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Abstract— This paper proposes a multi-stream approach to automatic audiovisual speech recognition, based in part on Hickok
and Poeppel’s dual-stream model of human speech processing.
The dual-stream model proposes that semantic networks may
be accessed by at least three parallel neural streams: at least
two ventral streams that map directly from acoustics to words
(with different time scales), and at least one dorsal stream
that maps from acoustics to articulation. Our implementation
represents each of these streams by a dynamic Bayesian network;
disagreements between the three streams are resolved using a
voting scheme. The proposed algorithm was tested using the
CUAVE audiovisual speech corpus. Results indicate that the
ventral stream model tends to make fewer mistakes in the labeling
of vowels, while the dorsal stream model tends to make fewer
mistakes in the labeling of consonants; the recognizer voting
scheme takes advantage of these differences to reduce overall
word error rate.

I. I NTRODUCTION
This paper describes ongoing experiments using an articulatory feature model (AFM) of automatic audiovisual speech
recognition (AVSR). The model itself, and its word accuracy,
were first described in in [1], [2]; the model and its word
accuracy are reviewed below in Sec. III and Fig. 2. This
paper offers a new analysis of Fig. 2, based on the dual-stream
human speech processing model of Hickok and Poeppel [3].
Hickok and Poeppel have proposed that the cortical conceptual
network may be accessed in parallel by at least three different
neural streams: a right ventral stream that performs lexical
access from acoustic phonological representations, possibly on
a syllabic time scale; a left ventral stream that performs lexical
access from acoustic phonological representations, possibly on
a segmental time scale; and a left dorsal stream that touches
on articulation. Our AVSR strategy is based on the parallel
combination of three different recognition models, which we
propose to be loosely comparable to the analyses of the right
ventral, left ventral, and left dorsal neural streams.
II. T HE D UAL -S TREAM M ODEL
Despite a century of research, there is still much disagreement about the functions of cortical structures supporting
speech processing. Hickok and Poeppel [3] propose that the
disagreement stems from a common false assumption. Many
neuropsychological studies assume that one may learn about
human speech recognition (the mapping from sound to meaning) by studying human speech perception (the mapping from
sound to articulatory or phonological units). Indeed, Hickok

Fig. 1. Dual-stream model of human speech processing, after [3] Fig. 1. The
dorsal stream (left column) “maps sensory or phonological representations
onto articulatory motor representations;” the ventral stream (right column)
“maps sensory or phonological representations onto lexical conceptual representations.” STG, superior temporal gyrus; STS, superior temporal sulcus;
MTG, middle temporal gyrus (aMTG, anterior; pMTG, posterior); ITS,
inferior temporal sulcus (aITS, anterior; pITS, posterior); Spt, Sylvian fissure
at parieto-temporal boundary; pIFG, posterior inferior frontal gyrus; PM, premotor cortex.

and Poeppel argue, it is clear that one may associate concepts
with articulatory gestures, otherwise it would be impossible to
learn new words. The false assumption, they argue, is that one
must associate concepts with articulatory gestures. In clinical
studies, recognition and perception doubly dissociate: there
are patients who are able to recognize words but not nonsense
syllables, and vice versa. Based on the double dissociation
between speech recognition and speech perception, and on a
review of other neuropsychological results, Hickok and Poeppel propose a dual-stream model of human speech processing
(Fig. 1).
The dual-stream model proposes that human speech processing occurs in two or more parallel neural streams. Both
neural streams are activated by phonological representations
in the superior temporal sulcus (STS), and these in turn are
activated by spectrotemporal representations in the superior
temporal gyrus (STG). One of the two streams is ventral,
involving structures in the middle temporal gyrus (MTG) and
inferior temporal sulcus (ITS) bilaterally, and “maps sensory or
phonological representations onto lexical conceptual representations” [3]. Damage to the posterior temporal lobe has consistently been demonstrated to cause auditory comprehension
deficits, implying that pMTG and pITS are important in the

mapping from phonology to meaning. Anterior structures are
more active when subjects listen to sentences as compared to
unstructured lists of words or sounds, implying that aMTG and
aITS support syntax and/or combinatorial semantics. Concept
relationships are robust to temporal lobe trauma; [3] proposes
that conceptual representations are distributed widely throughout the cortex.
The second stream is dorsal, involving structures in the
parietal and frontal lobes, and serves as the primary stream
by which “sensory or phonological representations” activate
articulatory units in the pre-motor cortex (PM) and posterior inferior frontal gyrus (pIFG, e.g., Broca’s area). [3]
proposes, in particular, that circuits in the Sylvian fissure at
the boundary of parietal and temporal cortex (Spt) capture
input from multiple sensory modalities, and organize that input
for the activation of vocal tract regions in PM and pIFG.
Modalities processed by Spt include speech, visual text, music,
and humming. Region Spt is part of the planum temporale
(PT); other regions of PT are activated by sensory inputs
including visible speech, spatial audio, sign language, and
visible motion.
III. AUDIOVISUAL S PEECH R ECOGNITION
This section describes an automatic audiovisual speech
recognition (AVSR) system that matches many features of the
dual-stream model, as well as matching available information
about the human processing of visible speech. Hickok and
Poeppel do not mention visible speech, other than to note
that it activates the planum temporale, but many other authors
have studied audiovisual integration. The McGurk effect [4]
demonstrates that pre-conscious processes mediate between
conflicting auditory and visual cues in order to find a percept
(a non-word or word) that best matches both audio and visual
inputs. Silent lipreading activates the primary auditory cortex [5], therefore it is possible that visible speech may induce
activation in all of the cortical structures named in Fig. 1,
exactly as they would be activated by audible speech. Activation of primary auditory cortex by visible speech, and the
McGurk effect, taken together, imply that visible and audible
speech information must be integrated pre-phonologically—
either these sources of information are integrated in the
primary auditory cortex, or they are integrated by the acousticto-phonological mappings computed (according to [3]) by
the STS. Evidence from audiovisual asynchrony supports the
latter explanation. Errors in synchronization between the audio
and video playback heads of a videotape are not detectable,
by most subjects, at time scales shorter than the duration
of a typical phoneme (below about 60ms); if asynchrony
between the audio and video playback exceeds the 60ms
threshold, most subjects find it both noticeable and extremely
annoying [6].
In the dual-stream model, “portions of the STS are important for representing and/or processing phonological information.” The nature of the STS representation is not specified,
but may include “distinctive features, segments (phonemes),

syllabic structure, phonological word forms, grammatical features and semantic information” [3]. In our algorithm, our
model of the STS computes the likelihoods of three different
phonological units: phoneStates, visemeStates, and audiovisual
gesture vectors. The audio signal is represented by a 39dimensional vector ~xt computed once per 10ms, containing
MFCCs, energy, deltas and delta-deltas. The video signal is
represented by a 70-dimensional vector ~yt interpolated to a
10ms sample period, containing the first 35 discrete cosine
transform coefficients of the lip image, and their deltas. A
phoneState, qt , is one third of a phone (there are three
phoneStates per TIMIT phone), and a visemeState, vt , is a
third of a viseme; their relationship to the audio and video
features is given by:
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where N (x; µ, Σ) is the normal density with mean µ and
diagonal covariance matrix Σ, cqk and cvk are mixture weights,
and γ is a video stream weight chosen to minimize word error
rate.
A “gesture vector” ~rt = [lt , ut , gt ]0 specifies the articulatory
gestures currently being implemented by the lips (lt ), by
the tongue (ut ), and by the glottis and velum (gt ). The list
of gestures that may be implemented by each articulator is
adapted from [7]; an exact list is given in [2]. The relationship
between a gesture vector and the audiovisual signal is given
by
p(~xt , ~yt |~rt ) = p(~xt |~rt )1−γ p(~yt |~rt )γ
(3)
where p(~xt |~rt ) and p(~yt |~rt ) are each mixture Gaussian PDFs
of the form given in Eqs. 1 and 2.
The ventral stream in [3], and areas pMTG and pITS in
particular, “are involved in the mapping between phonological
representations in the STS and widely distributed semantic
representations” [3]. In our implementation, the mapping to
any given word string (W = [w1 , . . . , wT ]) given a corresponding phoneState string (Q = [q1 , . . . , qT ]) and visemeState string (V = [v1 , . . . , vT ]) is computed using a coupled
hidden Markov model (CHMM [8]):
p(Q, V |W ) =

T
Y
t=1

p(qt |qt−1 , vt−1 , wt )p(vt |qt−1 , vt−1 , wt )

(4)
The transition probabilities p(qt |qt−1 , vt−1 , wt ) and
p(vt |qt−1 , vt−1 , wt ) are learned from training data, subject
to a designer-specified limit on the inter-modal asynchrony:
|qt − vt | ≤ δmax .
The dual-stream model of speech processing proposes that
there is “at least one pathway in each hemisphere that can
process speech sounds sufficiently well to access the mental
lexicon,” and that there may be differences between the time
scales of lexical integration in the two hemispheres: “neural

mechanisms for integrating information over longer timescales
are predominantly located in the right hemisphere, whereas
mechanisms for integrating over shorter timescales might
be represented more bilaterally” [3]. In our implementation,
bilateral lexical access is modeled by the use of two CHMM
speech recognizers in parallel. The longer time scale of the
right hemisphere is modeled by the use of a larger δmax in
the right-hemisphere CHMM: in our current implementation,
δmax = 2 in the right ventral stream, and δmax = 1 in the left
ventral stream.
The dorsal stream in [3], and area Spt in particular, “is
involved in translation between sensory codes and the motor
system,” and “this sensory representation can then be used to
guide motor articulatory sequences” [3]. Hickok and Poeppel
specifically remove area Spt from the process of speech
recognition (which they attribute to the ventral stream), but we
propose that feedback from articulatory representations to the
lexicon may be useful in speech recognition, for the following
reasons. In casual speech, talkers rarely produce a word
using exactly the phonemes specified in the dictionary. In 3.5
hours of speech phonetically transcribed by the Switchboard
Transcription Project, among words spoken at least five times,
the mean number of distinct pronunciations per word is 8.8;
the dictionary pronunciation is rarely the most common pronunciation, and for many words, the dictionary pronunciation
is never uttered [7]. The theory of Articulatory Phonology [9]
gives a comprehensive account of pronunciation variability,
according to which the fundamental units of phonology are
articulatory gestures (e.g., “lips open,” “tongue tip close”).
The mapping from acoustics to gesture combinations may be
computed in the temporal lobe, as suggested in Eq. 3, but
gesture sequence probabilities remain arbitrary unless they
are grounded in feedback from the articulatory motor system.
It is proposed, therefore, that there is a circuit somewhere
in the connection between the temporal lobe and the dorsal
speech stream that computes the probability of a gesture
sequence (R = [~r1 , . . . , ~rT ]) given any particular hypothesized
word string (W ). In our implementation, this computation is
represented using a three-chain CHMM:
p(R|W ) =

T
Y
t=1

p(lt |~rt−1 , wt )p(ut |~rt−1 , wt )p(gt |~rt−1 , wt )

(5)
The dual-stream model “proposes that there are multiple
routes to lexical access, which are implemented as parallel
channels” [3]. Parallel automatic speech recognizers, each
performing a different type of acoustic analysis, have been
combined recently using algorithms such as ROVER [10].
ROVER aligns the transcription outputs of multiple recognizers, in order to form a word lattice; ambiguities in the
lattice (alternate explanations for the same period of time)
are resolved by majority voting. Voting and weighted voting
are easily implemented in a neural or neuronal network (see,
e.g., [11]), therefore we consider it reasonable to propose the
ROVER algorithm as a model for the resolution of differences
among lexical access results of the left ventral, right ventral,

Fig. 2. Word error rates of three original systems (audiovisual CHMM
systems with δmax = 1 and δmax = 2, and articulatory feature model
(AFM) with δmax = 2) and two ROVER system combinations, averaged
across all SNRs (after [2]).

and left dorsal speech processing streams.
IV. E XPERIMENTAL R ESULTS
The three AVSR subsystems described in Sec. III were
implemented in the graphical modeling toolkit (GMTK), and
tested using connected digits (digits with silence between)
from the CUAVE database [12]. Acoustic noise was added at
signal to noise ratios (SNRs) of ∞, 12, 10, 6, 4, and -4dB prior
to the computation of MFCCs. System combination was implemented using the NIST ROVER toolkit [10]. Systems were
trained using noise-free data from 13 talkers. Video weights
were determined in order to minimize word error rate on data
from 6 talkers (10 digits×6 talkers×5 tokens per digit=300
word tokens per SNR), and the resulting development-test
word error rates (averaged across all six SNRs) are given in
Fig. 2.
The leftmost bar in Fig. 2 shows the word error rate achieved
by a system combination using two audiovisual CHMM systems (δmax = 1 and δmax = 2) and one articulatory-feature
model (AFM: a three-chain CHMM with articulatory state
space vector, as specified in Eqs. 3 and 5). The second bar
shows the result of system combination in which the AFM
has been replaced by another audiovisual CHMM (δmax =
∞). The word error rates achieved using system combination
are lower than those achieved without system combination
(MAPSSWE test [13], p < 0.05). There is no significant
difference between the two ROVER system combinations, but,
as shown in the figure, system combination including the AFM
tends to yield lower WER than system combination without
the AFM.
Table I lists the most common substitution errors made by
the best audiovisual CHMM and the best AFM. The most
striking feature of the two lists is their similarity, but there are a
few differences. Differences between the columns suggest that
the audiovisual CHMM is more likely to make substitutions
that maintain the same vowel, while the AFM is more likely
to make substitutions that maintain features of the consonants.
For example, the second most common error made by the
audiovisual CHMM is the substitution of “nine” in place of
“five,” maintaining the vowel; the second most common error

TABLE I
M OST COMMON SUBSTITUTION ERRORS MADE BY THE AUDIOVISUAL
CHMM ( LEFT COLUMN ) AND THE ARTICULATORY FEATURE MODEL
( RIGHT COLUMN ). N UMBER OF OCCURRENCES IN PARENTHESES ; TEST
CORPUS CONTAINED 1800 WORD TOKENS .
CHMM
one→nine (56)
five→nine (32)
four→nine (27)
three→nine (26)
four→one (17)
seven→six (16)
two→nine (16)

AFM
one→nine (52)
three→nine (31)
four→nine (27)
five→nine (19)
two→six (18)
four→one (14)
two→nine (14)

straints on the recognized transcription; in our implementation,
articulatory plausibility constraints are imposed by a dynamic
Bayesian network AFM. Third, we propose that acoustic
and visual observations should be integrated at the level of
the acoustic-to-phonological mapping, either by the use of
independent phoneme and viseme hidden states, or by the
use of a multi-stream observation PDF dependent on the
current values of the hidden articulatory features. The AFM
and the audiovisual CHMM learn slightly different facts about
the training corpus; the ROVER algorithm is able to take
advantage of the differences between the AFM and CHMM
in order to reduce total word error rate.
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