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ABSTRACT
We come back on two criticisms addressed to the
“Fuzzy-Logical Model of Perception” (FLMP): its
assumed ability to fit any data, and the choice of a
“fitting all” procedure rather than a “predicting AV
from A and V” approach. We confirm the FLMP
ability to fit random data in the “McGurk region”, that
is in all conditions including conflicting stimuli,
thanks to the “0/0 trick”. This is associated to a high
instability of the rmse value in the optimal region.
Then we introduce a Bayesian approach replacing fit
by global likelihood. In this sounder framework, rmse
instabilities decrease likelihood, hence the 0/0 trick is
problematic for the FLMP. We conclude by indicating
when the FLMP can be used in sound conditions:
apart from the “McGurk” region.

(Additive Model of Perception), PM (Prelabelling
Model, [1]): see [6, 13, 17, 22].
This last point is rare enough to deserve sincere
admiration. Indeed, it is the objective of any model
builder to compare his/her “baby” with those of
concurrent researchers, and to attempt to demonstrate
that it is indeed nicer (better) than others; but it is rare,
if not unique, to find such a long-term continuity –
the author of the present paper must admit that he
himself did not exhibit such constancy and
professionalism! But “la médaille a son revers”, and
the superiority of the FLMP, demonstrated over and
over by Massaro and colleagues, raised some
suspicion. More precisely, two major criticisms have
been developed against the FLMP – and toughly
discussed by Massaro.

1.2. The “fitting vs. prediction” argument

1. Introduction
1.1. Twenty-five years of debate around the
FLMP in the AV speech literature
Since the middle of the 70s, Dominic Massaro and his
colleagues have consistently advocated the so-called
“Fuzzy-Logical Model of Perception” (FLMP) as a
pivot of a number of discussions about categorical
perception in a first period, and, since the emergence
of the famous “McGurk” paradigm [25], about audiovisual (AV) interactions and fusion in speech
perception [11, 13]. In this field, the research by
Massaro and colleagues about the FLMP has generated
three main research achievements.
- A large number of experimental data dealing with
vowels or consonants [6], natural or synthetic speech
[15], adults or children [11], multilingual variability
[20], attention [23], AV asynchrony [16], affect [21]
etc.
- A contribution to a number of key questions
about the fusion process, such as the independence vs.
dependence, early vs. late, additive vs. multiplicative
issues [11, 12].
- A systematic assessment campaign of
quantitative models, comparing the FLMP with
various other competitors, such as Trace [24], the
TSD (Theory of Signal Detection), LIM (Linear
Integration Model), CMP (Categorical Model of
Perception), MDS (Multi-Dimensional Scaling), IAC
(Interaction Activation and Competition), AMP

The original focus of the development of the FLMP
was not AV fusion, but the integration of auditory
cues in speech perception, and of multi-level cues in
sentence processing. This has a profound technical
consequence. In a problem such as assessing the
combination of variable auditory cues in a phonetic
identification task, e.g. F0 and VOT in the /zi/ vs. /si/
contrast [14], the values of the two cues are varied, but
of course both of them are present all along the
experiment: it is not possible to prepare a stimulus
with no F0 or no VOT. This is exactly the same in
the “G vs. Q” task [22], varying two geometric cues,
both of them being present in the figure (obliqueness
of the straight line and closedness of the gap in the
oval). In consequence, they were led to fit all the
perceptual data at the same time, and compare the
model predictions on this complete set of data.
The situation is different with AV speech, where
the experimenter can select one channel (A or V
conditions) or both (AV condition). In consequence,
researchers dealing with AV fusion for speech in noise
[1, 4, 27, 28], AV perception by hearing-impaired [9]
or the McGurk effect [2], generally felt that they
should begin with tuning their model on unimodal
data (pure A or V conditions) and then assess or
compare fusion models on their ability to predict A V
performances from A-only or V-only data.
The difference in strategy is understandable. But
it is striking to notice that this difference happens to
be crucial in comparison results. Indeed, all
comparisons based on the “fitting A, V and AV at the

same time” procedure display a clear FLMP
superiority [6, 12, 13, 15, 18]. On the other side,
comparisons based on the “predicting AV from fitted
A and V” procedure generally lead to FLMP
performances somewhat lower than those of concurrent
models [1, 9]. Hence, this methodological difference
based on historical reasons became a theoretical topic!
As a matter of fact, preferring the “fitting” or the
“prediction” strategy could lead either to select or to
reject FLMP as the race winner. The debate can be
summarised by the two following quotations: “The
FLMP does not make a prediction. While FLMP is a
very flexible tool, it fits data retrospectively by
adjusting truth values until there is a satisfying fit”
[32]; vs. “To determine the truth of a theory, we
believe that it is necessary to measure how well it
accounts for the entire pattern of results, rather than
how well some conditions predict the others (…);
fitting the FLMP on the basis of the unimodal
judgement makes the necessarily inaccurate
assumption that the unimodal observations are noise
free” [18].

experimental data. The point is not to say that the
FLMP systematically fits random data or solves the
fitting problem unsatisfactorily, but that there is a
specific methodological modelling problem with
conflicting audio-visual stimuli, that is McGurk
configurations. This will be presented in Section 2,
together with an integrated Bayesian framework for
comparing models. The objective, if the mathematical
arguments are convincing enough, is to enable AV
researchers to be aware of the difficulty, to escape
possible interpretation mistakes, and to focus on the
right questions about AV fusion, about the FLMP and
about what Massaro calls the “paradigm”. It is
important to say at this point that some of these
questions have been raised by Massaro himself, and
some convincingly solved by the FLMP, as we shall
recall in Section 3.

1.3. The “fitting everything ” argument

2.1. FLMP and the 0 / 0 trick

The second attack is tightly connected to the previous
quotation in [32], and consists in the suspicion that
the “high flexibility” of the FLMP would enable it to
predict everything. Very interestingly, Cutting et al.
[7] attempted to provide a quantitative ground to this
idea. They noticed that a model should not only be
able to fit experimental data, but that it should also be
“selective”, and therefore provide a better fit of true
data than of false ones. In consequence, they suggested
that comparing two models should involve not only
fitting experimental data, but also random ones. Using
their own results about visual depth perception, they
showed that the FLMP performed as well as an
“additive model” on true data, but also slightly better
on random data, and concluded for the superiority of
the additive model, more selective to true data.
Massaro & Cohen [17] rather convincingly replied that
the difference between both models in fitting random
data was quite low, and that the FLMP fit was much
poorer on random than on true data (the Root Mean
Square Error rmse was 8 times greater).

The basic FLMP equation is:
pAV(Ci) = pA(Ci)pV(Ci) / ∑j pA(Cj)pV(Cj)
(1)
Ci and Cj being phonetic categories involved in the
experiment, and pA, pV and pAV the probability of
responses respectively in the A, V and AV conditions.
The superiority of the FLMP on other models is
particularly significant in cases involving conflictual
cues [6, 22]: typically, the McGurk situation with
audio /b/ plus video /g/. In this situation, the
unimodal responses are almost incompatible, and
hence all phonetic categories involved in the pattern of
responses display at least one very low value, either in
the A modality, or in the V modality, or in both. The
consequence is that all terms pA(Ci)pV(Ci) are likely to
be close to zero for all involved categories. Just to
take an example, consider what would happen in an
extreme situation with two phonetic classes C1 and
C2, and a pair of A and V stimuli perfectly
conflicting, that is with 100% of C1 responses with
the A stimulus, and 100% of C2 responses with the V
stimulus (see Table 1). Then, it is easy to show that
any response in the AV modality, with a probability
of C1 response equal to x and a probability of C2
response equal to (1−x) (x being any value between 0
and 1) can be fitted by the FLMP with a rmse exactly
equal to 0. Indeed, suppose that the corresponding
FLMP parameters for C1 and C2 are respectively set
to (1−εA) and ε A in the A modality, and to ε V and
(1−εV) in the V modality, with ε A and εV two small
values. Then the probability of C1 response in the AV
condition is given in the FLMP by:
εV(1−εA)/[εV(1−εA)+εA(1−εV)]≅εV / [εV + εA] (2)
Hence, x may be perfectly fitted by choosing an
(εA, εV) pair such that:
εV /[εV + εA] = x ⇔ εV = εA x /(1−x)
(3)

1.4. The topic of the present paper
A careful examination of the “fitting vs. predicting”
and “fitting everything” arguments lead us to the view
that they capture something very important about
FLMP and about models in general, but in an
incomplete and partly unsatisfactory way. This paper
attempts to determine what exactly might be the
“trick” in FLMP, and to propose a statistical
framework in which model comparison could be
performed in a more convincing way. More precisely,
the present author feels that there is a specific
experimental configuration (typically, McGurk) where
the use of the FLMP might be mathematically
unsound, and lead to mistaken interpretations of

2. A technical analysis of the FLMP in
the McGurk paradigm

Then, setting ε A and ε V at an arbitrarily low value,
provided that they respect Eq. (3), allows a perfect fit
(rmse equal to 0) to the pattern of experimental data in
Table 1, whatever x.

A cond.
V cond.

C1 responses
Data
FLMP
1
1−εA
0
εV

AV cond.

x

x

C2 responses
Data FLMP
0
εA
1
1− εV
1−x

1−x

Table 1
Exactly the same can be done with a 3-classes
situation more similar to the McGurk effect (both for
fusions and combinations), displayed in Table 2.
Indeed, fitting Table 2 data can be done with:
εV / [εV + αεA + (1−α)ε’A] = x
αεA / [εV + αεA + (1−α)ε’A] = y
(4)
This set of two equations can once more be satisfied
with arbitrary low values of ε A, ε’A and ε V : hence any
pattern of (α, x, y) values in Table 2 can be perfectly
fitted by the FLMP, with a 0 rmse.

A

C1 responses
Data FLMP
1
1-εA-ε’A

V

0

AV

x

εV
x

C2 responses
Data
FLMP
0
εA
α
y

α-εV-ε’V
y

C3 responses
Data
FLMP
0
ε’A
1-α
1-x-y

1-α+ε’V
1-x-y

Table 2
This is of course due to a very simple and well-known
mathematical fact: 0/0 is an arbitrary value, or, to
state this more precisely, lim(x/y) when x→0 and
y→0, if it exists, may be any real value.

2.2. Application to real McGurk data
Of course, it could be argued that the previous section
did not deal with real data, which seldom produce
perfect zero values. However, the McGurk paradigm
typically leads to very similar situations, since it deals
with conflicting A and V stimuli. In a study of the
McGurk effect in French [5], the pattern of responses
to [bA], [dV], [gV], [bAdV] and [bAgV] for 126 French
subjects, provided in Table 3, was judged surprising
by us, since it showed that there were less [d] and
more [b] responses to [bAdV] than to [bAgV]. This
pattern, coherent with most other published data,
seems difficult to understand on the classical “[bA] is
similar to [dA], [gV] is similar to [dV]” basis. However,
to our own surprise, the FLMP performed very well
on these data, with an rmse of 0.00621. But then, we
1

The rmse in Cathiard et al. (2001) was slightly larger,
because of the use of a threshold on the minimal
acceptable probabilities, not used here, apart from the
classical constraint that a probability is within [0-1].

had the idea to transform the pattern of AV data into
arbitrary patterns of response, while keeping the pure
A and V data of Table 3. In Table 4, we display the
FLMP fits to hypothetical patterns of AV responses
with [bAdV] and [bAgV] both perceived as mostly [b]
(Test 1), mostly [d] (Test 2), mostly [g] (Test 3),
[bAdV] perceived as [b] and [bAgV] as [d] (Test 4) or the
inverse, [bAdV] as [d] and [bAgV] as [b] (Test 5). All the
fits are equally good, and as good as the fit of true
data.
responses
[bA]
[dV]
[gV]
[bAdV]
[b A g V ]

[b]
0.98
0.005
0
0.835
0.68

[d]
0
0.88
0.125
0.095
0.23

[g]
0
0.06
0.845
0
0.02

other
0.02
0.055
0.03
0.07
0.07

Table 3: McGurk data (from [5]) / rmse = 0.0062

Test 1
Test 2
Test 3
Test 4
Test 5

[bAdV]
[b A g V ]
[bAdV]
[b A g V ]
[bAdV]
[b A g V ]
[bAdV]
[b A g V ]
[bAdV]
[b A g V ]

ans.[b]
0.9
0.9
0.1
0.1
0.1
0.1
0.9
0.1
0.1
0.9

ans.[d] ans.[g] rmse
0.1
0
0.0049
0.1
0
0.9
0
0.0053
0.9
0
0
0.9
0.0061
0
0.9
0.1
0
0.0082
0.9
0
0.9
0
0.0047
0.1
0

Table 4: FLMP fit to various arbitrary AV patterns
This situation clearly corresponds to the Cutting et
al.’s criticism against FLMP: it seems that in this
McGurk context, FLMP is able to fit everything, even
a random pattern of response. Why wasn’t it the case
in the random data used in [7]? The reason is that the
“fitting noise” argument is not general. Consider the
theoretical situation described in Table 5, in which we
assume an experiment with two possible responses C1
and C2, and a visual pattern of responses completely
ambiguous between C1 and C2. In this kind of
configuration, the FLMP provides a good fit only if
pAV equals pA (rmse = 0). As soon as pAV differs from
pA by more than 0.02, rmse increases above 0.01. In
this case, FLMP does not fit random data, but, on the
contrary, it provides a strong prediction about what
Massaro calls “optimal integration” ([12] p. 749).

A
V
AV

C1
pA
0.5
pA V

C2
1-p A
0.5
1-p A V

Table 5: Testing “optimal integration” in FLMP

So, it seems that the “fitting noise” argument is
sometimes true (around “McGurk” configurations of
conflicting stimuli) and sometimes not. By the way,
let us come back on the “fitting vs. predicting”
argument. The “fitting all” methodology recommended
by Massaro seems the right one (in spite of our own
choice in the past!): see [13], Ch. 10. However, what
happens if we test the prediction strategy, using the A
and V data in Table 3 to predict the AV data from
Eq.(1)? The resulting rmse is extremely high: 0.1162!
This shows that the FLMP ability to fit any pattern in
this region has a severe drawback: the fit is highly
unstable, hence the dramatic difference between the
“fitting all” and the “prediction” strategies. Therefore,
very small variations (+-0.01) to each FLMP
parameter around the best fit to the experimental data
in Table 3, lead to dramatic changes from the almost
perfect value rmse = 0.0062 to values as high as 0.25!
This is not the case in the stable configuration of
Table 5.

2.3. Reconciling fitting and prediction, or
fitting and selectivity: the statistical approach
So, where are we now? The “fitting noise” argument
is sometimes true, sometimes not. The “fitting all”
methodology seems to be the right one, but it may
involve a large fit instability in the McGurk region.
To deal with this complex pattern, let us recall where
does fit come from.
Fit is derived from the logarithm of the
maximum likelihood of a model, considering a data
set. If D is a set of k data di, and M a model with
parameters Θ, the estimation of the best θ values is
provided by:
θ = argmax p(Θ|D,M) = argmax p(D|Θ,M)
(5)
and, if the model predicts that the di values come from
Gaussian models (δi, σi), we have:
log (p(D|Θ,M)) = ct − 1/2 ∑i (di-δi)2/σi2
(6)
log (p(D|θ,M)) = ct − k/2 rmse/σ2

(7)

if σi =σ ∀i
2

2

Hence the θ parameters maximising the likelihood of
M are those providing the best fit measured by rmse.
But, in the Bayesian theory, the comparison of two
models is more complex than the comparison of their
best fit (Jaynes, [10]). Indeed:
p(D|M)=∫ p(D,Θ|M)dΘ=∫ p(D|Θ,M)p(Θ|M)dΘ
(8)
which means that the a priori distribution of data D
knowing model M integrates the distribution for all
values Θ of the parameters of the model. Let us
consider two models M 1 and M 2 that have to be
compared in relation to a data set D. The best fit θ1 for
model M 1 provides an a posteriori likelihood Λ1=max
p(Θ1|D,M1) and the best fit θ2 for model M 2 provides
an a posteriori likelihood Λ2=max p(Θ2|D,M2). From
Eq. (8) it follows that the model comparison is not

provided by Λ1/Λ2 (or by comparing rmse1 and rmse2,
as classically done), but by:
p(M1|D) / p(M2|D) = Λ1 W1 / Λ2 W2
(9)
with:
Wi = ∫ [p(D|Θi,Mi)/p(D|θi,Mi)] p(Θi|Mi)dΘi

(10)

The term p(D|Θi,Mi)/p(D|θi,Mi) evaluates the
likelihood of Θi values relative to the best set θi
providing the highest likelihood Λ i for model M i.
Hence Wi evaluates the volume of Θi values providing
an “acceptable” fit (not too far from the best one)
relative to the whole volume of possible Θi values.
This relative volume decreases with the increase of the
total Θi volume: for example with the dimension of
the Θi space2. But it also decreases if the function
p(D|Θi,Mi)/p(D|θi,Mi) decreases too quickly: this is
what happens if the model is too sensitive, as is the
FLMP around its best fit in the McGurk region.

2.4. Implementing the statistical approach
Let us consider a simple case, with two categories C1
and C2, and with the following pattern of data:
pA(C1)=0.99, pV(C1)=0.01, and pAV(C1)=0.95.
Suppose that we try to compare two models on these
data, that is the FLMP described by Eq. (1), and an
“Audio Model” AM according to which the AV
response would be equal to the pure A data, that is:
PAV(Ci|AM) = PA(Ci|AM)
(11)
In the following, data are called p or q=1-p, and
predictions are called P or Q=1-P. For a binomial law
P, the probability to observe a distribution p on n
samples is given by:
p(D|M) = Cnnp Pnp Qnq
(12)
L=Log(p(D|M)) ≅ n(pLog(P/p)+qLog(Q/q))

(13)

L is maximum for P=p, and around this value it varies
as the opposite of rmse, in agreement with Eq. (7).
The algorithm for computing the likelihood of each
model is the following:
(a) Define a Θ space common to both models, e.g.
Θ = PA⊗PV with PA,PV ∈{0.001 … 0.999}
(b) For each {PA,PV} pair, compute PAV by Eq.(1) for
FLMP, or Eq.(11) for the Audio model.
(c) For each {PA,PV} pair, compute LA, LV and LAV
from Eq. (13), and the likelihood Λ(PA,PV) by:
Λ(PA,PV) = exp(LA+ LV + LAV)

(14)

(d) Add all Λ(PA,PV) values to obtain the total
likelihood of M1 and M2 knowing the data D.
On Table 6, we provide both rmse and the global
likelihood for both models. The conclusion is clear:
2

Massaro proposes to apply a correction factor k/(k-f)
to rmse, with k the number of data and f the freedom
degree of the model ([13], p. 301).

The Audio Model provides a poorer rmse (remember
that we are in a region where FLMP provides almost
perfect fit to any AV value) but it displays a much
larger likelihood. The interpretation is straightforward:
the Audio Model makes a “stronger” prediction than
FLMP on this set of data, which results in a larger
volume of acceptable parameters in terms of relative
fit, hence a larger likelihood. The lesson of this
simple experiment is the following. Comparing
models should not involve best fits, but global
likelihood. Apart from the difference between a fit and
a likelihood (the variances σ i2 in Eq. (7) are different
from one value to another, since the variance of a
binomial law is PQ/n), the less stable the fit is, the
lower the likelihood. Jaynes provides an estimation of
this contribution. It is outside the scope of the present
paper to develop it in the context of AV models
comparison, though this will be a major goal for the
close future.

FLMP
Audio Model

rmse
0.0122
0.0283

Likelihood
0.0019
0.0093

Table 6: Comparing FLMP and an “Audio Model”

The argument in this paper is basically
methodological. It should clarify some technical
points in previous debates, signal some bad uses of
the FLMP in past studies, and possibly prevent some
mistaken analyses in the future, particularly in the
McGurk paradigm. However, methodology is just a
step towards understanding, and a better understanding
of AV representations and interactions in speech
perception still needs the McGurk paradigm and
conflicting stimuli as a key methodological tool [5,
8].
It remains that Massaro and his group have done
a large contribution to the field, both experimental and
theoretical. In the AV speech perception domain,
quantitative models as the FLMP are a crucial piece
of work, enabling researchers to think about data and
processes: hence, the “Paradigm” stays alive and well,
and provides a coherent framework to ask how speech
is processed in the human brain.
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on the task of Section 2.4 (n=10)
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