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Sources of Evidence for Sensorimotor interaction

• Active use of sensory information 
in speech production:

• Imitation and vocal learning 
(Meltzoff & Moore, 1977; 1997)

• Adaptive responses to 
perturbed auditory feedback in 
speech production (e.g., Houde & 
Jordan, 1998) 

• Synchronous speech (e.g., 
Cummins, 2002)

• Articulatory convergence (e.g., 
Lee et al, 2018)
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Motor Engagement in Speech Perception

• Hypothesis: If speech perception engages neural 
circuitry specific to production of distinct speech 
gestures, then pre-activation of the motor area that is 
compatible with particular percept (response on a 
perception task) should enhance its response and inhibit 
other responses.
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Summary

Listening to speech recruits a network of fronto-temporo-
parietal cortical areas [1]. Classical models consider anterior
(motor) sites to be involved in speech production whereas
posterior sites are considered to be involved in comprehen-
sion [2]. This functional segregation is challenged by action-
perception theories suggesting that brain circuits for speech
articulation and speech perception are functionally depen-
dent [3, 4]. Although recent data show that speech listening
elicits motor activities analogous to production [5–9], it’s still
debated whether motor circuits play a causal contribution to
the perception of speech [10]. Here we administered transcra-
nial magnetic stimulation (TMS) to motor cortex controlling
lips and tongue during the discrimination of lip- and tongue-
articulated phonemes. We found a neurofunctional double
dissociation in speech sound discrimination, supporting
the idea that motor structures provide a specific functional
contribution to the perception of speech sounds. Moreover,
our findings show a fine-grained motor somatotopy for
speech comprehension. We discuss our results in light of
a modified ‘‘motor theory of speech perception’’ according
towhichspeechcomprehensionisgroundedinmotorcircuits
not exclusively involved in speech production [8].

Results

Recent years have seen a major change in views about the
function of motor and premotor cortex [11]. Once believed to
be an output system, slavishly following the dictate of the
perceptual brain, the motor brain is now recognized as critical
component of perceptual and cognitive functions. This chal-
lenges the classical sensory versus motor separation [12].
Similarly, traditional models of language brain organization
separated perceptual and production modules in distinct
areas [1, 2]. However, a large amount of data is accumulating
against the reality of such a strict anatomo-functional segrega-
tion [5–9, 13, 14]. The motor theory of speech perception

(MTSP) [3], an early precursor of a new zeitgeist, most radically
postulated that the articulatory gestures, rather than sounds,
are critical for both production and perception of speech
(see [4]). On neurobiological grounds, fronto-temporal circuits
are thought to play a functional role in production as well as
comprehension of speech. The coactivation of motor circuits
and the concurrent perception of self-produced speech
sounds during articulations might lead to correlated neuronal
activity in motor and auditory systems, triggering long-term
plastic processes based on Hebbian learning principles
[15–17]. The postulate of a critical role of actions in the forma-
tion of speech circuits is paralleled in more general action-
perception theories emphasizing a critical role of action repre-
sentations in action-related perceptual processes [18].
However, a majority of researchers are still skeptical toward
a general role of motor systems in speech perception, admit-
ting, if at all, only a subsidiary role of motor areas and reserving
the critical role to superior temporal and inferior parietal
cortices [19].

A recent series of studies directly investigated the activities
in motor areas during speech perception. Passive listening to
phonemes and syllables was shown to activate motor [5–8]
and premotor [9] areas. Interestingly, these activations were
somatotopically organized according to the effector recruited
in the production of these phonemes [5, 6, 8] and in accor-
dance with motor activities in overt production [8, 9]. A distinc-
tive feature of action-perception theories in general and in the
domain of language specifically is that motor areas contribute
to perception [4, 16, 20]. However, all the above mentioned
studies are inherently correlational, and it has been argued
that in absence of a stringent determination of a causal role
played by motor areas in speech perception, no final conclu-
sion can be drawn in support of motor theories of speech
perception [10]. The only empirical evidence in favor of this
view is represented by a recent repetitive TMS study suggest-
ing that ventral premotor cortex (PMv) may play some role in
phonological discrimination [21]. In our view, however, this
study fails to offer a convincing proof of the causal influence
that motor areas may exert. Because of the spread and the
variety of possible effects elicited by a 15 min TMS stimulation,
such an offline rTMS protocol might have indeed modified the
activity of a larger network of areas, possibly including poste-
rior receptive language centers [22]. Moreover, there is no
evidence of an effector-specific effect, i.e., that stimulating
tongue representation induced specific deficits in the percep-
tion of tongue-related phonemes.

Here, we set out to investigate the functional contributions
of the motor-articulatory systems to specific speech-percep-
tion processes. To this end, a cross-over design orthogonal-
izing the effect of brain-phonology concordance with those
of linguistic stimuli and TMS loci was chosen. Phonemes
produced with different articulators (lip-related: [b] and [p];
tongue-related: [d] and [t]) were presented in a phoneme-
discrimination task. The effect of TMS to lip and tongue repre-
sentations in precentral cortex, as previously described by
fMRI [8], was investigated. Double TMS pulses were applied
just prior to stimuli presentation to selectively prime the
cortical activity specifically in the lip (LipM1) or tongue*Correspondence: fdl@unife.it
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• Present /bæ/ /pæ/ /dæ/ /tæ/

• Noise

• TMS vs No-TMS

(TongueM1) area (Figure 1). We hypothesized that focal stimu-
lation would facilitate the perception of the concordant
phonemes ([d] and [t] with TMS to TongueM1), but that there
would be inhibition of perception of the discordant items ([b]
and [p] in this case). Behavioral effects were measured via
reaction times (RTs) and error rates.

RT performance showed a behavioral double dissociation
between stimulation site and stimulus categories (Figure 2).
RT change of phonological decisions induced by TMS pulses
to either the TongueM1 or LipM1 showed opposite effects
for tongue- and lip-produced sounds. The interaction of the

phoneme type and stimulation site factors was significant
(F[1,36] = 17.578; p < 0.0005), and the post-hoc analysis evi-
denced a significant difference between labial ([b], [p]) and
dental ([d], [t]) phonemes for each of the stimulation sites. As
hypothesized, recognition of lip-produced phonemes was
indeed faster than that of tongue-produced ones when stimu-
lating the LipM1 (labial = 94.8% 6 5.3% SEM; dental = 117.3% 6
3.7% SEM; p = 0.009), and the stimulation of the TongueM1
induced the reverse pattern (labial = 113.6% 6 6.4% SEM;
dental = 93% 6 5.1% SEM; p = 0.024). In addition, labial and
dental stimuli recognition was faster when stimulating their
concordant M1 representation compared with that to the
discordant stimulation locus (labial, p = 0.015; dental, p =
0.009). Therefore, the stimulation of a given M1 representation
led to better performance in recognizing speech sounds
produced with the concordant effector compared with discor-
dant sounds produced with a different effector. These results
provide strong support for a specific functional role of motor
cortex in the perception of speech sounds.

In parallel, we tested whether TMS was able to modulate the
direction of errors (Figure 3). Errors were grouped in two
classes: lip-phoneme errors (L-Ph-miss) and tongue-phoneme
errors (T-Ph-miss). The ANOVA showed a significant interac-
tion effect (F[1,36] = 4.426; p < 0.05). Post-hoc comparisons
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Figure 1. Stimuli, TMS Timing, and Regions of Stimulation

(A) Noise, speech sound, and experimental stimulus waveforms. Noise and
speech recordings were mixed into a single trace. TMS (vertical red lines)
was applied in double pulses 100 and 150 ms after noise onset. Speech
sounds started 200 ms after noise onset (gray vertical line).
(B) LipM1 and TongueM1 normalized mean coordinates are projected on
a standard template [8, 34].
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Figure 2. Reaction Times during Speech Discrimination

Effect of TMS on RTs show a double dissociation between stimulation site
(TongueM1 and LipM1) and discrimination performance between class of
stimuli (dental and labial). The y axis represents the amount of RT change
induced by the TMS stimulation. Bars depict SEM. Asterisks indicate signif-
icance (p < 0.05) at the post-hoc (Newman-Keuls) comparison.
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Figure 3. Accuracy Results

We tested whether TMS was able to modulate the direction of errors, i.e., if
the stimulation of the TongueM1 increases the number of labial sounds erro-
neously classified as dental and vice versa. After TMS, a dissociation
between stimulation site (TongueM1 and LipM1) and kind of errors (L-Ph-
miss, T-Ph-miss) was found. The y axis represents the amount of error
change induced by the TMS stimulation. Other conventions as in Figure 2.
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Binding Problem

• How can auditory and 
articulatory neural 
representations can be 
“aligned” to one another 
facilitate sensorimotor 
interaction?

• Peripheral acoustic and 
articulatory signals are very 
distinct from one another.

• What about the neural 
representations of speech?

• Auditory  
(Superior Temporal Gyrus)

• Motor  
(Ventral Sensorimotor cortex)

LIPS

TONGUE

JAW

5000

0

HZ

“He dresses himself in an old black frock”

Possible to use deep learning to map from one to 
another (Anumanchipalli et al, 2019).

But is this how humans solve the binding problem?



Activation in motor cortex during listening

• Evidence for activation in the motor cortex during 
listening to speech (e.g., Wilson et al, 2004)

• Can this provide the basis for the alignment?

• Compare the structure of:

• auditory cortex representations during listening

• motor cortex representations during speaking

• motor cortex representations during listening 
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Activation in vSMC during speaking 
• Electrocorticography (ECoG)  

application of a mesh of tiny 
electrodes directly on the surface of 
the brain of a patient who is being 
prepared for brain surgery.

• Allows recording from very small 
populations of neurons.

• Examine multiple sites in vSMC while 
patient is speaking.

• 460 read sentences (MOCHA-TIMIT)

• 130 electrode sites (across 5 
participants)

• Test which descriptions of speech 
best predict patterns of activation in 
particular electrode locations 
(phoneme id, formants, constriction 
formation, individual articulators).

7

Josh Chartier, Gopala K. Anumanchipalli, Keith Johnson, Edward F. Chang (2019). 
Encoding of articulatory kinematic trajectories in human speech sensorimotor cortex. 
Neuron.

Because only acoustics are recorded, 
authors trained a model to infer time 
functions of EMA markers on Lips, 
Tongue, and Jaw audio (overall 
correlation of original and inferred 
EMA = ~.65 for untrained speaker).



Example results
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Inferred EMA

Electrode Activity

Weights

Weight pattern corresponds to 
coordinated articulator motion 
that produces and releases a 
coronal constriction.



Sites code distinct constriction gestures
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• Best predictor of electrode 
activity was kinematic 
articulatory pattern 
associated with a gesture: 
coordinated articulator 
activity that produces and 
releases a constriction.

• Organized by constriction 
organ (“place of 
articulation”).
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Activation in STG during listening
• Superior Temporal Gyrus:

• site of auditory representations 

• Similar method as used to investigate 
motor cortex (vSMC) during 
speaking.

• 6 participants

• Listened to 500 sentences (TIMIT)

• 256 total electrodes

• How do segments cluster in their 
patterns of electrodes activation?

• What acoustic patterns are encoded? 
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Phonetic Feature Encoding in Human
Superior Temporal Gyrus
Nima Mesgarani,1* Connie Cheung,1 Keith Johnson,2 Edward F. Chang1†

During speech perception, linguistic elements such as consonants and vowels are extracted from
a complex acoustic speech signal. The superior temporal gyrus (STG) participates in high-order
auditory processing of speech, but how it encodes phonetic information is poorly understood. We used
high-density direct cortical surface recordings in humans while they listened to natural, continuous
speech to reveal the STG representation of the entire English phonetic inventory. At single electrodes,
we found response selectivity to distinct phonetic features. Encoding of acoustic properties was
mediated by a distributed population response. Phonetic features could be directly related to tuning for
spectrotemporal acoustic cues, some of which were encoded in a nonlinear fashion or by integration of
multiple cues. These findings demonstrate the acoustic-phonetic representation of speech in human STG.

Phonemes—and the distinctive features com-
posing them—are hypothesized to be the
smallest contrastive units that change aword’s

meaning (e.g., /b/ and /d/ as in bad versus dad)
(1). The superior temporal gyrus (Brodmann area
22, STG) has a key role in acoustic-phonetic pro-
cessing because it responds to speech over other
sounds (2) and focal electrical stimulation there
selectively interrupts speech discrimination (3).
These findings raise fundamental questions about
the representation of speech sounds, such as
whether local neural encoding is specific for pho-
nemes, acoustic-phonetic features, or low-level

spectrotemporal parameters. A major challenge
in addressing this in natural speech is that cor-
tical processing of individual speech sounds is
extraordinarily spatially discrete and rapid (4–7).

We recorded direct cortical activity from six
human participants implanted with high-density
multielectrode arrays as part of their clinical eval-
uation for epilepsy surgery (8). These recordings
provide simultaneous high spatial and temporal
resolutionwhile sampling population neural activ-
ity from temporal lobe auditory speech cortex.
We analyzed high gamma (75 to 150 Hz) cortical
surface field potentials (9, 10), which correlate
with neuronal spiking (11, 12).

Participants listened to natural speech sam-
ples featuring a wide range of American English
speakers (500 sentences spoken by 400 people)
(13). Most speech-responsive sites were found in
posterior andmiddle STG (Fig. 1A, 37 to 102 sites
per participant, comparing speech versus silence,
P < 0.01, t test). Neural responses demonstrated a
distributed spatiotemporal pattern evoked during
listening (Fig. 1, B and C, and figs. S1 and S2).

We segmented the sentences into time-aligned
sequences of phonemes to investigate whether
STG sites show preferential responses. We esti-
mated the mean neural response at each electrode
to every phoneme and found distinct selectiv-

1Department of Neurological Surgery, Department of Phys-
iology, and Center for Integrative Neuroscience, University of
California, San Francisco, CA 94143, USA. 2Department of
Linguistics, University of California, Berkeley, CA 94720, USA.

*Present address: Department of Electrical Engineering,
Columbia University, New York, NY 10027, USA.
†Corresponding author. E-mail: changed@neurosurg.ucsf.edu

Fig. 1. Human STG cortical selectivity to speech sounds. (A) Magnetic
resonance image surface reconstruction of one participant’s cerebrum. Elec-
trodes (red) are plotted with opacity signifying the t test value when com-
paring responses to silence and speech (P < 0.01, t test). (B) Example

sentence and its acoustic waveform, spectrogram, and phonetic transcription.
(C) Neural responses evoked by the sentence at selected electrodes. z score
indicates normalized response. (D) Average responses at five example electrodes
to all English phonemes and their PSI vectors.
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Phonetic Feature Encoding in Human
Superior Temporal Gyrus
Nima Mesgarani,1* Connie Cheung,1 Keith Johnson,2 Edward F. Chang1†

During speech perception, linguistic elements such as consonants and vowels are extracted from
a complex acoustic speech signal. The superior temporal gyrus (STG) participates in high-order
auditory processing of speech, but how it encodes phonetic information is poorly understood. We used
high-density direct cortical surface recordings in humans while they listened to natural, continuous
speech to reveal the STG representation of the entire English phonetic inventory. At single electrodes,
we found response selectivity to distinct phonetic features. Encoding of acoustic properties was
mediated by a distributed population response. Phonetic features could be directly related to tuning for
spectrotemporal acoustic cues, some of which were encoded in a nonlinear fashion or by integration of
multiple cues. These findings demonstrate the acoustic-phonetic representation of speech in human STG.

Phonemes—and the distinctive features com-
posing them—are hypothesized to be the
smallest contrastive units that change aword’s

meaning (e.g., /b/ and /d/ as in bad versus dad)
(1). The superior temporal gyrus (Brodmann area
22, STG) has a key role in acoustic-phonetic pro-
cessing because it responds to speech over other
sounds (2) and focal electrical stimulation there
selectively interrupts speech discrimination (3).
These findings raise fundamental questions about
the representation of speech sounds, such as
whether local neural encoding is specific for pho-
nemes, acoustic-phonetic features, or low-level

spectrotemporal parameters. A major challenge
in addressing this in natural speech is that cor-
tical processing of individual speech sounds is
extraordinarily spatially discrete and rapid (4–7).

We recorded direct cortical activity from six
human participants implanted with high-density
multielectrode arrays as part of their clinical eval-
uation for epilepsy surgery (8). These recordings
provide simultaneous high spatial and temporal
resolutionwhile sampling population neural activ-
ity from temporal lobe auditory speech cortex.
We analyzed high gamma (75 to 150 Hz) cortical
surface field potentials (9, 10), which correlate
with neuronal spiking (11, 12).

Participants listened to natural speech sam-
ples featuring a wide range of American English
speakers (500 sentences spoken by 400 people)
(13). Most speech-responsive sites were found in
posterior andmiddle STG (Fig. 1A, 37 to 102 sites
per participant, comparing speech versus silence,
P < 0.01, t test). Neural responses demonstrated a
distributed spatiotemporal pattern evoked during
listening (Fig. 1, B and C, and figs. S1 and S2).

We segmented the sentences into time-aligned
sequences of phonemes to investigate whether
STG sites show preferential responses. We esti-
mated the mean neural response at each electrode
to every phoneme and found distinct selectiv-

1Department of Neurological Surgery, Department of Phys-
iology, and Center for Integrative Neuroscience, University of
California, San Francisco, CA 94143, USA. 2Department of
Linguistics, University of California, Berkeley, CA 94720, USA.

*Present address: Department of Electrical Engineering,
Columbia University, New York, NY 10027, USA.
†Corresponding author. E-mail: changed@neurosurg.ucsf.edu

Fig. 1. Human STG cortical selectivity to speech sounds. (A) Magnetic
resonance image surface reconstruction of one participant’s cerebrum. Elec-
trodes (red) are plotted with opacity signifying the t test value when com-
paring responses to silence and speech (P < 0.01, t test). (B) Example

sentence and its acoustic waveform, spectrogram, and phonetic transcription.
(C) Neural responses evoked by the sentence at selected electrodes. z score
indicates normalized response. (D) Average responses at five example electrodes
to all English phonemes and their PSI vectors.
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STG representation during listening
• Electrode activity clusters by manner class.

• stops
• fricatives
• nasals
• back vowels & liquids
• low front vowels
• high front vowels

• Classes differ in gross acoustic patterns
• More fine grained representation of vowel 

formants.
• Electrodes tuned to relation of F1 and F2.

13

across columns revealed single electrodes with
similar PSI patterns (Fig. 2C). These two analy-
ses revealed complementary local- and global-
level organizational selectivity patterns. We also
replotted the array by using 14 phonetic features
defined in linguistics to contrast distinctive artic-
ulatory and acoustic properties (Fig. 2D; phoneme-
feature mapping provided in fig. S7) (1, 15).

The first tier of the single-electrode hierarchy
analysis (Fig. 2C) divides STG sites into two dis-
tinct groups: obstruent- and sonorant-selective elec-
trodes. The obstruent-selective group is divided
into two subgroups: plosive and fricative elec-
trodes (similar to electrodes e1 and e2 in Fig. 1D)
(16). Among plosive electrodes (blue), somewere
responsive to all plosives, whereas others were
selective to place of articulation (dorsal /g/ and /k/
versus coronal /d/ and /t/ versus labial /p/ and /b/,
labeled in Fig. 2D) and voicing (separating voiced
/b/, /d/, and /g/ from unvoiced /p/, /t/, and /k/;
labeled voiced in Fig. 2D). Fricative-selective
electrodes (purple) showed weak, overlapping se-
lectivity to coronal plosives (/d/ and /t/). Sonorant-
selective cortical sites, in contrast, were partitioned
into four partially overlapping groups: low-back
vowels (red), low-front vowels (orange), high-front
vowels (green), and nasals (magenta) (labeled in
Fig. 2D, similar to e3 to e5 in Fig. 1D).

Both clustering schemes (Fig. 2, B and C) re-
vealed similar phoneme grouping based on shared
phonetic features, suggesting that a substantial por-
tion of the population-based organization can be
accounted for by local tuning to features at sin-
gle electrodes (similarity of average PSI values
for the local and population subgroups of both
clustering analyses is shown in fig. S8; overall
r = 0.73, P < 0.001). Furthermore, selectivity is
organized primarily by manner of articulation dis-
tinctions and secondarily by place of articulation,
corresponding to the degree and the location of
constriction in the vocal tract, respectively (16).
This systematic organization of speech sounds is
consistent with auditory perceptual models posit-
ing that distinctions are most affected by manner
contrasts (17, 18) compared with other feature
hierarchies (articulatory or gestural theories) (19).

We next determined what spectrotemporal
tuning properties accounted for phonetic feature
selectivity. We first determined the weighted av-
erage STRFs of the six main electrode clusters
identified above, weighting them proportional-
ly by their degree of selectivity (average PSI). These
STRFs showwell-defined spectrotemporal tuning
(Fig. 2E) highly similar to average acoustic spec-
trograms of phonemes in corresponding popula-
tion clusters (Fig. 2F; average correlation = 0.67,
P < 0.01, t test). For example, the first STRF in
Fig. 2E shows tuning for broadband excitation
followed by inhibition, similar to the acoustic spec-
trogram of plosives. The second STRF is tuned to
a high frequency, which is a defining feature of
sibilant fricatives. STRFs of vowel electrodes show
tuning for characteristic formants that define low-
back, low-front, and high-front vowels. Last, STRF
of nasal-selective electrodes is tuned primarily to
low acoustic frequencies generated from heavy
voicing and damping of higher frequencies (16).
The average spectrogram analysis requires a priori
phonemic segmentation of speech but is model-
independent. The STRF analysis assumes a linear
relationship between spectrograms and neural re-
sponses but is estimated without segmentation.
Despite these differing assumptions, the strong
match between these confirms that phonetic fea-
ture selectivity results from tuning to signature
spectrotemporal cues.

We have thus far focused on local feature se-
lectivity to discrete phonetic feature categories.
We next wanted to address the encoding of con-
tinuous acoustic parameters that specify phonemes
within vowel, plosive, and fricative groups. For
vowels, we measured fundamental (F0) and for-
mant (F1 to F4) frequencies (16). The first two
formants (F1 and F2) play amajor perceptual role
in distinguishing different English vowels (16),
despite tremendous variability within and across
vowels (Fig. 3A) (20). The optimal projection of
vowels in formant space was the difference of F2
and F1 (first principal component, dashed line,
Fig. 3A), which is consistent with vowel percep-
tual studies (21, 22). By using partial correlation
analysis, we quantified the relationship between

electrode response amplitudes and F0 to F4. On
average, we observed no correlation between the
sensitivity of an electrode to F0 with its sensi-
tivity to F1 or F2. However, sensitivity to F1 and
F2 was negatively correlated across all vowel-
selective sites (Fig. 3B; r = –0.49,P < 0.01, t test),
meaning that single STG sites show an integrated
response to both F1 and F2. Furthermore, elec-
trodes selective to low-back and high-front vowels
(labeled in Fig. 2D) showed an opposite differen-
tial tuning to formants, thereby maximizing vowel
discriminability in the neural domain. This com-
plex sound encodingmatches the optimal projection
in Fig. 3A, suggesting a specialized higher-order
encoding of acoustic formant parameters (23, 24)
and contrasts with studies of speech sounds in non-
human species (25, 26).

To examine population representation of vowel
parameters, we used linear regression to decode
F0 to F4 from neural responses. To ensure un-
biased estimation, we first removed correlations
between F0 to F4 by using linear prediction and
decoded the residuals. Relatively high decoding
accuracies are shown in Fig. 3C (P < 0.001, t test),
suggesting fundamental and formant variability
is well represented in population STG responses
(interaction between decoder weights with elec-
trode STRFs shown in fig. S9). By using multi-
dimensional scaling, we found that the relational
organization between vowel centroids in the acous-
tic domain is well preserved in neural space (Fig.
3D; r = 0.88, P < 0.001).

For plosives, we measured three perceptually
important acoustic cues (fig. S10): voice-onset
time (VOT), which distinguishes voiced (/b/, /d/,
and /g/) from unvoiced plosives (/p/, /t/, and /k/);
spectral peak (differentiating labials /p/ and /b/
versus coronal /t/ and /d/ versus dorsal /k/ and /g/);
and F2 of the following vowel (16). These acous-
tic parameters could be decoded from population
STG responses (Fig. 4A; P < 0.001, t test). VOTs
in particular are temporal cues that are perceived
categorically, which suggests a nonlinear encod-
ing (27). Figure 4B shows neural responses for
three example electrodes plotted for all plosive
instances (total of 1200), aligned to their release

Fig. 3. Neural encoding of vowels. (A) Formant frequencies, F1 and F2, for
English vowels (F2-F1, dashed line, first principal component). (B) F1 and F2
partial correlations for each electrode’s response (**P < 0.01, t test). Dots (elec-

trodes) are color-coded by their cluster membership. (C) Neural population de-
coding of fundamental and formant frequencies. Error bars indicate SEM. (D)
Multidimensional scaling (MDS) of acoustic and neural space (***P<0.001, t test).
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ity. For example, electrode e1 (Fig. 1D) showed
large evoked responses to plosive phonemes /p/,
/t /, /k/, /b/, /d/, and /g/. Electrode e2 showed
selective responses to sibilant fricatives: /s/, /!/,
and /z/. The next two electrodes showed selec-
tive responses to subsets of vowels: low-back
(electrode e3, e.g., /a/ and /a"/), high-front vowels
and glides (electrode e4, e.g., /i/ and /j/). Last,
neural activity recorded at electrode e5 was se-
lective for nasals (/n/, /m/, and /!/).

To quantify selectivity at single electrodes, we
derived a metric indicating the number of pho-
nemes with cortical responses statistically dis-
tinguishable from the response to a particular
phoneme. The phoneme selectivity index (PSI)

is a dimension of 33 English phonemes; PSI = 0
is nonselective and PSI = 32 is extremely selec-
tive (Wilcox rank-sum test, P < 0.01, Fig. 1D;
methods shown in fig. S3). We determined an
optimal analysis time window of 50 ms, centered
150 ms after the phoneme onset by using a pho-
neme separability analysis (f-statistic, fig. S4A).
The average PSI over all phonemes summarizes
an electrode’s overall selectivity. The average PSI
was highly correlated to a site’s response mag-
nitude to speech over silence (r = 0.77,P < 0.001,
t test; fig. S5A) and the degree to which the
response could be predicted with a linear spec-
trotemporal receptive field [STRF, r = 0.88, P <
0.001, t test; fig. S5B (14)]. Therefore, the ma-

jority of speech-responsive sites in STG are se-
lective to specific phoneme groups.

To investigate the organization of selectivity
across the neural population, we constructed an
array containing PSI vectors for electrodes across
all participants (Fig. 2A). In this array, each column
corresponds to a single electrode, and each row
corresponds to a single phoneme. Most STG elec-
trodes are selective not to individual but to specif-
ic groups of phonemes. To determine selectivity
patterns across electrodes and phonemes, we
used unsupervised hierarchical clustering analy-
ses. Clustering across rows revealed groupings of
phonemes on the basis of similarity of PSI values
in the population response (Fig. 2B). Clustering

Fig. 2. Hierarchical clustering of single-electrode and population
responses. (A) PSI vectors of selective electrodes across all participants. Rows
correspond to phonemes, and columns correspond to electrodes. (B) Cluster-
ing across population PSIs (rows). (C) Clustering across single electrodes (col-
umns). (D) Alternative PSI vectors using rows now corresponding to phonetic

features, not phonemes. (E) Weighted average STRFs of main electrode clus-
ters. (F) Average acoustic spectrograms for phonemes in each population clus-
ter. Correlation between average STRFs and average spectrograms: r = 0.67,
P <0.01, t test. (r=0.50, 0.78, 0.55, 0.86, 0.86, and 0.47 for plosives, fricatives,
vowels, and nasals, respectively; P < 0.01, t test).
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Neural activation in motor areas 
(vSMC) during listening 

• Several studies have revealed 
activity in motor cortex during 
passive listening.

• Has been used as evidence for 
motor engagement during 
perception.

• Little is known about the 
structure of the neural 
activation during listening.

• Cheung et al (2016) measure 
electrode activity in both STG 
and  vSMC during listening and 
speaking

• Stimuli: 
/pa ba ta da ka ga sa ʃa/

• Nine participants
15

and superior vSMC (p<0.05) compared to STG (Figure 3a, Wilcoxon rank sum test, see Figure 3c

for average responses to all syllables). The latency to the response peak was also significantly higher

in superior vSMC compared to STG (Figure 3b, p<0.01, Wilcoxon rank sum test). A cross-correlation

analysis between these vSMC electrodes and STG electrodes revealed a diverse array of relation-

ships between these populations (Figure 3d–f), including STG electrode activity leading vSMC

Figure 1. Speech sounds evoke responses in the human motor cortex. (a) Magnetic resonance image surface reconstruction of one representative

subject’s cerebrum (subject 1: S1). Individual electrodes are plotted as dots, and the average cortical response magnitude (z-scored high gamma

activity) when listening to CV syllables is signified by the color opacity. CS denotes the central sulcus; SF denotes the Sylvian fissure. (b) Acoustic
waveform, spectrogram, single-trial cortical activity (raster), and mean cortical activity (high gamma z-score, with standard error) from two vSMC sites

and one STG site when a subject is listening to /da/. Time points significantly above a pre-stimulus silence period (p<0.01, bootstrap resampled, FDR

corrected, alpha < 0.005) are marked along the horizontal axis. The vertical dashed line indicates the onset of the syllable acoustics (t=0). (c) Same

subject as in (a); distributed vSMC cortical activity when speaking CV syllables (mean high gamma z-score). (d) Total number of significantly active sites

in all subjects during listening, speaking, and both conditions (p<0.01, t-test, responses compared to silence and speech). Electrode sites are broken

down by their anatomical locations. S denotes superior vSMC sites; I denotes inferior vSMC sites.

DOI: 10.7554/eLife.12577.003

The following figure supplements are available for figure 1:

Figure supplement 1. Average cortical responses to speaking and listening in all subjects (S2-S5).

DOI: 10.7554/eLife.12577.004

Figure supplement 2. Neural responses while listening to CV syllables in 4 additional subjects not included in MDS analyses (S6 - S9).

DOI: 10.7554/eLife.12577.005
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Abstract In humans, listening to speech evokes neural responses in the motor cortex. This has
been controversially interpreted as evidence that speech sounds are processed as articulatory
gestures. However, it is unclear what information is actually encoded by such neural activity. We
used high-density direct human cortical recordings while participants spoke and listened to speech
sounds. Motor cortex neural patterns during listening were substantially different than during
articulation of the same sounds. During listening, we observed neural activity in the superior and
inferior regions of ventral motor cortex. During speaking, responses were distributed throughout
somatotopic representations of speech articulators in motor cortex. The structure of responses in
motor cortex during listening was organized along acoustic features similar to auditory cortex,
rather than along articulatory features as during speaking. Motor cortex does not contain
articulatory representations of perceived actions in speech, but rather, represents auditory vocal
information.
DOI: 10.7554/eLife.12577.001

Introduction
Our motor and sensory cortices are traditionally thought to be functionally separate systems. How-
ever, an accumulating number of studies has revealed their roles in action and perception to be
highly integrated (Pulvermüller and Fadiga, 2010). For example, a number of studies have demon-
strated that both sensory and motor cortices are engaged during perception (Gallese et al., 1996;
Wilson et al., 2004; Tkach et al., 2007; Cogan et al., 2014). In humans, this phenomenon has been
observed in the context of speech, where listening to speech sounds evokes robust neural activity in
the motor cortex (Wilson et al., 2004; Pulvermüller et al., 2006; Edwards et al., 2010;
Cogan et al., 2014). This observation has re-ignited an intense scientific debate over the role of the
motor system in speech perception over the past decade (Lotto et al., 2009; Scott et al., 2009;
Pulvermüller and Fadiga, 2010).

One interpretation of the observed motor activity during speech perception is that “the objects
of speech perception are the intended phonetic gestures of the speaker”- as posited by Liberman’s
motor theory of speech perception (Liberman et al., 1967; Liberman and Mattingly, 1985). The
motor theory is a venerable and well-differentiated exemplar of a set of speech perception theories
that we could call ’production-referencing’ theories. Unlike motor theory, more modern production
referencing theories do not assume that sensorimotor circuits are necessarily referenced in order for
speech to be recognized, but they allow for motor involvement in perception in certain phonetic
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Abstract In humans, listening to speech evokes neural responses in the motor cortex. This has
been controversially interpreted as evidence that speech sounds are processed as articulatory
gestures. However, it is unclear what information is actually encoded by such neural activity. We
used high-density direct human cortical recordings while participants spoke and listened to speech
sounds. Motor cortex neural patterns during listening were substantially different than during
articulation of the same sounds. During listening, we observed neural activity in the superior and
inferior regions of ventral motor cortex. During speaking, responses were distributed throughout
somatotopic representations of speech articulators in motor cortex. The structure of responses in
motor cortex during listening was organized along acoustic features similar to auditory cortex,
rather than along articulatory features as during speaking. Motor cortex does not contain
articulatory representations of perceived actions in speech, but rather, represents auditory vocal
information.
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Introduction
Our motor and sensory cortices are traditionally thought to be functionally separate systems. How-
ever, an accumulating number of studies has revealed their roles in action and perception to be
highly integrated (Pulvermüller and Fadiga, 2010). For example, a number of studies have demon-
strated that both sensory and motor cortices are engaged during perception (Gallese et al., 1996;
Wilson et al., 2004; Tkach et al., 2007; Cogan et al., 2014). In humans, this phenomenon has been
observed in the context of speech, where listening to speech sounds evokes robust neural activity in
the motor cortex (Wilson et al., 2004; Pulvermüller et al., 2006; Edwards et al., 2010;
Cogan et al., 2014). This observation has re-ignited an intense scientific debate over the role of the
motor system in speech perception over the past decade (Lotto et al., 2009; Scott et al., 2009;
Pulvermüller and Fadiga, 2010).

One interpretation of the observed motor activity during speech perception is that “the objects
of speech perception are the intended phonetic gestures of the speaker”- as posited by Liberman’s
motor theory of speech perception (Liberman et al., 1967; Liberman and Mattingly, 1985). The
motor theory is a venerable and well-differentiated exemplar of a set of speech perception theories
that we could call ’production-referencing’ theories. Unlike motor theory, more modern production
referencing theories do not assume that sensorimotor circuits are necessarily referenced in order for
speech to be recognized, but they allow for motor involvement in perception in certain phonetic
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Selectivity of vSMC electrodes during
speaking and listening

• Electrodes found that respond 
differentially to /b,d,g/ are 
typically those that are active 
only during speaking.

• Electrodes that are active 
during both listening and 
speaking do not exhibit clear 
selectivity as a function of 
constriction effector (labial, 
coronal, dorsal).

16

electrode activity and vice versa. In contrast to speaking, we did not observe somatotopic organiza-

tion of cortical responses when listening to speech. Therefore, the pattern of raw evoked responses

during listening shows critical differences from those during speaking.
We next evaluated quantitatively whether the structure of distributed vSMC neural activity during

listening was more similar to that of vSMC during speaking or the STG during listening. In previous

studies, we demonstrated that the structure of evoked responses are primarily organized by

Figure 2. Site-by-site differences in vSMC neural activity when speaking and listening to CV syllables. (a) Top,
vocal tract schematics for three syllables (/ba/, /da/, /ga/) produced by occlusion at the lips, tongue tip, and

tongue body, respectively (arrow). (b) Acoustic waveforms and spectrograms of spoken syllables. (c) Average
neural activity at electrodes along the vSMC for speaking (blue) and listening (red) to the three syllables (high

gamma z-score). Solid lines indicate activity was significantly different from pre-stimulus silence activity (p<0.01).

Transparent lines indicate activity was not different from pre-stimulus silence activity (p>0.01). Vertical dashed line

denotes the onset of the syllable acoustics (t=0). (d) Location of electrodes 1–13 in panel c, shown on whole brain

and with inset detail. CS = central sulcus, SF = Sylvian fissure.

DOI: 10.7554/eLife.12577.006

The following figure supplement is available for figure 2:

Figure supplement 1. Syllable token set.

DOI: 10.7554/eLife.12577.007
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Clustering of electrode activation patterns

•  vSMC

• Clustering by constriction 
type is strong during 
speaking.

• Clustering by constriction 
is weak during listening.   

• Clustering by acoustic 
properties during listening 
is strong, but a bit weaker 
than in STG

• Clustering by Manner is 
stronger than clustering by 
constriction (place) during 
listening in vSMC.

17

Figure 4. Organization of motor cortex activity patterns. (a) Consonants of all syllable tokens organized by place

and manner of articulation. Where consonants appear in pairs, the right is a voiced consonant, and the left is a

voiceless consonant. (b) Relational organization of vSMC patterns (similarity) using multidimensional scaling (MDS)

during speaking. Neural pattern similarity is proportional to the Euclidean distance (that is, similar response

patterns are grouped closely together, whereas dissimilar patterns are positioned far apart). Tokens are colored by

the main place of articulation of the consonants (labial, velar, or alveolar). (c) Similarity of vSMC response patterns

during listening. Same coloring by place of articulation. (d) Organization by motor articulators. K-means clustering

was used to assign mean neural responses to 3 groups (labial, alveolar, velar) for both listening and speaking

neural organizations (b,c). The similarity of the grouping to known major articulators was measured by the

adjusted Rand Index. An index of 1 indicates neural responses group by place of articulation features. ***p<0.001,

Wilcoxon rank-sum (e) Organization of mean STG responses using MDS when listening. In contrast to c and d,

tokens are now colored by their main acoustic feature (fricative, voiced plosive, or voiceless plosive). (f)
Organization of mean vSMC responses using MDS when listening colored by their main acoustic feature. (Identical

to C, but recolored here by acoustic features). (g) Organization by manner of articulation acoustic features

(fricative, voiced plosive, voiceless plosive) for both STG and vSMC organizations when listening (e, f). The
similarity of the grouping to known acoustic feature groupings was measured by the adjusted Rand Index.

***p<0.001, Wilcoxon rank sum. (h) During listening, responses in vSMC show significantly greater organization by

Figure 4 continued on next page
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Speaking

Figure 4. Organization of motor cortex activity patterns. (a) Consonants of all syllable tokens organized by place

and manner of articulation. Where consonants appear in pairs, the right is a voiced consonant, and the left is a

voiceless consonant. (b) Relational organization of vSMC patterns (similarity) using multidimensional scaling (MDS)

during speaking. Neural pattern similarity is proportional to the Euclidean distance (that is, similar response

patterns are grouped closely together, whereas dissimilar patterns are positioned far apart). Tokens are colored by

the main place of articulation of the consonants (labial, velar, or alveolar). (c) Similarity of vSMC response patterns

during listening. Same coloring by place of articulation. (d) Organization by motor articulators. K-means clustering

was used to assign mean neural responses to 3 groups (labial, alveolar, velar) for both listening and speaking

neural organizations (b,c). The similarity of the grouping to known major articulators was measured by the

adjusted Rand Index. An index of 1 indicates neural responses group by place of articulation features. ***p<0.001,

Wilcoxon rank-sum (e) Organization of mean STG responses using MDS when listening. In contrast to c and d,

tokens are now colored by their main acoustic feature (fricative, voiced plosive, or voiceless plosive). (f)
Organization of mean vSMC responses using MDS when listening colored by their main acoustic feature. (Identical

to C, but recolored here by acoustic features). (g) Organization by manner of articulation acoustic features

(fricative, voiced plosive, voiceless plosive) for both STG and vSMC organizations when listening (e, f). The
similarity of the grouping to known acoustic feature groupings was measured by the adjusted Rand Index.

***p<0.001, Wilcoxon rank sum. (h) During listening, responses in vSMC show significantly greater organization by

Figure 4 continued on next page
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Listening Listening

Figure 4. Organization of motor cortex activity patterns. (a) Consonants of all syllable tokens organized by place

and manner of articulation. Where consonants appear in pairs, the right is a voiced consonant, and the left is a

voiceless consonant. (b) Relational organization of vSMC patterns (similarity) using multidimensional scaling (MDS)

during speaking. Neural pattern similarity is proportional to the Euclidean distance (that is, similar response

patterns are grouped closely together, whereas dissimilar patterns are positioned far apart). Tokens are colored by

the main place of articulation of the consonants (labial, velar, or alveolar). (c) Similarity of vSMC response patterns

during listening. Same coloring by place of articulation. (d) Organization by motor articulators. K-means clustering

was used to assign mean neural responses to 3 groups (labial, alveolar, velar) for both listening and speaking

neural organizations (b,c). The similarity of the grouping to known major articulators was measured by the

adjusted Rand Index. An index of 1 indicates neural responses group by place of articulation features. ***p<0.001,

Wilcoxon rank-sum (e) Organization of mean STG responses using MDS when listening. In contrast to c and d,

tokens are now colored by their main acoustic feature (fricative, voiced plosive, or voiceless plosive). (f)
Organization of mean vSMC responses using MDS when listening colored by their main acoustic feature. (Identical

to C, but recolored here by acoustic features). (g) Organization by manner of articulation acoustic features

(fricative, voiced plosive, voiceless plosive) for both STG and vSMC organizations when listening (e, f). The
similarity of the grouping to known acoustic feature groupings was measured by the adjusted Rand Index.

***p<0.001, Wilcoxon rank sum. (h) During listening, responses in vSMC show significantly greater organization by

Figure 4 continued on next page
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Listening

Figure 4. Organization of motor cortex activity patterns. (a) Consonants of all syllable tokens organized by place

and manner of articulation. Where consonants appear in pairs, the right is a voiced consonant, and the left is a

voiceless consonant. (b) Relational organization of vSMC patterns (similarity) using multidimensional scaling (MDS)

during speaking. Neural pattern similarity is proportional to the Euclidean distance (that is, similar response

patterns are grouped closely together, whereas dissimilar patterns are positioned far apart). Tokens are colored by

the main place of articulation of the consonants (labial, velar, or alveolar). (c) Similarity of vSMC response patterns

during listening. Same coloring by place of articulation. (d) Organization by motor articulators. K-means clustering

was used to assign mean neural responses to 3 groups (labial, alveolar, velar) for both listening and speaking

neural organizations (b,c). The similarity of the grouping to known major articulators was measured by the

adjusted Rand Index. An index of 1 indicates neural responses group by place of articulation features. ***p<0.001,

Wilcoxon rank-sum (e) Organization of mean STG responses using MDS when listening. In contrast to c and d,

tokens are now colored by their main acoustic feature (fricative, voiced plosive, or voiceless plosive). (f)
Organization of mean vSMC responses using MDS when listening colored by their main acoustic feature. (Identical

to C, but recolored here by acoustic features). (g) Organization by manner of articulation acoustic features

(fricative, voiced plosive, voiceless plosive) for both STG and vSMC organizations when listening (e, f). The
similarity of the grouping to known acoustic feature groupings was measured by the adjusted Rand Index.

***p<0.001, Wilcoxon rank sum. (h) During listening, responses in vSMC show significantly greater organization by

Figure 4 continued on next page
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Figure 4. Organization of motor cortex activity patterns. (a) Consonants of all syllable tokens organized by place

and manner of articulation. Where consonants appear in pairs, the right is a voiced consonant, and the left is a

voiceless consonant. (b) Relational organization of vSMC patterns (similarity) using multidimensional scaling (MDS)

during speaking. Neural pattern similarity is proportional to the Euclidean distance (that is, similar response

patterns are grouped closely together, whereas dissimilar patterns are positioned far apart). Tokens are colored by

the main place of articulation of the consonants (labial, velar, or alveolar). (c) Similarity of vSMC response patterns

during listening. Same coloring by place of articulation. (d) Organization by motor articulators. K-means clustering

was used to assign mean neural responses to 3 groups (labial, alveolar, velar) for both listening and speaking

neural organizations (b,c). The similarity of the grouping to known major articulators was measured by the

adjusted Rand Index. An index of 1 indicates neural responses group by place of articulation features. ***p<0.001,

Wilcoxon rank-sum (e) Organization of mean STG responses using MDS when listening. In contrast to c and d,

tokens are now colored by their main acoustic feature (fricative, voiced plosive, or voiceless plosive). (f)
Organization of mean vSMC responses using MDS when listening colored by their main acoustic feature. (Identical

to C, but recolored here by acoustic features). (g) Organization by manner of articulation acoustic features

(fricative, voiced plosive, voiceless plosive) for both STG and vSMC organizations when listening (e, f). The
similarity of the grouping to known acoustic feature groupings was measured by the adjusted Rand Index.

***p<0.001, Wilcoxon rank sum. (h) During listening, responses in vSMC show significantly greater organization by

Figure 4 continued on next page
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Summary: Binding Problem
• Patterns of neural activation during listening and speaking are distinct.

• Constriction gesture responses during speaking

• Acoustics / manner responses during listening.

• Given evidence for sensorimotor interactions, what binds them 
together?

• A critical aspect of speech is not considered in these studies that 
examine change over time.

• The way the acoustics, auditory patterns, articulatory patterns 
change over time ought to be linked to one another. 

• The articulatory changes cause the acoustic changes that cause the 
auditory changes

• Goal of this work is to begin an exploratory analysis of those 
patterns of change and their relation to syllable structure.

18



Why change ?
• Coherent perception of biological motion through change (only). 

• Point-light displays (Johansson, 1973)

• Sine wave speech (Remez, Rubin, Pisoni & Carrell, 1981)

19

“Where were you a year ago?”



Articulatory Modulation functions:  

• Calculate the global motion of 
the vocal tract at each instant in 
time

• X-ray microbeam (XRMB) 
corpus (Westbury et al., 1994)

• 7 markers on the surface of the 
oral articulators 

• Sum the squared displacement 
over all markers and dimensions 
(x, y) at every time frame.

• Measure related to kinetic 
energy of vocal tract, if mass of 
articulators is ignored.

20
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Temporal modulation in sensorimotor interaction 

4 

no audible hesitations and with only a single pause (after “bird”). The speakers were all students 137 
at the University of Wisconsin in the early 1990s. Their Dialect Base (described in Westbury et 138 
al., 1994, as “place of residence during linguistically formative years”) included 13 from 139 
Wisconsin, 3 from Illinois, 2 from Minnesota, and one each from Indiana, Colorado, California, 140 
Massachusetts and New Jersey. The data analyzed include markers attached midsagittaly to the 141 
upper lip (UL), lower lip (LL), lower incisor (LI), four tongue markers (tip to dorsum:  T1, T2, 142 
T3, T4), and simultaneous audio. 143 
 144 
Pause durations following the word “bird” were measured manually from a wide-band 145 
spectrogram, from the release of the final /d/ in “bird” to the release of the initial /b/ in “but.” 146 
The average syllable duration for each speaker’s production was estimated by taking the duration 147 
of the entire sentence for a given speaker, subtracting the pause duration (following “bird”), and 148 
dividing the result by the number of syllables (n=27). 149 
  150 
2.2 Articulatory Modulation Functions 151 
 152 
Articulatory change, or modulation, was defined for a given frame as the sum of the squared 153 
velocities of the 14-dimensions defined by the 7 markers x 2 dimensions (x,y), as in (1): 154 
 155 
(1)                     156 

!"#$! % = (( ), +, % + 1 −( ), +, % )0
0

123

4

523
 157 

 158 
 159 
where m(i,j,k) are the marker positions for marker (i) 1-7 (UL, LL, T1, T2, T3, T4, LI), 160 
dimension (j) 1-2 (x,y), at frame k. Ignoring the mass of the articulators (i.e., treating all masses = 161 
1), MBEAM also is twice the kinetic energy of the set of articulators (KE = .5mv2).  162 
 163 
A version of microbeam corpus in Matlab format was employed. In this format, the data of all 164 
markers was interpolated to a fixed sampling rate of 145.6 Hz, so the duration of each frame was 165 
6.866 ms. Because of the differencing involved in computing the MBEAM function, it is 166 
effectively high-pass filtered and can be noisy. The resulting MBEAM functions were therefore 167 
smoothed. To determine the appropriate frequency cutoff for the smoothing filter, the frequency 168 
content in the microbeam marker signals themselves was considered. Since the tongue tip marker 169 
was acquired at the shortest original (nominal) sampling period during the data acquisition 170 
(before the acquired data were interpolated by a smoothing spline to make samples all equal in 171 
duration, Westbury et al., 1994), the magnitude spectrum of the vertical movement of the marker 172 
closest to the tip of the tongue (T1) for the test sentence produced by each of the speakers was 173 
examined. The results of a typical speaker are shown in Figure 1. For all speakers, the amplitude 174 
of the spectrum at 10 Hz is down by 60 dB from its peak value, and changes little at higher 175 
frequencies. A cutoff frequency of 12Hz was chosen, and the MBEAM functions were filtered in 176 
Matlab (Mathworks, Inc.) using a zero-phase, low-pass, 9-point Butterworth filter with a 12 Hz 177 
cutoff. In order to test if the resulting filtering overly determines the correlation results, another 178 
version of the MBEAM functions was created using a 25 Hz cutoff filter, and analyses were 179 
replicated using these functions.  180 

• No markers on soft palate or larynx
• No information relevant to nasalization 

or source changes



• Acoustics were represented using 13 Mel-Frequency Cepstral 
Coefficients (MFCC).

• MFCC is a robust representation of spectral properties used in 
automatic speech recognition, forced text alignment, 
articulatory-acoustic inversion.

• Modulation was calculated in a similar way to the MBEAM 
modulation function: sum of the squared changes over all 
coefficients.

• Measure of kinetic energy of spectrum.

• The acoustic modulation function calculated in this way is 
different from broadband analysis of the amplitude envelope 
(Poeppel & Assaneo, 2000) and more like narrowband analysis 
they discuss.
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 181 
Temporal structure of each MBEAM function was characterized by finding the times of the 182 
successive maxima of the function (using the zero-crossings of its derivative). These maxima 183 
will be referred to as the modulation pulses. The mean inter-pulse interval and its standard 184 
deviation were calculated. 185 
 186 
2.3 Acoustic Modulation Functions 187 
 188 
The signal representation chosen as the basis of the acoustic modulation functions is a set of mel-189 
frequency cepstral coefficients (mfcc). In addition to fact that this representation is the standard 190 
in automatic speech recognition (Rabiner, Juang & Rutledge, 1993), it encodes the resonance 191 
structure of the vocal tract, but not voiced source fundamental frequency, which of course is also 192 
not captured by microbeam markers on the surfaces of the vocal tract. Mfccs have been used in 193 
work that has successfully estimated articulator point marker time functions from acoustics using 194 
deep neural nets (Chartier et al., 2018) and other techniques (Afshan & Ghosh, 2015; Mitra, 195 
Nam, Espy-Wilson, Saltzman & Goldstein, 2011). Mfcc parameters were calculated for the audio 196 
signals paired with the microbeam data using Matlab code developed by Kamil Wojcicki and 197 
available on the Mathworks File Exchange 198 
(https://www.mathworks.com/matlabcentral/fileexchange/32849-htk-mfcc-matlabh). The 199 
window size for the analysis was 25 ms, and time between frames was chose to be equal to the 200 
frame rate of the MBEAM functions, i.e., 6.866 ms. The audio signal was preemphasized using a 201 
high-pass filter (coefficients [1, -.97]), analyzed using 20 filterbank channels over the frequency 202 
range 0-3,700 Hz, as changes in this frequency range can be expected to be well determined by 203 
changes in the anterior articulator positions that do not produce the narrow constrictions 204 
associated for example with fricatives. The spatial representation of such narrow constrictions is 205 
expected to be poorly related to fricative acoustics due to the potential mechanical interaction of 206 
the marker with the palate. 13 mfcc parameters were extracted, similar to the dimensionality of 207 
the microbeam data. 208 
 209 
As the bandwidth of the unsmoothed mfcc parameters may be considerably higher than that of 210 
the microbeam markers, each coefficient was filtered using the same (12 Hz) smoothing filter 211 
used preceding calculation of the MBEAM modulation function. The (MFCC) modulation 212 
function was calculated as in (2) in a similar manner as the MBEAM modulation function: 213 
 214 
 215 
(2)                                      216 

!677 % = (8 ), % + 1 − 8 ), % )0
39

523
 217 

 218 
 219 
where f(i,k) represents the ith mfcc at frame k. Due to the resulting high-pass filtering, the 220 
resulting MFCC function was also smoothed using a zero-phase, low-pass, 9-point Butterworth 221 
filter with a 12 Hz cutoff. As with the MBEAM functions, another version was created using a 222 
25 Hz filter. The mean inter-pulse interval and its standard deviation were calculated in the same 223 
way as for the MBEAM function. 224 
 225 

point to fundamental and shared principles of cerebral 
organization and computation.

We focus on the literature on the temporal structure 
of speech at the syllabic scale. First, we summarize the 
data revealing that speech production and perception 
exhibit rhythmicity across languages. Second, we 
describe research exploring the interaction between per-
ception and production rhythms. Third, we introduce 
a biophysical model for the sensorimotor integration 
of speech in the time domain. Finally, we discuss the 
implications in the broader context of biology.

Speech production exhibits rhythmicity
Rhythmicity in the acoustic domain. The waveform of an 
acoustic speech signal reveals a sequence of increments 
and decrements in signal amplitude (FIG.!1a,c). This mod-
ulation, commonly referred to as the speech envelope, 
has received considerable attention. Many studies show 
that the speech envelope exhibits compelling temporal 
regularity8–12. Rather than being merely an incidental 
feature of speech signals, this regularity is suggested to 
play a key role in speech comprehension (reviewed in 
the next section). As envelope modulation is so clear 
a feature and so strong a cue in the signal, not capital-
izing on it for processing would be akin to not using 
luminance cues in visual perception. It is possible to see 
with few luminance cues (and even at isoluminance), but 
onerous. Likewise, minimal audio envelope information 
makes speech recognition hard; it can be done, but it is 
not fun13,14.

Because of the link between intelligibility and speech 
temporal structure, the envelope has mostly been 
explored from the perspective of perception. Instead of 
characterizing the broadband acoustic waveform that 
enters the ear (FIG.!1c), researchers typically first decom-
pose the signal into frequency bands and explore the 
amplitude modulation within those segregated bands 
— a narrowband analysis. Various such decompositions 
can be found in the literature, representing different 
properties of the human auditory system; for example, 
cochlear- derived frequency decompositions (com-
pare with critical band filtering of the auditory system) 
or modulation tuning of cortical neurons. Regardless 
of the type of analysis employed, all studies converge 
on!the same conclusion: the speech envelope possesses 
an overall 1/f noise spectrum15, which, when removed, 
reveals an increase in power for frequencies between  
2 and 8 Hz, with a notable peak between 4 and 5 Hz8–12,16. 
Critically,!these features are preserved across speakers, lan-
guages!and speaking conditions (for example, interviews,  
telephone conversations or audiobooks) (FIG.!2a).

What is the signal like prior to the frequency decom-
position that is characteristic of the auditory system? 
When computed over the original (straight out of the 
mouth, broadband) acoustic signal, the speech envelope 
spectrum displays the same pattern as the one computed 
on the narrowband decomposition but containing more 
power at lower frequencies17. To quantify this, we rean-
alysed a corpus previously explored with a narrowband 
approach using a broadband analysis (FIG.!2b). As with 
the narrowband analysis, the modulation spectrum 
is remarkably robust across languages and speakers. 
However, the peak frequency is shifted to a slightly lower 
range. The narrowband approach (applying critical band 
filtering before computing the envelope) shows a peak 
range from 4.3 to 5.4 Hz10; the broadband analysis shows 
a range from 3.5 to 4.5 Hz (FIG.!2b).

To summarize, speech is not only perceived as 
quasi- rhythmic but the produced acoustic signal itself 
shows striking temporal regularities. Interestingly, it 
seems that the perceived rhythm is slightly faster than 
the one carried by the physical signal. Further work 
should clarify the origin and consequences of this slight 
misalignment between rhythms.

NATURE REVIEWS | NEUROSCIENCE

REV IEWS

Fig. 1 | Different timescale representations of a generic acoustic speech signal.  
a | Acoustic waveform of the utterance ‘Baby you can drive my car’ produced by a  
male English speaker. The y axis represents the amplitude of the sound pressure level  
in arbitrary units (a.u.); same in panel c. b | Spectrogram of the signal, emphasizing 
short- scale dynamics. Typical spectrogram values to analyse speech use time windows 
ranging from 10 to 25 ms (here 25 ms), short scale when compared with the typical 
syllable duration (~200 ms). Spectrogram representations allow the visualization  
of phonemic features over time. For example, vowels are defined by their formant 
patterns (enhanced frequency bands of energy; for example, dark stripes in the 
yellow- shadowed region define the /a/ and /I/ vowels), and consonants, such  
as /k/ (red- shadowed region), by a noise burst with no structured frequency pattern.  
c | Mesoscale representation: evolution of the waveform amplitude over time, the 
so- called speech envelope (pale red trace). Although the envelope — as any other 
natural signal — is not perfectly periodic, it displays certain temporal regularities. 
Troughs in the envelope (grey arrows), which typically correspond to syllable boundaries, 
are roughly regularly distributed in time. !be"bi ju# kæn drav ma" k$ represents the 
International Phonetic Alphabet transcription for the corresponding speech chunk 
immediately below each sign.

Segmentation
The process of chunking the 
continuous acoustic stream  
of spoken language into units.

Decoding
Mapping the segmented 
acoustic chunks into linguistic 
units (phonemes, syllables or 
words) stored in the mental 
dictionary.

  VOLUME 21 | JUNE 2020 | 323



MFCCs: Mel-Frequency Cepstral Coefficents 
(from Jessie Johnson)

22



Data

• Twenty-three speakers from the XRMB corpus

• All were students at the University of Wisconsin, circa 1990

• Dialect regions:

• 13 Wisconsin

• 3 from Illinois,

• 2 from Minnesota

• 1 each from Indiana, Colorado, California,  Massachusetts and New Jersey.  

• One sentence from a read paragraph: 
“Once he thought he saw a bird,  but it was just a large leaf that 
had failed to drop to the ground during the winter.”
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wʌnts hi θaɾ i sa ə bɚd 

Time (ms)

Example:  Articulatory modulation 

“Once he thought he saw a bird”



 Articulatory modulation 

• The articulatory modulation 
function has the form of a 
repetitive sequence of pulses, clear 
alternation between instants of 
maximal change and instants of 
minimal change.

• In general, there is one pulse per 
CV syllable, whose peak located 
near initial consonant or at the 
margins of the initial consonant 
and the vowel (as located in a 
spectrogram).

• Initial consonant gesture are co-
produced with vowel gesture so 
there is much change going on at 
the beginning of the syllable, 
leading to the modulation peaks.

• There may be an additional pulse 
(or pulses) for syllables with post-
vocalic consonants.
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only. But for every MBEAM peak there is an MFCC peak close
in time to it. Typically, the MBEAM peak lags the MFCC peak
(except in “bird”). Presumably this is due to the fact that the
MFCC frames are based on 25 ms windows and so “look ahead”
of the corresponding MBEAM frame. Overall, the correlations
shown in the bottom panel are quite high, with the clear majority
of points showing positive correlations.

Box plots showing the mean number of MBEAM pulses
occurring during open syllables, syllables closed by a single
consonant, and syllables closed by more than one consonant are
shown in the top panel of Figure 3 (again for the 12 Hz filtering
condition). Each speaker contributes one mean per box plot. As
predicted, the mean of the open syllables is close to 1 (0.97),
while the mean of syllables closed by a single consonant is 1.51,
possibly suggesting that half the syllables have two pulses while
the other half have only one. The di�erence between these two
syllable types is highly significant (sign test p< 0.001), as 22 of the
23 speakers have more pulses in the case of the coda condition.
(Here and in all the sign tests performed, p-values obtained that

FIGURE 3 | (Top) Box plots of the mean number MBEAM peaks (pulses) per
syllable as a function of syllable type: “open: (no coda consonant), “final C”
(single coda consonant), “final CC(C)” (two or more coda consonants). Each
speaker contributes a single value to each box plot, which is the mean
number of peaks found in syllables of that type for the speaker. (Bottom)
Same plots as top panel, but for MFCC peaks.

are less than 0.001 are reported as p< 0.001). Finally, the mean of
syllables with more than one coda consonant is almost twice the
mean with a single coda (2.4). The di�erences between one and
two coda consonants is likewise highly significant (p < 0.001), as
all speakers have more pulses with multiple codas. The pattern
of results for MFCC pulses are very similar but with a few more
pulses overall, as shown in the bottom panel of Figure 3. The
means for the three conditions are 1.15, 1.69, and 2.91, and the
di�erences are highly significant in a sign test.

Figure 4 shows box plots for the mean frequency of the
23 speakers’ inter-pulse intervals for the MBEAM and MFCC
functions (calculated from the mean inter-peak durations) for
both 12 and 25 Hz smoothing conditions. Also shown are the
syllable frequencies, calculated from the mean syllable durations.
Examining the 12 Hz results, the MFCC frequencies are higher
than the MBEAM frequencies (not surprisingly, since there are
more MFCC pulses than MBEAM pulses), and the di�erence is
highly significant (p < 0.001) in a sign test across the 23 speakers
(all but two show higher MFCC frequencies). It is also clear that
both of those frequencies are higher than syllable frequency. The
median syllable frequency is 4.9 Hz and the median MBEAM
frequency is 7.5 Hz. Their ratio is 1.5, which is consistent with
the results in Figure 3, showing about one pulse per open syllable,
but more pulses for syllables with coda consonants. Considering
the results for the 25 Hz smoothing, the MBEAM frequencies are
basically unchanged from the 12Hz condition (median frequency
for the 25 Hz condition is 7.7 Hz); the di�erence is not significant
by sign test. Thus, the 7.5 Hz inter-peak frequency value for
MBEAM modulation function data appears to characterize the
temporal modulation in these (relatively slowing changing)
articulatory signals quite well. The MFCC inter-peak modulation
frequency is obviously much higher in the 25 Hz condition than
in the 12 Hz condition (16 vs. 8.5 Hz). The 12 Hz filtering has
removed higher modulation frequencies that are contained in the
faster-changing acoustic signals and smoothed it to make it more
comparable to the MBEAM function.

FIGURE 4 | Box plots of estimated frequencies of: syllables, MBEAM pulses,
and MFCC pulses, for 12 and 25 Hz filter conditions. Each speaker
contributes a single value to each boxplot.

Frontiers in Psychology | www.frontiersin.org 6 December 2019 | Volume 10 | Article 2608
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“two back”



Acoustic Modulation
• The MFCC modulation function also exhibits pulses, 

but they slightly higher frequency (ie., there are more 
of them).

• Changes in source and nasalization may contribute to 
these.

• Acoustic signal is not as smooth.

• But there appear to be Acoustic pulses located in 
close proximity to the Articulatory pulses.
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wʌnts hi θaɾ i sa ə bɚd 

Time (ms)
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“He dresses himself in an old black frock”

MBEAM

MFCC



Frequency of Syllables and Pulses
• Frequency of syllables was 

estimated by dividing the number 
of syllables by the utterance 
duration (minus the pause 
duration).

• Pulse frequency was estimated 
from the average time between 
pulses.

• Two versions of the modulation 
functions were compared, 
smoothed at 12 Hz and 25 Hz.

• Results show that the 23 speakers 
are reasonably consistent.

• Syllable frequencies are ~5 Hz

• For 12 Hz smoothing, MBEAM = 
~7.5 Hz, MFCC = ~8Hz
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only. But for every MBEAM peak there is an MFCC peak close
in time to it. Typically, the MBEAM peak lags the MFCC peak
(except in “bird”). Presumably this is due to the fact that the
MFCC frames are based on 25 ms windows and so “look ahead”
of the corresponding MBEAM frame. Overall, the correlations
shown in the bottom panel are quite high, with the clear majority
of points showing positive correlations.

Box plots showing the mean number of MBEAM pulses
occurring during open syllables, syllables closed by a single
consonant, and syllables closed by more than one consonant are
shown in the top panel of Figure 3 (again for the 12 Hz filtering
condition). Each speaker contributes one mean per box plot. As
predicted, the mean of the open syllables is close to 1 (0.97),
while the mean of syllables closed by a single consonant is 1.51,
possibly suggesting that half the syllables have two pulses while
the other half have only one. The di�erence between these two
syllable types is highly significant (sign test p< 0.001), as 22 of the
23 speakers have more pulses in the case of the coda condition.
(Here and in all the sign tests performed, p-values obtained that

FIGURE 3 | (Top) Box plots of the mean number MBEAM peaks (pulses) per
syllable as a function of syllable type: “open: (no coda consonant), “final C”
(single coda consonant), “final CC(C)” (two or more coda consonants). Each
speaker contributes a single value to each box plot, which is the mean
number of peaks found in syllables of that type for the speaker. (Bottom)
Same plots as top panel, but for MFCC peaks.

are less than 0.001 are reported as p< 0.001). Finally, the mean of
syllables with more than one coda consonant is almost twice the
mean with a single coda (2.4). The di�erences between one and
two coda consonants is likewise highly significant (p < 0.001), as
all speakers have more pulses with multiple codas. The pattern
of results for MFCC pulses are very similar but with a few more
pulses overall, as shown in the bottom panel of Figure 3. The
means for the three conditions are 1.15, 1.69, and 2.91, and the
di�erences are highly significant in a sign test.

Figure 4 shows box plots for the mean frequency of the
23 speakers’ inter-pulse intervals for the MBEAM and MFCC
functions (calculated from the mean inter-peak durations) for
both 12 and 25 Hz smoothing conditions. Also shown are the
syllable frequencies, calculated from the mean syllable durations.
Examining the 12 Hz results, the MFCC frequencies are higher
than the MBEAM frequencies (not surprisingly, since there are
more MFCC pulses than MBEAM pulses), and the di�erence is
highly significant (p < 0.001) in a sign test across the 23 speakers
(all but two show higher MFCC frequencies). It is also clear that
both of those frequencies are higher than syllable frequency. The
median syllable frequency is 4.9 Hz and the median MBEAM
frequency is 7.5 Hz. Their ratio is 1.5, which is consistent with
the results in Figure 3, showing about one pulse per open syllable,
but more pulses for syllables with coda consonants. Considering
the results for the 25 Hz smoothing, the MBEAM frequencies are
basically unchanged from the 12Hz condition (median frequency
for the 25 Hz condition is 7.7 Hz); the di�erence is not significant
by sign test. Thus, the 7.5 Hz inter-peak frequency value for
MBEAM modulation function data appears to characterize the
temporal modulation in these (relatively slowing changing)
articulatory signals quite well. The MFCC inter-peak modulation
frequency is obviously much higher in the 25 Hz condition than
in the 12 Hz condition (16 vs. 8.5 Hz). The 12 Hz filtering has
removed higher modulation frequencies that are contained in the
faster-changing acoustic signals and smoothed it to make it more
comparable to the MBEAM function.

FIGURE 4 | Box plots of estimated frequencies of: syllables, MBEAM pulses,
and MFCC pulses, for 12 and 25 Hz filter conditions. Each speaker
contributes a single value to each boxplot.
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Acoustic Modulation in Tashlhiyt
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Speech Rhythmicity Poeppel & Assaneo 
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Filter-band analysis

Broadband analysis



Cross-correlation of modulation functions
• Poeppel & Assaneo suggest that the 

rhythmic properties of acoustics, 
articulation and syllables are 
generally correlated, but don’t test 
whether the specific modulation 
patterns associated with the same 
utterance are correlated.

• Here this was tested by correlating 
the articulatory and acoustic 
modulation functions and comparing 
those to the correlations in 
surrogate data that have the same 
rhythmic properties but are not 
causally connected.

• Very weak test.

• Imagine imagine using MFCC 
modulation functions to identify 
which of a set of utterances was 
spoken, based on their MBEAM 
modulation functions. What is the 
probability of correct identification?
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Correlation Analysis
Surrogate Analysis and Window Width
For the 12 Hz filtering condition, the global (‘overall’) correlation
of the MBEAM and MFCC functions is positive and significant
for every speaker (p < 0.001). The box plot of the 23 correlation
values is shown in the left plot in Figure 5. For the surrogate
data plotted on the right, only 12 speakers show significant
correlations (significance varying from p < 0.05 to p < 0.001)
and of those 8 are negative and 4 are positive. Because so many
of the surrogate pairs are negatively correlated, comparison of
the original and surrogate data is most conservatively done with
the magnitudes of original and surrogate correlations, i.e., taking
the absolute values of the surrogate correlations. Box plots of the
resulting values are shown in the leftmost pair of columns of
Figure 6 (top panel); original on the left, surrogate on the right.
A sign test confirms that the magnitude of the correlations is
higher for the original than for the surrogate data (p < 0.001).
All speakers but one (S34) have higher magnitude correlations in
the original data. S34’s surrogate correlation is in fact negative.

The remaining boxplots in Figure 6 (top panel) plot the results
of the CMA analysis for the three values of !. For each value,
the results of the original data are plotted on the left, and the
surrogate data on the right. For each value of !, the median
value of the correlation function from the CMA analysis for each
subject was calculated for each signal lag, and the maximum
positive correlation value and the maximum negative correlation
of that median across the lags was determined. The lag with
the higher magnitude was taken to represent the correlation for
that speaker, and is plotted in the box plots. For every value of
!, a sign test confirms that the magnitude of the original data
correlation is higher than that for the surrogate data (p < 0.001).
There are two other ways in which the original data correlations
exhibit a strikingly di�erent pattern of results than the surrogate
data. First, for the original data, for every value of ! and for
every speaker (except for speaker S30 for ! = 0.8), the maximum
positive correlation was higher in magnitude than the maximum
negative correlation. However, for the surrogate data, a sign test

FIGURE 5 | Box plots of the overall global correlation values between the
MBEAM and MFCC modulation functions—filtered at 12 Hz—for the 23
speakers, original data on the left, surrogate data on the right.

FIGURE 6 | (Top) Box plots comparing correlations between the original
MBEAM and MFCC modulation functions filtered at 12 Hz and the correlations
of the corresponding surrogate data functions, for four different correlation
types: the overall correlation and the median values of the CMA correlation
function for three different values of !. For each of the correlation types, the
original data is plotted on the left and the surrogate data on the right. In all
cases, the absolute values of the correlations are plotted. (Bottom) Same
plots as top, for modulation functions filtered at 25 Hz.

revealed that there was no tendency for the highest magnitude
correlation to be either positive or negative. Second, the lags that
show the maximum positive correlations for the original data
are tightly clustered around 6.866 ms (or a one frame delay of
the MBEAM signal)2, with very small standard deviations, as
shown in Table 1. The lags at which the maximum correlations
(positive or negative) occur for the surrogate data are much more
variable; the standard deviations of these lags are an order of
magnitude higher than for the original data. Thus, the original
data show robust, positive correlations between MBEAM and
MFCC functions when the signals are temporally aligned with
close to zero lag. The correlations exhibited by the surrogate data
are weaker and are variable both in sign and in the lag at which
the highest magnitudes are found.

2Wemight expect that zero lag would result in the highest correlations, but because
of the temporal advance of MFCC function due to the size of its analysis window
as discussed earlier, this is not always the case. For example, the median of the lags
that show the highest correlation for the ! = 0.8 condition is 6.866ms: theMBEAM
function is delayed by one frame.

Frontiers in Psychology | www.frontiersin.org 7 December 2019 | Volume 10 | Article 2608

Surrogate data: first half of the MBEAM 
function was paired with the second half of 
the MFCC function, and second half of the 
MBEAM function was paired with the half 
of the MFCC function 
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1.24 Hz 3.1 Hz 12.4 Hz

Overall correlation and median correlation (over 
temporal windows) for each speaker

• Overall correlation is 
significant for all 23 
speakers (p<.001)

• As window becomes 
more narrow, median 
correlation gets higher 

• All differences are 
significant in a sign test.



Shared rhythmic structure and 
synchronization

• The MFCC modulation function shares the specific repetitive 
rhythmic structure of the MBEAM function, to at least some 
extent.

• This congruity can afford the synchronization (entrainment) of 
neural oscillations in auditory and motor (and pre-motor) areas.

• This synchronization would be a solution to the binding problem.

• Synchronization has been empirically observed in several studies:

• Park et al. (2015)  
During listening, oscillations in premotor and motor areas modulated the phase 
of low-frequency oscillations in the auditory areas more for natural speech 
than backwards speech.

• Keitel et (2018) 
Greater entrainment of auditory and motor areas in correctly comprehended 
sentences than in incorrectly comprehended ones.
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Assaneo & Poeppel model

• Neural rhythm in auditory area 
entrains the neural rhythm in the 
motor area.

• Critical component of model is that 
there is a neural oscillation in the 
motor area and the articulatory 
modulation functions provide that.

• Model predicts the results of several 
experiments.

• Strength of synchronization varies 
as a function of auditory syllable 
rate.

• Lengthening of syllables in delayed 
auditory feedback.

• Needs to go in both directions.
35
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Produced speech envelope
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Spontaneous Synchronization

• Participants hear sequence of syllables and 
produce only /ta/.

• Bimodal behavior of participants: 
High synchronizers entrain productions to 
perceived syllable sequence

• High synchronizers also show more brain-
to-envelope synchronization during passive 
listening to syllable sequences.

• High synchronizers have more white 
matter in the dorsal pathway.

• Model makes prediction about 
synchronization as a function of coupling 
strength (~white matter) and frequency of 
auditory sequence,
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By means of this simple protocol, an unexpected 
phenomenon was revealed: the population of 
speaker- listeners is segregated into two groups accord-
ing to robust individual differences in speech- to- speech 

synchronization. Some subjects are spontaneously com-
pelled to adjust their produced syllable rate to the per-
ceived one (high synchronizers), whereas others remain 
unmoved by the external rhythm (low synchronizers; 
FIG.!4d). Examining these two subject groups neurally 
(using magnetoencephalography and MRI), clear func-
tional and structural differences between participant 
types are visible. In terms of neurophysiological func-
tion, when participants passively listen to isochronous 
streams of syllables, the brain- to- envelope entrainment 
in, remarkably, the left inferior frontal cortex is stronger 
for high synchronizers compared with low synchro-
nizers. Relatedly, high synchronizers show more white 
matter volume in the left dorsal pathway (that is, the red 
tracts depicted in FIG.!3b are thicker for high synchro-
nizers). Furthermore, the results are correlated: subjects 
with greater volume in the dorsal pathways display 
stronger entrainment in the left inferior frontal cortex to 
the perceived syllable rate. Also, in line with the previous 
section, wherein fronto- temporal synchrony was shown 
to positively facilitate language processing, high syn-
chronizers also perform better than low synchronizers  
in a classic statistical word- form learning task113.

Finally, the simple model introduced above —  
production areas behave as an oscillator coupled to  
the perception regions — can be adapted to predict the 
surprising bimodal distribution for speech- to- speech 
synchronization. The model (FIG.!4a) has two basic 
parameters: the characteristic production frequency, 
!0, and the strength of the perception- to- production 
coupling, k. When subjects passively listen to syllables, 
!0 corresponds to the natural frequency of the speech 
motor system, and its value approximates 4.5 Hz106. 
However, we know that we can volitionally speak faster 
or slower. Thus, we hypothesize that during overt speech 
production this value can be adjusted, within a range, 
presumably through top- down signals coming from 
other brain regions. Also, based on previously described 
results111, we hypothesize that k is a structural variable 
whose magnitude is proportional to the volume of the 
left dorsal pathway(s). Pursuant to these assumptions, 
an individual subject can be modelled as a combination 
of parameters (!0, k), where !0 is the intended syllable 
rate and k depends on the individual’s brain structure. 
According to the model, when an external auditory 
stimulus is presented at a frequency fext, speech produc-
tion will synchronize to it only for some combination of 
parameters (!0, k). Thus, parameters within the synchro-
nization region (the shaded region in the lower panel of 
FIG.!4d) would represent ‘high synchronizers’. Conversely, 
low synchronizers correspond to sets of parameters  
(!0, k) outside the shaded region for which no synchrony 
is predicted (FIG.!4d).

How, then, might one extend and test this model?  
A non- trivial prediction is that synchronization will 
occur for any combination of the intended syllable 
rate (!0) and the external syllable rate (fext, rate of the 
auditory stimulus) fulfilling the constraint m!0 = nfext, 
where m and n are integers107. Thus, for example, if par-
ticipants are cued to speak at 3 Hz and the external rate 
is set to 6 Hz (m = 2 and n = 1), a bimodal outcome is 
expected, but at a 2:1 synchrony ratio. Some participants  
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Fig. 3 | Cortical structures supporting spoken language and sensorimotor 
interaction. a | Schematic display of the main areas comprising the dual- stream 
model114. Red and blue shading represent areas within the dorsal and ventral streams, 
respectively. Red and blue arrows represent the dorsal and ventral white matter 
connections, respectively. The inferior frontal gyrus (IFG) is associated, among many 
other functions, with phonological encoding133 and temporal organization116 during 
overt speech production. Activity in the ventral motor cortex (vM) is likely to encode  
the coordination between the movements of the upper vocal tract articulators that are 
generating speech134. The dorsal premotor cortex (pM) performs functions related to 
selection of motor responses135 and the Sylvian parieto- temporal area (Spt) supports 
motor to auditory mapping136. Whereas the anterior middle temporal gyrus (aMTG) is 
possibly involved in processing of sentence- level intelligibility137, the posterior middle 
temporal gyrus (pMTG) is involved in accessing lexical semantic information138. The primary 
auditory cortex (Aud) is involved in the early stages of sound processing. The broad 
functional description of the regions shown in the figure acknowledges that the 
precise computational roles remain underspecified. As reviewed, data suggest that the 
computational processes required to perceive and produce spoken language emerge 
from a cooperative interaction between all of these brain areas. b | Single- subject 
dissections of peri- Sylvian ventral (blue) and dorsal (red) pathways, superimposed  
on the subject’s structural brain image. Dissections performed following Catani et al.139.
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