
Modeling of Audiovisual Speech Percep
T. S. Andersen, K. Tiippana, J. Lampinen, M

Laboratory of Computational Engineering, Helsinki Universit

 
 

1. 

2. 

3. 

ABSTRACT 
We present three models of audiovisual speech 
perception at varying signal-to-noise ratios (SNR). 
The first model is Massaro’s Fuzzy Logical Model 
of Perception (FLMP)1 applied at each SNR. The 
second model imposes the constraint that the visual 
response probabilities are the same regardless of the 
SNR. Both models describe the data well. Root 
Mean Squared Error (RMSE) corrected for the 
numbers of degrees of freedom was smaller for the 
latter model. In concordance, cross-validated paired 
t-test showed that the latter model was significantly 
better at predicting individual performance despite 
the lower number of parameters. In a third model – a 
weighted FLMP – the SNR is parameterized 
reducing the number of free parameters 
substantially. This model fits the data significantly 
worse than the other two models, but does capture 
salient features of the change in performance with 
varying SNR. 

Introduction 
Seeing the face of a talker enhances speech 
comprehension. The perception of incongruous 
visual speech leads to an altered perception of 
auditory speech (the McGurk effect)2. These effects 
are enhanced at low signal-to-noise ratios (SNR)3. 

Performance on an audiovisual speech identification 
task has previously been successfully modeled using 
a Fuzzy Logic / Bayesian approach by Massaro’s 
Fuzzy Logical Model of Perception (FLMP) 1. The 
purpose of the current work is to model the effect of 
varying SNR on audiovisual speech perception by 
extending the FLMP. 

Methods 
22 volunteers were presented with a talker uttering 
the nonsense words /aka/, /apa/ and /ata/ either 
auditorily, visually or audiovisually. Audiovisual 
stimuli consisted of the three congruent 
combinations and the four incongruent combinations 
of /aka/ with /apa/, and /apa/ with /ata/. Thus 13 
different stimulus types were presented. Each 
stimulus type was presented 10 times at a SNR of     
–12, –6, 0 and 6 dB. The SNR was manipulated by 
adding white noise to a 48 dB(A) signal. The order 
of presentation was pseudorandom. Subjects were 
instructed to respond according to what they heard 
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Figure 1: The 144 parameter model (lines) along with observed data (markers). Representative data are shown. The model 
accommodates all data well. 
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typical McGurk illusion of perceiving auditory 
/apta/ at high SNRs and how this effect gradually 
changes towards visual dominance at lower SNRs 
resulting in the perception of /apa/. The model 
describes this effect very well. 
The visual response PDFs are modeled well at all 
SNRs indicating that the model can be constrained 
so that the visual response PDF is the same 
regardless of the SNR. This can be formulated as 
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This will eliminate 3 visual PDFs for each of the 3 
visual stimulus types reducing the total number of 
free parameters by 3  so that it totals 
90. We implemented this model and found that the 
change in RMSE was minimal (RMSE=0.0167). 
Figure 2 illustrates this by showing the fit of this 
model to the same data as those of Figure 1. 
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4. Parameterizing the SNR 
We hypothesized that the effect of white noise 
added to the signal could be modeled as white noise 
added to the auditory response PDF. 
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We tested this model and found a RMSE of 0.0424. 

This model has 6 free parameters for each of the 3 
auditory stimuli plus an additional 4 for each SNR 
totaling 22. In comparison, the number of data 
points is . As can be seen from 
Figure 3, the model performs quite well 
accommodating most data points except the single 
outlying “k” response to auditory /apa/ at the poorest 
SNR of –12 dB. 

72436 =××

Figure 2: The 90 parameter model (lines) along with observed data (markers). Representative data are shown.  In comparison 
with the 144 parameter model (cf. Figure 1), it appears that constraining the visual response PDF to remain the same for all 
SNRs does not worsen the fit to audiovisual data substantially.  

We incorporated this model into a weighted FLMP.  

Figure 3: A weighting model (lines) for unimodal auditory responses along with observed data (markers). Representative 
data are shown. The model describes the data well except for the outlying response of “k”  for auditory /apa/ at the poorest 
SNR of –12 dB. 
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Figure 4: The weighted FLMP (lines) along with observed data (markers). Representative data are shown. This model obviously 
fits the data less well than both the 144 and the 90 parameter model. Still, it captures the salient features of the effect of varying 
SNR on both audio and audiovisual PDFs.  
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Massaro and Cohen tested an equivalent model5 and 
found it to perform significantly better than the 
FLMP, but could ascribe this to the additional free 
parameter that is the result of introducing the 
weighting parameter, α, if the model is tested for 
only one α-value – i.e one experimental condition.  
When the weighted FLMP is tested across multiple 
experimental conditions – here multiple SNRs – the 
number of parameters is reduced by introducing the 
α-parameter. The number of free parameters of the 
weighted FLMP is here six for each of the six 
unimodal PDFs plus one for each of the four SNRs 
totaling 40. 
Introducing weights to the FLMP cannot worsen its 
ability to accommodate data from a single 
experimental condition since the weighted FLMP 
reduces to the conventional FLMP when . By 
testing the weighted FLMP across multiple 
conditions – here multiple SNRs – we test whether 
the weighting is appropriate in general.  
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5. Discussion 
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well, but it will be inflexible in accommodating the 
remaining data points. Thus little is gained from 
“over-fitting”. This may explain why cross-
validation of the 90 parameter model and the 144 
parameter model clearly favored the 90 parameter 
model despite it having a slightly higher uncorrected 
RMSE. 
Secondly, cross-validation enables us to determine 
the statistical significance of the difference between 
two models. 
The RMSE or even cross-validation may not be the 
sole criterion for accepting a model. The 40 
parameter model presented in this paper fails on 
both criteria, but it still captures salient features in 
the data. This is illustrated in Figure 4 where the 
model captures the tendency for vision to dominate 
audiovisual perception as the SNR deteriorates. As 
previously mentioned, the models with a higher 
number of parameters also tend to accommodate 
statistical outliers well. This leads to a lower RMSE, 
but does not convey an understanding of the causal 
mechanisms. 

To our knowledge, this is the first time a weighted 
FLMP is tested across multiple SNRs. The poorer 
performance of the model compared to the 90 
parameter model may indicate that further 
development is needed. 
The parameter, , of the 40 parameter model 
may be interpreted as the unimodal auditory 
response PDF in the absence of noise – external as 
well as internal. In the absence of external noise, the 
observed auditory response PDF should therefore 
resemble that of the model. We have found this not 
to the case. In fact, our model is not able to 
accommodate response PDFs observed in the 
absence of noise. This remains an issue for further 
study.  
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Conclusion 
We have shown that auditory speech perception in 
noise can be modeled by adding white noise to the 
auditory response PDF. We have further shown that 
this effect can be integrated into the FLMP so as to 
model the effect of varying SNR on audiovisual 
speech. This may support the post-phonetic 
hypothesis of integration and the notion that the 
mechanism of integration remains unaltered by 
varying SNR1.  
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