⌈log2 2⌉ = 1 bits,
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Figure 3: FST for a toy English grammar with a voicing as-
similation rule and a lexicon containing /dOg/ and /kæt/
and the plural suffix /-z/

representing the selection of one of the two morphemes. We take

the transition toq3 representing /kæt/. The next non-deterministic

choice occurs at the transition from q7 to either q9 or q10, which
represents specifying whether the plural suffix should be added and

costs ⌈log
2
2⌉ = 1 bit. Note that since the correct environment for

the rule (a consonant following a voiceless consonant) applies here,

the transducer translates the voiced /z/ to the voiceless /s/ when

transitioning fromq7 toq10; this is in contrast to the transition from
q6 to q8 where the plural suffix remains voiced when following a

voiced consonant. The next transition to the final accepting state is

deterministic and costs 0 bits. The final encoding length for [kæts]
is thus 2 bits. This process is repeated for each surface form in the

corpus and summed to form |D:G |.

3 GENETIC ALGORITHM
The learner is exposed only to phonetic transcriptions of utterences,

and is expected to induce the correct underlying rules and lexicon

that generated them. This is done by searching for a hypothesis with

a minimal description length. Since the hypothesis space is infinite,

brute-force search for the optimal hypothesis is infeasible. More-

over, the hypotheses that the learner is manipulating are discrete

objects which do not easily convert to continuous representations,

and we are not aware of any differentiable approximations to the

MDL target function. At present this makes the task irrelevant to

gradient-based optimizers like artificial neural networks.

Genetic Algorithms (GAs; [26]) are a general optimization strat-

egy that can traverse complicated search spaces and can operate on

discrete symbolic objects, like the ones manipulated by this learner.

Working in the context of phonological rules and morphological

lexicons, the basic operators used by GAs – mutation and crossover

– needed to be implemented in a way that will be expressive enough

to allow the algorithm to develop hypotheses effectively.

The following subsections describe the implementation details

of the GA. We wish first to emphasize that the search algorithm in

this work is chosen solely for its ability to efficiently optimize the

present learning task; we assume nothing about the way the human

brain actually performs the search, of which we still know very lit-

tle.
5
The code for the learner is available at: github.com/REDACTED.

5
It is worth noting that works such as [13] and [44] have drawn parallels between

language acquisition and Darwinian evolution.

Figure 4: Random HMM

R1 : [+cons] → [+coronal]/ [+voice] (optional)

R2 : [+liquid] → ∅/[+coronal ,+strident] (obliдatory)

Figure 5: Random rule set

HMM Rules
Add random emission Add random rule

Remove emission Remove rule

Concatenate two emissions Demote rule

Copy emission to another state Promote rule

Add segment to emission Flip ‘optional’ flag value

Replace segment in emission Add random feature set

Add new state Remove a feature set

Remove existing state Add feature to a set

Add transition Remove feature from set

Remove transition Flip feature binary value

Table 2: Available mutations

3.1 Population initialization
Upon simulation start, a population of sizeN is generated randomly.

Each hypothesis in the population consists of an HMM representing

the lexicon, and a rule set.

3.1.1 Random lexicon. A randomHMMrepresenting the lexicon

is created by generating a chain of states, with a random number of

states leading from the initial state q0 to the final state qf (Figure 4).

Each state is assigned random emissions, using the table of available

segments. The maximum number of states, maximum number of

emissions per state, and their maximum length are configurable

parameters of the simulation.

3.1.2 Random rules. A random set of rules is generated, each

containing a random feature set for each of the target, change, and

context positions (Figure 5). The maximum number of rules in a set

and the maximum number of features per position are configurable

parameters of the simulation.

3.2 Mutation
An individual undergoes mutation using one of the mutations in

Table 2. One of the hypothesis’ components – lexicon or rule set

– is selected with uniform probability (0.5), and one mutation is

selected from the relevant list, also with uniform probability.
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3.3 Crossover
The crossover operator was implemented separately for the lexicon

component and the rule component. Two hypotheses are mated by

applying crossover to one of the components, selected at random

with uniform probability (0.5).

3.3.1 Lexicon crossover. One naive way to implement crossover

between HMMs is to represent both parent HMMs as transition ma-

trices, and then to crossover the rows and their respective emissions.

After switching the rows, the offspring HMMs can be reconstructed

from the result transition matrices (see Figure 6). This crossover

implementation is in the spirit of the canonical GA binary-string

crossover, in the sense that it flattens the HMM structure to binary

matrices similar to bit-strings and then applies random crossover

to the flat representation.

However, HMMs contain more layers of information – emissions

and state transitions – and flattening this structure may produce

defective offspring. For example, in the context of morphological

segmentation, the HMM’s functionality often arises from a combi-

nation of states, e.g., two consecutive states that represent stems

and suffixes. If the rows are switched randomly, the states may

get separated and the hypothesis will become invalid. Moreover,

we have noticed that during an intermediate stage of the learning

process, an HMM which is not yet optimal often contains a loop of

transitions, which allows it to freely concatenate segments to create

all possible morphemes; this is not an optimal hypothesis because

it is wasteful in terms of |D:G |, but it may still evolve into hypothe-

ses that can better represent the corpus. If this loop is broken the

HMM will fail to generate all morphemes and the hypothesis will

become invalid. In addition, the learned segmentation may be id-

iosyncratic to the current overall grammar, where it interacts with

the phonological rules.

We have implemented several HMM crossover operators that

manipulate both emissions and transitions, described in Section 5.1.

We opted eventually for a simple crossover implementation that

moves only the emissions between parents while keeping transi-

tions intact. The rationale is that an accepting parent, who had

hopefully learned a somewhat-correct segmentation, may bene-

fit from morphemes it still has not discovered. Emissions from a

state in one parent move with uniform probability to the respective

state in the other parent. This crossover implementation leaves the

evolution of the HMM topology to the mutation operator alone.

3.3.2 Rules crossover. Similarly to lexicons, crossover for rules

needed to be implemented in a way that will preserve useful rules

that were evolved. In our implementation a rule is crossed-over

with the other parent’s rule at the same position, with uniform

probability (0.5). If one parent has more rules, the smaller set can

receive rules from the other, and the overall number of rules stays

intact. As with lexicon crossover, this implementation leaves the

evolution of rules mostly to mutation.

3.4 Fitness
The fitness of an individual is set to the hypothesis’ encoding length

(number of bits in |G |+ |D : G |), as described in Section 2.2. However,

for GA implementations that operate on non-continuous hypothesis

spaces, like this learner, it is common to design the fitness function

so that invalid hypotheses also receive a fitness score, usually with

a penalty, to help guide the search towards meaningful hypotheses

[30]. Thus, in our implementation fitness scores are also assigned

to hypotheses that cannot generate the data, according to the fol-

lowing heuristic. Note that we are dealing with a minimization task,

where lower fitness is better.

Hypothesis Fitness Calculation.
• A valid hypothesis’ fitness value is taken as |G | + |D : G |

• An invalid hypothesis that can’t parse all words gets a pe-

nalized fitness value equal to:

threshold + (penalty · number of not-represented words)

• penalty is a configurable cost in bits to add for each not-

represented word, e.g., 1,000 bits.

The threshold is set according to the worst hypothesis in the

population:

• If the entire population fails to parse all words, the thresh-

old is set to a high value (e.g., 1,000,000), higher than any

reasonable hypothesis energy.

• If a hypothesis exists that can fully represent all words in

the corpus, the threshold is set to the energy of the worst

valid hypothesis.

This heuristic will always score invalid hypotheses as worse

than valid ones, while ordering them by their potential validity.

This helps to quickly guide the search towards hypotheses that

represent the data, when the population has just been randomized

and most of the hypotheses do not represent any data.

3.5 Parallelization
One naive way to parallelize the canonical genetic algorithm is

to distribute the mutation, crossover, and evaluation operations

across multiple processes, in a ‘worker pool’ structure in which

each worker process receives a hypothesis, applies one of the oper-

ations to it, and sends the result back to the master process. Since

each application of the basic genetic operators is independent of

other individuals’ results, this parallelization scheme can poten-

tially yield a speedup linear in the number of processes. However,

it also incurs an overhead cost due to intensive communication

between processes, which may cancel out the parallelization gain.

We adopt instead the Island Model parallelization scheme [1, 8,

21]. Inspired by evolutionary speciation and niching, the model di-

vides the overall population into ‘islands’. Each island is in essence

an independent vanilla genetic algorithm, which evolves a sub-

population. Each island is run in a parallel process that is mostly

independent of other islands. Once in every number of generations

a migration step occurs, during which some individuals from each

island are copied to an adjacent island. After each island has com-

pleted the overall preconfigured number of generations, the best

hypothesis from all islands is taken as the optimal solution.

Unlike the naive parallelization scheme, here the processes rarely

communicate, and when they do, only a small fraction of the popu-

lation is sent, which improves run times significantly.

The rate with which the migration step occurs is called the

migration interval, and the percentage of individuals that migrate is

called the migration ratio (Mratio ). We implemented two migration
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Figure 6: Naive HMM crossover using transition matrices. (a) The transitions of each parent HMMs are represented as transi-
tion matrices. (b) Rows 0 and 2 are selected at random for crossover. (c) New transition matrices are created by switching the
selected rows and their emissions. (d) The offspring HMMs are constructed from the new transition matrices.

topologies. The first is a naive circular scheme that always sends

individuals from one island to its immediate neighbor, i.e., from

island I to island I + 1, or more exactly to (I + 1)mod(total_islands).
This strategy is easy to implement, but can be slow in propagating

novelties between populations: a feature discovered in one island

will take many generations to propagate to distant islands. It is

also prone to bottlenecks that may be caused by island processes

that are slower or have crashed. We opted instead for a topology

that also arranges the islands in a ring, but performs migration in a

round-robin fashion [39]. This topology enables genetic innovation

to spread faster between islands and helps to avoid bottlenecks.

For selecting outgoing migrants and assimilating incoming ones,

we adopt the method in [39]: the fittest Mratio individuals of an

island are sent as migrants, and the same amount of the worst

individuals are replaced. For island synchronization, we follow the

recommendations in [4], mainly: the islands never wait for each

other (asynchronous migration), since some islands may run more

slowly than others; if incoming migrants are not available at the

migration step, the island continues without incorporating any;

and if an island is sent several groups of migrants from different

islands before its migration step, the most recent group of migrants

is taken. These heuristics help speed up the search, since almost no

synchronization delays occur and the dependency between islands

is minimized.

3.6 Selection
We use rank-based selection [3], a variant of fitness-proportionate

roulette-wheel selection [17], which assigns a selection probability

based on an individual’s rank in the population, instead of its di-

rect fitness value. This leaves the selection function monotonically

increasing, but relaxes the selection pressure by allowing individ-

uals with lower fitness to survive, thus maintaining population

diversity. In addition, we employ Elitism – a simple yet effective

mechanism that prevents losing the best individuals in a popula-

tion [14]: a configurable percentage of the best individuals in each

generation is kept for the next generation, independent of mutation

and crossover.

stem\suffix ∅ -z -ing -er · · ·

rent rent rents renting renter

klaimb klaimb klaimbz klaimbing klaimber

kros kros krosiz krosing kroser

analaiz analaiz analaiziz analaizing analaizer

· · ·

Table 3: English simulation sample data

G =



Rules:

R1 : ∅ → [+hiдh,−back]/[+strident] [+strident]

R2 : [−son] → [−voice]/[−voice]

Lexicon:

Stems = rent, klaimb, glu, komit, straik, drim, kontrol, . . .

Suffixes = ϵ, z, ing, er, al, abl,ment, i, . . .

Description length: |G | + |D:G | = 894.1 + 19,914.4 = 20,808.5

Figure 7: Final grammar for the English rule-ordering simu-
lation. It includes the correct epenthesis and voicing assim-
ilation rules, in correct order, and a segmented lexicon.

4 RESULTS: ENGLISH SEGMENTATION AND
RULE ORDERING

The dataset for our simulation was generated by an artificial gram-

marmodeled after the interaction of voicing assimilation and epenthe-

sis in English. As mentioned before, English voicing assimilation

de-voices consonants like /z/ when preceded by a voiceless con-

sonant. Another rule of epenthesis inserts the vowel [I] between
two sibilant consonants, as in [glæsIz] ‘glasses’. In the rule-based
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model of phonology we have adopted in this paper, the interaction

between multiple rules is modeled using rule ordering. To derive

forms such as [glæsIz], where voicing assimilation does not apply

and the suffix remains voiced, the epenthesis rule is ordered before

the voicing-assimilation rule. When epenthesis applies to the mor-

pheme combination /glæs-z/, it disrupts the adjacency between

the suffix and the preceding consonant, rendering assimilation in-

applicable. The opposite ordering would have derived the incorrect

form *[glæsIs]. To learn the English pattern correctly, the learner

needs to acquire the two rules, as well as the correct ordering

(epenthesis before assimilation), jointly with segmentation.

The learner was presented with 250 words generated by combin-

ing 25 stems and 10 suffixes and applying the two rules in order. A

sample of the data is provided in Table 3. The simulation used 750

islands with a population of 200 (a total population of 150,000), a

crossover rate of 0.2 and a mutation rate of 0.8, and ran for 5,000

generations.
6
The learner converged on the expected lexicon and

on the two rules – epenthesis (R1) and assimilation (R2) – and their

correct ordering (Figure 7).

5 ALTERNATIVES
5.1 Alternative HMM Crossover Operators
HMMs are made of two layers of information – emissions and tran-

sitions. In the segmentation task they represent the morphemes

and ways of combining them, which are highly co-dependent. Ran-

domly switching these two layers may render the HMM useless in

terms of generating the data. The crossover operation thus needs

to be conservative enough so as not to destroy valuable learned

aspects of an HMM, but at the same time expressive enough to

result in the inheritance of valuable traits.

We experimented with crossover implementations inspired by

two main types of previous works: those designed specifically

for HMMs, and those designed for formalisms resembling HMMs,

mainly directed graphs. [40–43] have used genetic algorithms for

learning HMM topologies for DNA sequence analysis, using var-

ious graph representations similar to the ones below. [10] used a

transition-matrix representation similar to the one described in

Section 3.3.1. Since HMMs can be seen as a specific case of di-

rected graphs, we also considered implementations used for evolv-

ing graphs, including implementations designed to evolve efficient

neural-network topologies [37] (which are usually represented as

directed weighted graphs).

In what follows, we describe crossover operators that we de-

veloped that were not sufficient to evolve successful hypotheses

without the help of mutation. These operators improved conver-

gence rates compared to simulations in which only mutation was

allowed, but the model still heavily relies on mutations. Mutations

turned out important for evolving HMM emissions, as well as the

internal parts of rules, which were not able to be acquired through

crossover alone. Simulations in which only crossover was allowed

converged prematurely on bad solutions. We leave the development

of alternative, more successful crossover operators for future work.

6
The simulation ran on three AWS c5.18xlarge machines with 72 vCPUs each (3.0 GHz

Intel Xeon), each machine running 250 islands.

Figure 8: HMM crossover using connected components. (a) A
connected component is selected from each parent. (b) Each
offspring receives a component from the other parent. Note
how loops are preserved.

Figure 9: HMM crossover using subgraphs. (a) A transition
arc in each parent is selected as a cutoff point – for the upper
parent the arc from q2 to q3 and for the lower parent from q1
to q2. (b) The offspring are constructed by crossing-over the
parent graphs above and below the cutoff points.

5.1.1 Connected components crossover (Figure 8). Each parent

HMM is considered as a directed graph, and its connected compo-

nents are found. Two connected components are randomly chosen

from each parent and switch places. One incoming arc and one

outgoing arc from each component are kept and re-attached to the

new inserted component. The emissions of each crossed-over state

move with their respective states. The motivation for this crossover

operator is to switch groups of consecutive states instead of single,

randomly-selected states; since the learner often needs to evolve

meaningful consecutive transitions, e.g., stems and suffixes, this

operator may help preserve these structures. It also prevents loops

from being broken, which may help preserve valid hypotheses.

5.1.2 Subgraph crossover (Figure 9). This implementation is

based on the crossover operator used in Genetic Programming (GP).

In GP, programs are often represented as tree graphs, in which

each node contains a functional operator. The common crossover

operator for GP trees consists of selecting a branch in each parent
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tree, cutting the sub-trees stemming from the selected branches,

and hanging each sub-tree back at the other parent’s cutoff point.

This implementation respects the learned functionality of the tree

and has the potential of importing functionality from both parents

to create superior offspring.

An arc in each parent HMM is chosen randomly. The HMM is cut

at the chosen arc, and the subgraph stemming from it is switched

with the subgraph from the other parent. Since HMMs are not

necessarily trees and may contain cycles, in our implementation

only arcs that serve as incoming/outgoing arcs of a connected

component are selected as cutoff places. Emissions move with their

respective states.

5.2 Comparison with alternative
search methods

Alternativemethods for searching highly complex hypothesis spaces

includeMarkovChainMonte Carlo (MCMC) andVariational Bayesian

methods, which make it possible to navigate the space by sampling.

Simulated Annealing (SA; [28]) was used in [33] as an optimization

method for a morpho-phonological learner. SA is designed to reach

a global optimum in complex hypothesis spaces and can operate on

discrete objects. As a close relative of MCMC randomwalk methods,

SA performs a random walk over the hypothesis space following a

simple hypothesis selection heuristic and a cooling agenda.

While [33] obtained positive results with SA, simulations took

days to converge even on small corpora. In this section we note

that run times improve significantly with GA compared to SA on

small corpora. In addition, GA succeeds on larger corpora, whereas

no comparable results are currently available with SA.

While the canonical version of SA is sequential, parallelization

methods for SA have been proposed [2, 22, 32, 45]. To compare SA

with our parallelized version of GA, we implemented two common

parallelization methods for SA: the periodically-interacting scheme,

where several SA chains are run in parallel and exchange informa-

tion periodically about the best hypothesis found thus far; and the

multiple-trials scheme, in which a single annealing chain is run,

with each decision step consisting of choosing between p neighbor

hypotheses instead of 1, making use of p parallel processes. These

methods did not lead to qualitatively better run times with SA. This

can be attributed to the fact that these methods require sending

hypothesis data back-and-forth between processes for evaluation;

by profiling the application, we observed that the overhead of com-

munication between processes had offset the run time which may

have been gained by parallelization.

Table 4 provides a summary of the comparison between GA and

SA and reports simulation run times using identical corpora and

hardware.
7
The displayed times are times that successful simula-

tions took to complete. Note that this is not a robust comparison

since it involves different algorithms with different stop conditions:

SA stops when temperature reaches a bottom threshold (starting at

75 here) while GA stops after a configured number of generations

(10,000 here). We believe, however, that the big differences provide

a good indication of the performance gain with GA.

The use of GA did not only speed up existing simulations, but

also made it possible to run successful simulations on larger and

7
Intel Xeon 3.30GHz with 16GB RAM. The GA simulations use multiple processors.

Corpus Words SA GA

Morphology only 32 11 hours 2.5 hours

Voicing assimilation 32 33 hours 11 hours

Two rules interaction 105 168 hours 17 hours

Opaque rule ordering 105 167 hours 6 hours

Table 4: Time to successful simulation completion

more natural corpora than before. The English corpus presented

in Section 4 contains 250 real English words with 17 segments

made of 11 phonological features. Earlier results obtained with

SA on the same morpho-phonological pattern used 8 segments

and 5 features and were limited to nonce words and small corpus

sizes (32-105 words). The English simulation presented in Section

4 took 12 hours to converge using GA, while the SA learner did

not show any indication of convergence after twice the amount

of time for the same corpus. We attribute this advance mostly to

GA’s population model compared to SA’s single hypothesis model,

and to the massive parallelization possible in GA compared to SA’s

serial mode of operation.

6 SUMMARY
This paper presented the design and implementation of an unsu-

pervised learning algorithm for morpho-phonology that relies on a

genetic algorithm to search the complex space of joint segmentation

and phonology. The use of a genetic algorithm allowed the learner

to improve on a previous proposal for learning segmentation and

phonology jointly, which used different search algorithms and was

limited to extremely simple patterns and very small datasets. We

compared the design choices of our learner with several conceivable

alternatives that did not perform as well in terms of navigating the

morpho-phonological hypothesis space (e.g., alternative crossover

operators over HMMs).
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