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• The reliable co-occurrence of synchronous and
redundant visual and auditory cues supports speech
comprehension in adults [1].

Language structure: Training data based on statistical
distributions from the Audio-Video Australian English
Speech (AVOZES) data corpus [5].

Can we use statistical learning approaches to model the
complex problem of acquiring audio-visual speech
representations?
• We know listeners weight and combine multiple
acoustic cues to understand speech.
• Generally, listeners weight cues by reliability [3].
• Auditory cues: F2 & F3

Likelihood

• Evidence suggests that although infants show early
sensitivity to both auditory and visual speech
information, the accuracy of using and combining
this information from multiple modalities to acquire
phonological categories improves throughout
childhood [2].
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Model structure: Each
phoneme category modeled
by a Gaussian distribution
with three parameters:
• µ: category mean

µ

• σ: standard deviation
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Final cue weights match order
of reliability of cues for
distinguishing phonological
categories

Trial Number

•

Proportion of /d/ or /g/
responses for all 81
combinations of auditory and
visual test stimuli

•

Early in development
(trial=100), model relies almost
exclusively on auditory cues

•

As trial number increases,
model relies more on visual
cues

Training Trial: 100,000

•

These results match our
prediction from human
listeners, who rely more on
visual cues with increasing age
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Prediction: Because the model must learn to
combine cues as a function of their reliability over the
course of development, audiovisual representations
will form later in development than cue-level
representations

•

•

Inputs converted to z-scores and weighted by
reliability to update combined (i.e., audiovisual)
mixture

Likelihood

Categorization functions derived from posterior
probabilities of combined mixture

• Mismatching information also influences speech
perception, as shown in the McGurk effect.
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Testing procedure
500 repetitions tested after 100; 1,000; 10,000 &
100,000 training trials

•

•

9 auditory steps and 9 visual steps from /b-d/ and /b-g/
crossed to create 81 test stimuli

Cue weights determined based on reliability

•

Tests the developmental time-course of acquiring
phonological categories from auditory and visual cues
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Proportion of /d/ or /g/
responses for congruent and
incongruent test stimulus pairs
When auditory and visual cues
are congruent, model is near
perfect at discriminating
intended phoneme category
When auditory and visual cues
are incongruent, initially see no
McGurk effect (i.e., reliance on
auditory cues), but later see
that visual cues dominate
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DISCUSSION

•

•

•

•

Auditory/visual step 3 = /b/ prototype

•

Auditory/visual step 7 = /d/ (or /g/) prototype

Step 1 and step 9 used to create “congruent” and
“incongruent” stimuli for McGurk effect simulations
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Approach: Simulate cue weighting changes using a
Gaussian mixture model (GMM)
Model uses unsupervised learning mechanism
(maximum likelihood estimation) to identify number of
phoneme categories and their statistical properties
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Test Results: McGurk Effect
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Prediction: The model should show less reliance
on visual cues early in development, meaning the
McGurk effect will be more evident on later trials.

Incongruent

0.00
Likelihood

• In terms of the model, this is represented by the
changing of cue weights over time.
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Combined Mixture

• A majority of research using the McGurk paradigm
shows that preschoolers and school-aged children
rely less on visual cues than adults [4].
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What about cases where auditory and visual inputs are
mismatched?
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Proportion /g/ Response

•

MW is a poor cue that often
over-generalizes in the model,
leading to a low overall weight
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Test Results: Cue Usage
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• Visual cues: Mouth height (MH) & Mouth width (MW)
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Figures show the relative weight
of each cue (all sum to 1) over
the course of development
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Trial number in model
corresponds to approximate
age in human listeners
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Training procedure
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How and when do listeners learn to take advantage of
redundant auditory and visual information as part of a
unified signal?
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INTRODUCTION
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• Using a weighted Gaussian mixture model, we simulated and found evidence of initial reliance on
auditory cues with increased reliance on visual cues over time.
• This leads to the same pattern of results observed in human listeners over the course of
audiovisual speech development.
• Statistical learning can be used to model the complex problem of acquiring multimodal speech
representations; listeners learn to adjust cue weights over the lifespan.
• Future simulations with different cue learning rates and noisy input environments may allow us to
better understand the mechanisms that give rise to unified percepts based on multiple cues.
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