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Abstract

Theoretical models argue that listeners’ perception of second language sounds is heavily influenced by their native language phonol-
ogy, a prediction borne out by behavioural studies. However, we lack quantitative models capable of making more precise predictions of
the way in which the first and second language sound systems interact. The current study introduces a computational modelling frame-
work that permits comparison of different second language learning strategies which vary both in the degree of first language influence as
well as in the manner in which second language input is combined with existing first language knowledge. Six different model variants
were evaluated by comparison with behavioural data on a task involving the identification of intervocalic consonants of Castilian Span-
ish by Mandarin Chinese listeners. All approaches demonstrated a similar pattern of rapid improvement with exposure to that observed
in listeners. However, approaches that made use of independent first and second language models made the best predictions. An
approach that excluded first language influence both predicted lower listener identification levels in the initial stages of learning and high-
er scores in later stages, demonstrating that first language experience helps to bootstrap second language sound learning but ultimately
hinders identification. However, modelling outcomes also demonstrate that no single approach can account for the identification patterns
for all consonants, suggesting that learners deploy different approaches to the learning of individual sounds.
© 2015 Elsevier B.V. All rights reserved.

Keywords: Foreign language sound acquisition; Consonant identification; Rapid learning; Computer model

1. Introduction

Acquiring the sounds of a new language as an adult is dif-
ferent in at least one crucial respect from the linguistic situa-
tion that confronts us as infants: as adults, we already possess
a well-developed phonological system. Investigation of how
the first (L1) and second (L2) language sound systems inter-
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act to influence the development of phonetic competence in a
second language is an active area of study, and the degree to
which adult learners benefit — or do not — from prior experi-
ence remains an important issue both in broadening our
understanding of second language learning and in the study
of general phonological representations and processes.
Besides the age of acquisition, the influence of the first
language is probably the single strongest factor in non-na-
tive sound acquisition. Theoretical models (e.g., Kuhl,
1993; Best, 1995; Flege, 1995) agree that perceived similari-
ties between native and non-native phonetic categories play
a crucial role in non-native sound perception. Learners
may process non-native sounds in terms of their L1
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categories given sufficient similarity between the two in a
process variously known as ‘equivalence classification’
(Flege, 1995) or ‘perceptual assimilation’ (Best, 1995),
which can prevent category formation for non-native
sounds. Best and Tyler (2007) suggest that L2 learning is
a process of fine-tuning and possibly ‘re-phonologizing’,
in which learners might stretch or modify their existing
L1 categories to accommodate L2 perception (see also
Bundgaard-Nielsen et al., 2011).

While theoretical models have provided valuable
hypotheses and insights concerning the influence of the
L1 phonological system on the development of non-native
sound perception and production, what these models lack
is the ability to predict in a quantitative manner how the
established L1 system and the evolving L2 system interact.
For instance, it is difficult to answer questions about the
nature of the relationship between the amount of exposure
to second language sounds and the rate at which L2 catego-
ry identification improves.

Computational simulations provide a useful adjunct to
theoretical models, and have been used in studies of L1
sound acquisition to show how infants learn native vowel
categories and to simulate the perceptual magnet effect
(de Boer and Kuhl, 2003; Vallabha et al., 2007; Lake
et al., 2009; McMurray et al., 2009). Statistical pattern
recognition approaches have also been applied recently to
simulate human perceptual assimilation tasks in order to
measure cross-language category similarities directly from
the acoustic data, providing quantitative formal evaluation
of the predictions of theoretical models (Strange et al.,
2004; Morrison, 2009; Thomson et al., 2009; Gong et al.,
2010). Computational approaches have also been used in
studies of the development of L2 perception. For example,
in Escudero et al. (2007), machine learning and computa-
tional linguistic models were used to simulate and visualise
the evolution of learners’ L2 vowel spaces. Hidden Markov
modelling (HMM) techniques were adopted by Gong et al.
(2011) in a modelling study investigating the effect of differ-
ent ratios of L1 and L2 exposure in identifying second lan-
guage. These studies not only demonstrated the promise of
using computational approaches to model the L2 learning
process, but also highlighted a key advantage of simula-
tion, viz. the ability to contrast and evaluate competing
models while maintaining control over factors such as the
degree and type of exposure. However, simulation studies
to date have been somewhat limited in scope. Many exist-
ing models have been constructed using either synthetic
speech (Escudero et al., 2007) or simplified and abstract
speech parameters (e.g., F1/F2 values or VOTs) (de Boer
and Kuhl, 2003; Vallabha et al., 2007; Strange et al.,
2004; Thomson et al., 2009) while small subsets of vowels
or consonants have usually been chosen as the modelling
targets (de Boer and Kuhl, 2003; Vallabha et al., 2007;
Morrison, 2009; Escudero et al., 2007).

The current study addresses the issue of how L1 knowl-
edge interacts with L2 exposure at the outset of second lan-
guage learning. We do so by evaluating how closely a

number of computational models predict findings from a
recent study of non-native consonant identification
(Gong, 2013). In that study (reviewed in Section 2 below)
Chinese listeners with no experience in Spanish took part
in an intensive high-variability perceptual training pro-
gramme of the kind found to be effective in earlier studies
(e.g., Logan et al., 1991; Lively et al., 1993; Bradlow et al.,
1997). Listeners were required to identify Spanish conso-
nants drawn from the full consonant inventory, when pre-
sented in intervocalic context. Using Gong (2013) as the
behavioural reference, in the current study we apply com-
putational modelling to investigate the development of sec-
ond language learning when confronted by an extensive L2
sound inventory. Our models differ in the manner in which
speech material in the L1 and L2 interact during learning
and consonant recognition. These models use precisely
the same training data, in the same sequence, as made
available to listeners in the behavioural study. As such, lis-
teners and models had identical exposure to the consonants
of the target language during training. As in Gong et al.
(2011), HMMs were used to represent sound categories.
An initial HMM set was trained using Chinese data and
consonant categories, and subsequently retrained for Span-
ish consonant categories based on listeners’ assimilations of
Spanish sounds.

One model — BLEND — is motivated by the hypothesis
that it is the raw amount of L2 exposure that is the key
determinant of listeners’ identification of L2 sounds. BLEND
operates by adding in progressively larger quantities of L2
stimuli and re-learning HMM parameters ab initio. A sec-
ond model, ADAPT, is based on the idea that it is not just
quantity but the sequence of exposure to new sounds that
matters. Rather than re-training at each stage of learning,
HMM parameters are adapted using Bayesian speaker
adaptation techniques. A further model, SEPARATE, repre-
sents the hypothesis that learners of a new sound system
are capable of maintaining separate L1 and L2 representa-
tions and that they use only the latter to identify L2 speech
sounds. We additionally evaluate versions of each of the
BLEND, ADAPT and SEPARATE approaches in which HMMs
for the L1 are activated in parallel. These models —
PAR-BLEND PAR-ADAPT and PAR-SEPARATE — represent
L1/L2 interaction at the level of categories.

Section 2 reviews the behavioural study of Gong (2013)
and describes the Spanish and Chinese speech materials
used in the current study. Section 3 describes how listener
assimilation results inform the development of the initial
model set, while the six modelling approaches are explained
in Section 4. Simulation results are presented and com-
pared to listeners in Section 5.

2. Behavioural study

The stimuli and human baselines used in the current
study are described in Gong (2013). Here, we review the
tasks, speech materials, and outcomes of that study.
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