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HOW DOES THE HUMAN BRAIN 
EXTRACT MEANING FROM HEARD 
SPEECH?

THE QUESTION



SPOKEN LANGUAGE COMPREHENSION IN HUMANS

Abstract word identities

“what a lovely day”

Noisy, continuous speech input



FREQUENCY-RELATED INFORMATION IN THE BRAIN
Tonotopic cortical maps were obtained by

logarithmic mapping of best-frequency values
to a red-yellow-green-blue color scale, and
tuning width maps were obtained by a linear
mapping of tuning width values to a yellow-
green-blue-purple color scale (Figs. 2, 3). Al-
though our stimuli included frequencies up to
8 kHz, only few voxels were assigned with such
high CF. We may fail to observe selectivity to
such high frequencies because natural sounds
are mostly dominated by lower frequencies. Al-
ternatively, frequencies !4 kHz may evoke
only weak fMRI responses. Further research is
needed to specifically examine the fMRI re-
sponses to these high frequencies.

A correlation analysis between maps of tun-
ing width and the voxels’ overall response
strength showed that these maps were unre-
lated to each other. However, as expected based
on previous studies in animals (Cheung et al.,
2001; Imaizumi et al., 2004), tonotopy and
tuning width showed a significant positive cor-
relation in each subject. Corrected maps of
tuning width were computed as the residuals
from fitting CF dependence of W with a
smoothing spline. Corrected maps of tuning
width displayed the same large-scale pattern as
uncorrected maps. Consequently, uncorrected
maps were used in the remainder of the
analysis.

Computation of unbiased topographic
maps. To ensure that estimated CF and W
values were not confounded by the frequency
content of sound categories, we recomputed
maps of tonotopy and tuning width on a sub-
set of sounds with controlled frequency con-
tent across categories. Specifically, the
voxels’ response profile R was calculated us-
ing the reduced matrices W! [N" # F], and Y!
[(N" # V )], obtained from the full matrices W
[N # F] and Y [(N # V )] by removing seven
sounds (two low speech sounds, two low na-
ture sounds, 2 high tool sounds, and one high
animal sound; N" $ 53). All other steps re-
mained identical to those described above. Ex-
clusion of seven sounds from the analysis
eliminated significant differences in center of
gravity (CoG) across sound categories (as-
sessed with independent samples t tests).

Topographic maps from responses to tones and
comparison. For comparison and validation,
we also computed tonotopy (“best frequency
maps”) as elicited by the amplitude-modulated
tones (Formisano et al., 2003). A single-subject
GLM analysis using a standard hemodynamic
response model (Friston et al., 1995) was used
to compute the responses to the three center frequencies (0.5; 1.5; 2.5
kHz) in all six runs separately. Voxels that showed a significant response
to the sounds were selected (Q[FDR] %0.05; FDR is false discovery rate),
and response to the three tones was z-normalized across these voxels. For
each voxel, its best frequency was determined in sixfold cross-validation
(one run was left out in each fold). If the estimated best frequency had a
majority across folds (3 or more occurrences), the voxel was color-coded
accordingly. Color-coding of best-frequency values was done using a
red-yellow-green-blue color scale.

We quantified the consistency between tonotopic maps extracted from
natural sounds and tones with two analyses. First, for each subject we tested
whether the global maps where significantly correlated to each other. We
correlated the natural sound tonotopic map to the tones tonotopic map, and

compared this value to the null-distribution obtained by correlating the
natural sounds map to the permuted tones maps (N $ 1000). Significance
was assigned at single-subject level, by counting the number of occurrences
that the correlation to a permuted map was higher than the correlation to the
unpermuted data. To evaluate this across-experiment correlation, we com-
puted the correlation between maps resulting from the three different splits
of the data in the natural sounds experiment (natural sounds-natural sounds
correlation; run 1/2, run2/3, and run1/3) and between two maps resulting
from half of the data in the tones experiment (tones-tones correlation; run
1/3/5, and run 2/4/6).

Second, we evaluated relative variations of consistency throughout the
superior temporal cortex by computing difference maps comparing
group tonotopy as extracted by tones and by natural sounds. To account
for differences in estimated frequencies in the tones and natural sounds

Figure 2. Group topographic maps. A, B, Individual maps of tonotopy [from the localizer (A) and natural sounds (B) experi-
ment]. C, Tuning width maps (natural sounds experiment), derived as CF (Hz)/[width of main peak (Hz)]. Consequently, high
values (in blue/purple) correspond to narrow tuning, and low values (in yellow/orange) correspond to broad tuning. The group
topographic maps represent the mean across individuals and are shown for voxels included in ! 3 individual maps. White dotted
lines indicate the location of HG.
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1977; Morel et al., 1993; Kaas and Hackett, 2000). These primary
tonotopic gradients extend seamlessly into a number of the
neighbouring belt areas (Kusmierek and Rauschecker, 2009; Morel
et al., 1993; Petkov et al., 2006).

As pointed out in a recent review by Baumann et al. (2013), the
primate tonotopic progressions from posterior to anterior are not
strictly collinear, but rather follow a distinctly angled pattern as has
been observed in macaques and marmosets (Morel et al., 1993;
Kosaki et al., 1997; Kaas and Hackett, 2000; Bendor and Wang,
2008; Baumann et al., 2010). The A1 gradient is angled from a
more-medial starting point to a more-lateral end point, and the R
gradient is angled from the more-lateral starting point to a more-
medial end point. Thus, the primary gradients of A1 and R (“high-
to-low-to-high”) form a V-shape, with the low frequency mid-zone
positioned more laterally and the two high frequency end points
positioned more medially. Another key point raised by Baumann
et al. (2013) is that the macaque temporal plane is not flat, as
often assumed. Rather, there is an often-overlooked protuberance
at the locationwhere the posterior auditory cortex turns downward
towards the anterior auditory cortex. In some cases this protuber-
ance is pronounced enough to form a mini-gyrus (the annectant
gyrus) which resembles a rudimentary Heschl's gyrus (HG) (Jones

et al., 1995). This protuberance predicts very consistently the low
frequency area at the border of A1 and R (Baumann et al., 2010)
with tonotopic gradients running across it. Both of these observa-
tions prove to be informative when comparing to the layout of
human tonotopic gradients, as discussed below.

2.2. Architectonic parcellations in humans

After more than a century of mapping human cortical archi-
tecture, a complete model of human auditory cortical organisation
remains elusive. Early architectonic studies identified a bilateral
region on the temporal plane with the characteristics of primary
sensory cortex including a well-developed granular layer 4
(koniocortex), dense myelination, and thalamic connectivity
(Fleschig, 1908; Campbell, 1905; Brodmann, 1909; von Economo
and Koskinas, 1925; von Economo and Horn, 1930). This region is
usually referred to as primary auditory cortex (PAC) in the human
literature and shares many architectonic features with the auditory
core in non-human primates (Hackett et al., 2001). Across studies,
PAC co-localises approximately with the medial two-thirds of HG,
but the gyral borders do not reveal the exact architectonic borders
(Fig. 2a). PAC has been noted in some cases to reach anteriorly onto
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Fig. 2. Tonotopic Map Layout and Interpretations. Panels show a view of a partially inflated cerebral surface, looking into the Sylvian fissure that separates the temporal lobe below
from the frontal and parietal lobes above; light grey: gyral convexities; dark grey: sulcal concavities. (a) Primary auditory cortex colocalises with Heschl’s gyrus (HG), a transverse
superior temporal gyrus, separating the planum polare (PP) on the anterior side from the planum temporale (PT) posteriorly. (b) Interpretations of the tonotopic organisation in
humans have historically developed from a single effective gradient spanning HG, to a pair of oppositely collinear progressions stretching along HG, to a pair of oblique V-shaped
progressions folding across HG. See main text Section 2 for an elaborate discussion of these developments. (c) Single-subject and mean group-level (N ¼ 40) best-frequency maps
illustrate typically observed tonotopic patterns. Low frequencies are found on the crest of HG flanked by two high-frequency zones posteromedially towards the planum temporale
and anteromedially towards the circular sulcus. This gives rise to two cortical subregions with systematic tonotopic progressions. The right panel shows only these two regions,
located on the rostral and caudal banks of HG, in which tonotopic gradient vectors achieve consistent orientation and non-zero magnitude across subjects. These regions are
thought to correspond with human homologous fields A1 and R, folding across HG with gradients oriented in a distinct V-shaped pattern. Data from Langers (2013); acquired at 3 T.
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THE BRAIN EXTRACTS MEANING FROM SOUND

▸ The brain receives raw 
acoustic input from the 
ears. 

▸ The brain perceives 
individual words in 
continuous speech. 

▸ Some complex 
neurobiological processes 
analyse features of the 
speech to extract meaning.

[l] [ɪ] [ŋ] [k]

“L I N K”



AUTOMATIC SPEECH RECOGNITION (ASR)

▸ Software-based ASR systems perform the same 
task as humans. 

▸ Speech goes in, words come out. 

▸ They provide a computation account of how 
the task can be achieved. 

▸ We will use their intermediate-level 
representations to model feature processing in 
the brain.

What kind of features would 
we expect to find?

How can we compare 
machine states to brain 

states?



INVESTIGATING HOW AND WHERE 
THE BRAIN REPRESENTS 
INFORMATION

FUNCTIONAL NEUROIMAGING



Individual brain 
anatomy

High-spatial-resolution 
(mm) structural imaging

Sensor topography

Source-space 
reconstruction

MRI

High-temporal-resolution 
(ms) functional imaging

[klaʊd]

[rɪtʃ]

[wɪsp]

[mʌnθ]

⋮

Experimental conditions/
stimuli E/MEG



COMPARING REPRESENTATIONS

▸ Can’t assume fine-scale correspondence 
between subjects. 

▸ Can’t assume any information present will be of 
the same format. 

▸ Instead, we look at individual representations: 
Reproducible patterns in localised activity.



Kriegeskorte: 
“Representational geometries”

Individual 2Individual 1

Neuron 3

Neuron 4

Neuron 1 Neuron 2

Voxel 3

Voxel 4

Voxel 1 Voxel 2



cloud

rich

Representational 
dissimilarity matrix

REPRESENTATIONAL SIMILARITY ANALYSIS

[klaʊd]

[rɪtʃ]

Dissimilarity

Spatiotemporal 
responses



REPRESENTATIONAL SIMILARITY ANALYSIS Kriegeskorte et al. (2008) 
Frontiers in Systems Neuroscience

▸ Dissimilarities between 
responses characterise a 
representational space. 

▸ Treated as a distance 
matrix, we can see how a 
brain region “views” the 
stimulus set.



WORKING AT THE LEVEL OF RDMS

INDIVIDUAL1

RDM

⋮

INDIVIDUAL2

RDM1

⋮

RDM2

Unable to compare 
individuals’ responses

Combining loses fine-
grained information

Able to compare 
individuals’ RDMs

Combining preserves 
fine-grained information

Can test hypotheses 
about representational 

space

MODEL1
Category 
model

MODEL2
Computational 
model



SEARCHING FOR MODEL FIT: SEARCHLIGHT RSA ▸ Take brain data 
from a regular 
“searchlight”. 

▸ Compute 1 RDM 
from all data inside 
that region. 

▸ Match each RDM to 
a fixed model. 

▸ Statistical brain map 
of information.

Su et al. (2012) 
International Workshop on Pattern Recognition in NeuroImaging 

Searchlight 
patches

Searchlight 
RDMs

Model RDM

Statistical map of model fit

Kriegeskorte et al. (2006) 
PNAS



PHONES AND PHONETIC 
FEATURES FROM AN ASR 
SYSTEM

MODELLING SPEECH 
RESPONSES:



PHONEMES, PHONES AND FEATURES

▸ Phonemes are parts of speech which 
distinguish words in a language. 

▸ /l/ and /r/ in English, not in Japanese. 

▸ Phones are parts of speech produced in a 
distinct manner. 

▸ No English words differ only by [r] vs [ɹ]. 

▸ Articulatory features are ways of classifying 
phones based on the place and manner of their 
articulation.



EVIDENCE FOR SENSITIVITY TO PHONETIC FEATURES
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A R T I C L E S

The neural responses were organized into three discrete and independ-
ent clusters, representing the /ba/, /da/ and /ga/ syllables (Fig. 2c).  
No errors in cluster membership were found at the peak of discrimi-
nability (110- and 120 ms interval start). The neuronal stimulus  
responses clustered in exactly the same way as we observed in per-
ception (/ba/ 1–4, /da/ 5–9 and /ga/ 10–13), whereas earlier and later 
epochs yielded error-prone cluster estimates (see Supplementary Fig. 2  
for entire cluster error time series). Notably, the separate organization 
of response clusters matched the robust perception that /ba/, /da/ 
and /ga/ are perceived as independent and unique phonetic entities, 
rather than speech sounds occurring along a linear acoustic or even 
phonetic continuum.

To evaluate how well the neural pattern correlated to the psycho-
physical behavior, we plotted neurometric identification functions for 
each phonetic category using the normalized distance in MDS space 
between each stimulus position and the three cluster means. This 
revealed a similar appearance to the psychometric identification func-
tions, with steep boundaries occurring between phoneme categories 
(Pearson’s correlation, r > 0.9 for each function at 110-ms intervals 
start, P < 0.05; Fig. 3, and Supplementary Figs. 2 and 3 for entire 
cluster-error time series and combined MDS and K-means solutions, 
respectively, and Supplementary Fig. 4). A neurometric discrimina-
tion function was also derived from distances between individual 
stimulus positions in MDS space. This also achieved good correla-
tion with the psychometric functions for discrimination (Pearson’s 
correlation, r = 0.66 at 110-ms intervals start, P < 0.05). Notably, we 
observed good correspondence between the two neurometric func-
tions; the peaks of the discrimination occurred for the same stimuli 
as the steepest parts of the identification, thus fulfilling the criterion 
for neural categorical organization. This organized representation was 
transient, spanning the neuronal response from 110–160 ms.

To determine the spatial organization of phonetic representa-
tion, we next identified the cortical sites contributing to stimulus 
discriminability by extracting the most informative electrodes as 
determined by the classifier. Although the evoked potentials showed 

overlapping representation for speech sounds, discrete differences 
in cortical activations (<4mm) were observed to underlie phonemic 
discrimination. We plotted these spatially contrastive differences 
between various categories (Fig. 4). The small overlap between 
these loci suggests that phonetic encoding is not simply a scaling 
of the response amplitudes in the same neuronal population.

DISCUSSION
A key element of speech perception is the categorization of acousti-
cally variable inputs into a discrete phonetic code. Understanding 
the neural basis of this process is a central question in the study 
of the human capacity for language20. We found that the pSTG is 
robustly organized according to its sensitivity to phonetic objects 
rather than to the linear changes of spectrotemporal acoustic cues. 
For the stop consonant-vowel sounds that we used, we observed a 
complex distributed pattern of evoked neural activity recorded by a 
cortical microarray. The discriminability of these response patterns, 
however, relies on transient temporal and local, non-overlapping  
spatial neural representations.

Without a priori knowledge on functional organization of the 
pSTG, the multivariate pattern classifier and MDS are useful meth-
ods for examining the critical acoustic features underlying stimulus 
discriminability. The first MDS dimension correlated linearly with the 
F2 onset frequency, which, in natural speech, cues the feature of place 
of articulation across /b/ to /d/ to /g/ (that is, location of constriction 
in the vocal tract from lips to teeth to soft palate). The second MDS 
dimension correlated with the size of F2 transition (absolute value 
of the difference between the onset F2 frequency and the vowel F2 
frequency), which, in these stimuli, cues the linguistic feature (coro-
nal; that is, not produced by tongue tip position), grouping /b/ and 
/g/ together. Critically, the grouping patterns observed did not arise 
from one dimension alone, but instead from the specific combina-
tion of two different linguistically relevant feature dimensions: the 
F2 onset frequency and the F2 formant transition. Thus, these results 
support the notion that phonetic encoding in the pSTG appears to be 
facilitated by feature detectors that integrate specific spectrotemporal 
cues relevant to speech.

The pSTG appears to have a specialized role in phonetic processing 
because of its specific responsiveness to speech over other sounds21–25 
and its direct anatomic connections to cortical areas supporting lexi-
cal and semantic extraction26–28. A recent fMRI study found activa-
tion of the left pSTG increased overall after engaging in categorical 
perception tasks on phonetic and nonphonetic sine-wave syllable 
tokens29. Our results extend these findings by providing new infor-
mation about the timing and topography mechanisms intrinsic to 
stimulus encoding in the pSTG.

Although our microarray recordings focused on auditory process-
ing in the pSTG, fMRI has implicated other areas during active pho-
netic discrimination. Selective amplification of left supramarginal 
gyrus activity has been observed in response to the contrastive fea-
tures of stimulus pairs spanning a /ba/-/da/ category boundary30. 
Invariant neural activation of the left inferior frontal gyrus was found 
for sounds morphed along a different acoustic continuum for voice 
onset time31. These findings suggest that there are several other corti-
cal areas that are likely involved in the behavioral processes of pho-
netic detection, working memory and/or decision making.

Our results indicate that the pSTG implements rapid categorical 
phonetic analysis, integrating spectro-temporal features to create 
invariant higher order linguistic structure32. This pattern is con-
sistent with the pragmatic demands of spoken English; there is a 
meaning distinction between /b/ and /d/ (for example, ‘bad’ versus 
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Figure 4 Topography of discriminative cortical sites in the pSTG 
underlying categorical speech perception. (a) The degree of separability 
of the various evoked activations at each electrode position is shown 
as classifier weights. The spatial patterns indicate that discriminative 
neuronal activation was not distributed over the pSTG, but was instead 
concentrated in few cortical sites. (b) The informative loci overlapped 
very little between comparisons of the features (on average 3.9  
0.88%; indicated by mixed colors such as magenta, cyan or orange in a), 
suggesting that the neuronal categorization is not accomplished by simply 
scaling the responses in the same network, but is instead a function of 
spatially discrete and local selectivity.

Chang et al. (2010) 
Nature Neuroscience

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/, /ʃ/,
and /z/. The next two electrodes showed selec-
tive responses to subsets of vowels: low-back
(electrode e3, e.g., /a/ and /aʊ/), 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 /ŋ/).

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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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.

28 FEBRUARY 2014 VOL 343 SCIENCE www.sciencemag.org1006
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MAPPING PHONETIC FEATURES

▸ We aim to investigate neural 
representations of the phonetic 
features in our stimuli. 

▸ 400 English words presented aurally to 
native English speakers in a MEG 
scanner with simultaneous EEG. 

▸ (Data collected for another 
experiment, so not perfectly suited.) 

▸ Same words presented to ASR system.
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AUTOMATIC SPEECH RECOGNISERS

▸ Automatic speech recognisers perform (part of) 
the same task as humans. 

▸ Unlike in some models of computer vision, most 
ASR systems aren’t architecturally inspired by 
biological systems. 

▸ Partially because only humans understand 
speech. 

▸ We “reverse-engineer the engineering solution” 
to model phonetic content of our spoken 
language. “what a lovely day”



HTK: HIDDEN MARKOV MODEL TOOLKIT

Young et al. (1997) 
The HTK Book
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PHONETIC RDMS
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MODEL RDM STRUCTURE



SEARCHLIGHT ANALYSIS

Searchlight 
patch

Data RDM

Phonetic model RDMs from HTK's state

β[ɑ] β[æ] β[z]+ + … + E+= [ɑ] [æ] [z]

β

Su et al. (2014) 
Frontiers in Neuroscience

Contributions of 
individual phonetic 

models



SEARCHLIGHT ANALYSIS

β

fitf = χf · β
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SIMULATING THE NULL DISTRIBUTION

▸ Under the null hypothesis, there is 
no difference between experimental 
conditions. 

▸ So, we can permute word labels 
(rows and columns of data RDM) and 
would expect no difference in fit. 

▸ Aggregate 1000s of fits from 
randomly permuted data RDMs. 

▸ This our simulated null 
distribution. 

▸ We threshold our maps of fit with θf.

χsonorant

β̃

fitf = χf · β̃˜
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RESULTS

Figure 3: Thresholded maps of fit for each feature for which at least one vertex which showed significant fit. We report
p < 0.05 using *, p < 0.01 using **, etc., as is conventional. Light and dark greys represent gyri and sulci respectively. The
minature figures show the location of the larger diagrams, and show anatomical landmarks of superior temporal gyrus (STG),
superior temporal sulcus (STS) and transverse temporal gyrus (TTG). The dotted white lines indicate the outline of TTG.

6 Concluding remarks

Early auditory processing is a key step in human speech
comprehension. By analysing the early salient feature
extraction in these early stages we are able to gain a better
understanding of language processing in humans.

ASR systems are built to emulate the behaviour of hu-
mans; both accomplish the task of identifying words from
a continuous, noisy auditory input. These artificial sys-
tems are not built with their biological counterparts in
mind. Nonetheless, the internal representations and mech-
anisms of the machine system which allow it to perform at
near-human levels, can potentially capture some essential
building blocks of the human system. As the mechanism of
ASR systems are computationally described, they can be
used to reveal the organisation of the brain through the use
of multivariate, time-resolved image analysis techniques
like RSA.

It is possible that, through a greater understanding of
how the human brain accomplishes the task of spoken
language comprehension, we will be able to inform the
development of future ASR systems. Similar biologically
informed designs are now commonplace in, for example,
machine vision systems.

In comparison with aforementioned ECoG studies, by us-
ing an ASR system designed to achieve a specific task, we
ensure that the phonetic features we used are behaviourally
relevant. In this paper, we have showed that these features
captured a significant portion of the HTK’s internal repre-
sentational variance, even though HTK’s design does not
explicitly define these features.

In studying the neurobiological basis of human language
comprehension, are in some sense aiming to reverse-
engineer the biological system. While this goal is still
out of reach, by using an engineering solution whose mech-
anisms and representations to which we have direct access
and comparing these to our best pictures of the brain, we
are able to obtain valuable insight. In other words, we
let the machine system act as a model of human language
processing — one which is far easier to take apart and
examine.

Now that we have identified and localised specific pho-
netic feature representations in cortex, several important
questions present themselves. Namely, regarding the na-
ture of the fine-grained neural representations within these
patches, and what features are robust to varying conditions
of speech comprehension and production. Understanding
the qualities of these representations may be instructive in

7

▸ Most (not every) feature we 
tested showed super-
threshold fit in and around 
auditory cortex. 

▸ Features describing broad 
categories fit best on the right. 

▸ Regions of fit on the left 
tended to be more focussed. 

▸ Within-category features 
showed fits bilaterally.



SUMMARY

▸ Evidence of regions of phonetic feature sensitivity in human auditory cortex. 

▸ Use multivariate pattern analysis methods (cf. classical contrasts) to understand 
individual representations. 

▸ Model features relevant to speech comprehension using machine ASR systems. 

▸ RSA allows comparison of brain states and machine states. 

▸ EMEG records rich brain response data, non-invasively. 

▸ Early sound-to-meaning mappings are still poorly understood.



WHERE NEXT?

▸ Use a deep artificial neural network-based ASR. 

▸ Don’t rely on phone-level representation. 

▸ Use “bottom-up” features. 

▸ Hidden-layer representations. 

▸ Understand time-resolved results. 

▸ Better data. 

▸ Continuous speech. 

▸ Next level: semantics from abstract labels.

(Fig. 3B). While there was some degree of overlap between the
internal representations of the successive voxel groups, results of
the behavioral experiment show that most of the internal repre-
sentations in Layer 1 were classified as low-level features (99%),
such as contrast and edge features, whereas those in Layer 5 were
classified as high-level features (55%), such as object parts and
entire objects. Furthermore, the majority of the internal repre-
sentations in the intermediate layers were classified as mid-level
features (!57%) such as contour, shape, and texture features
(Fig. 3C,D). The receptive field complexities, invariances, and
sizes of the convolutional voxel groups were significantly corre-
lated with their layer assignments (Spearman’s ! " 1 and p #
0.0167 for all properties, permutation test across convolutional
layers; Fig. 3E). Note that receptive field size is completely deter-
mined by the model’s architecture.

Voxel groups reveal a gradient in the complexity of
neural representations
Different voxel groups were systematically clustered around dif-
ferent points on the cortical surface such that an increase in layer
assignment was observed when moving from posterior to ante-
rior points on the cortical surface (Fig. 4A,B). We found a sys-
tematic overlap between these voxel groups and the visual areas
on the main afferent pathway of the ventral stream. The mean
layer assignment of the V1, V2, V4, and LO voxels was 1.8, 2.3,
3.0, and 5.0 for S1, and 1.6, 2.1, 3.9, and 5.2 for S2. The layer
distributions of each pair of visual areas except V4 and LO of S2
were significantly different (p # 6e-4 for all pairs of visual areas
except V4 and LO of S2; p " 0.1206 for V4 and LO of S2; Bon-
ferroni correction for number of pairs, Mann–Whitney U test
across significant voxels within subjects). That is, most voxels
assigned to shallow convolutional layers were located in early
visual areas, whereas most voxels assigned to deep convolutional
layers were located in downstream visual areas. Most voxels as-

signed to the fully connected layers were located in visual areas
even more anterior to LO.

To characterize the distribution of the feature classes that best
predict the voxels in each visual area, we assigned each significant
voxel to one of the nine feature classes. That is, we repeated the
encoding experiment by using each of the nine feature classes
(rather than each of the eight layers) as input and assigning indi-
vidual voxels to their optimal feature class according to maximal
prediction accuracy computed using fivefold cross-validation on
the training data (Fig. 4C). It was found that V1 and LO were
populated by voxels that were best predicted by low-level features
(p " 8e-80, " 2 test across significant voxels and subjects) and
high-level features (p " 7e-19, " 2 test across significant voxels
and subjects), respectively. For example, the majority of V1 vox-
els (66%) were assigned to contrast and edge features, whereas
the majority of LO voxels were assigned to object parts and entire
objects (66%). Compared with V1 voxels, a larger percentage of
V2 voxels was best predicted by mid- and high-level features (p "
8e-22, " 2 test across significant voxels and subjects). Similarly, a
larger percentage of V4 than LO voxels was best predicted by low-
and mid-level features (p " 6e-7, " 2 test across significant voxels
and subjects). For example, 32% of V2 voxels was assigned to
contour and texture features, and 27% of V4 voxels was assigned
to shape and texture features.

Selectivity of voxels to individual feature maps reveals
distributed representations
To investigate how individual features are represented across the
cortical surface, we retrained a separate response model for each
feature map/voxel combination. The selectivity of an individual
voxel to a particular feature was defined as the cross-validated
prediction accuracy of the corresponding response model on the
training set. We found a many-to-many relationship between
features and voxels (Fig. 5A). That is, individual features accu-

Figure 4. Layer assignments of the voxels systematically increase as a function of position on the occipital cortex. A, Layer assignments of the significant voxels across occipital cortex ( p # 2e-6
for both subjects, Bonferroni corrected for number of voxels, Student’s t test across cross-validated training images within subjects). B, Layer assignments of the significant voxels across V1, V2, V4,
and LO ( p # 5e-8 for both subjects, Bonferroni corrected for number of layers and voxels, Student’s t test across cross-validated training images within subjects). C, Proportions of voxels in areas V1,
V2, V4, and LO that are assigned to low-level (blob, contrast, and edge), mid-level (contour, shape, and texture), and high-level (irregular pattern, object part, and entire object) feature classes.
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MRI acquisition protocol, and preprocessing of the data are identical to
those described in these studies. Here, we restrict ourselves to a brief
overview of the details already presented in those studies.

For each of two male subjects (S1 and S2), five sessions of data were
collected as subjects were presented with natural images. Training and
test data were collected in the same scan sessions. The total number of
images used for training and testing were 1750 and 120, respectively.
Each training image was repeated two times, and each test image was
repeated 13 times.

Stimuli consisted of grayscale natural images (20 ! 20°) drawn ran-
domly from different photographic collections. Subjects fixated on a
central white square (0.2 ! 0.2°). Stimuli were flashed at 200 ms intervals
for 1 s followed by 3 s of gray background in successive 4 s trials.

Data were acquired using a 4 T INOVA MR scanner and a quadrature
transmit/receive surface coil. Eighteen coronal slices were acquired cov-
ering occipital cortex (slice thickness 2.25 mm, slice gap 0.25 mm, field of
view 128 ! 128 mm 2). fMRI data were acquired using a gradient-echo
EPI pulse sequence (matrix size 64 ! 64, TR 1 s, TE 28 ms, flip angle 20°,
spatial resolution 2 ! 2 ! 2.5 mm 3).

fMRI scans were coregistered and used to estimate voxel-specific re-
sponse time courses. After deconvolution of these time courses from the
time series data, an estimate of response amplitude was obtained for each
presented unique image in each voxel. Voxels were assigned to visual
areas using retinotopic mapping data acquired in separate sessions. Ad-
ditionally, anatomical and functional volumes were coregistered manu-
ally. Surface reconstruction and flattening were performed using
FreeSurfer software (http://surfer.nmr.mgh.harvard.edu).

Encoding model. To transform images to BOLD responses, we devel-
oped an encoding model consisting of two components, as shown in
Figure 1.

The first component of the encoding model is a feature model that
transforms a visual stimulus to a nonlinear feature representation. To
this end, we used the pretrained CNN-S architecture of Chatfield et al.
(2014) as a feature model. This architecture is similar to that of Kri-
zhevsky et al. (2012) and consists of five convolutional and three fully
connected layers of artificial neurons. Each artificial neuron in the con-
volutional layers corresponds to a feature detector that is replicated over
spatial locations, which we refer to as a feature map. That is, a represen-
tation of a stimulus feature across space. In contrast, each artificial neu-
ron in the fully connected layers took all features at all locations in the
previous layer as its input. The artificial neurons used rectified linear
activation functions in Layers 1–7. A softmax function was used in Layer

8 to transform feature activations to class labels. Layer 1 additionally used
local response normalization, implementing lateralized inhibition be-
tween feature maps at the same spatial position. Finally, Layers 1, 2, and
5 used max pooling, which can be interpreted as a form of nonlinear
downsampling that introduces invariances to small translations of the
input.

The DNN was trained on "1.2 million augmented (by random crops,
horizontal mirroring, and color jittering) natural images that are each
labeled as 1 of 1000 object categories. The natural images were taken from
the ImageNet (2012) dataset (Deng et al., 2009). Each input image was
represented as a 224 ! 224 matrix for each of three RGB color channels.
The Caffe framework (Jia et al., 2014) was used to train the DNN with
stochastic gradient descent using momentum and weight decay. The
learning rate was initialized to 0.001 and decreased by a factor of 10 when
the validation error stopped decreasing. Dropout regularization was ap-
plied to Layers 6 and 7 of the DNN (Hinton et al., 2012).

The second component of the encoding model is a linear response
model that transforms nonlinear feature representations to a voxel re-
sponse. A separate response model was trained for each voxel using reg-
ularized linear regression. The used estimation procedure was described
in detail previously (Güçlü and van Gerven, 2014). To examine which
DNN layer was most predictive of individual voxel responses, we used
each one of the eight layers of feature representations as input. Addition-
ally, to investigate how individual features are represented across the
cortical surface, we trained separate response models for each feature
map/voxel combination. After estimation of the regression coefficients
!i, we obtain "i(x) # !i

T$(x) as the predicted response of voxel i to
input stimulus x given a chosen feature representation $(x). Voxel re-
sponse models were estimated using the entire training set and evaluated
on the test set.

Quantification of model performance. To quantify how well the nonlin-
ear feature representations predict voxel responses, we define a voxel’s
prediction accuracy as the Pearson’s correlation coefficient (r) between
its observed and predicted responses on the test set. For a group of voxels,
the median r was used to express its prediction accuracy. To account for
performance variability across voxels, we compared prediction accura-
cies of voxels with their SNRs and the mean activities of the DNN layers
across the training set. SNR was estimated as the ratio between the mean
time series and the median of the absolute differences between the suc-
cessive time points in the detrended time series of the voxels. Next to
computing the prediction accuracy for individual voxels, we can use the
accuracy of reconstructing a presented image from observed brain activ-

Figure 1. DNN-based encoding framework. A, Schematic of the encoding model that transforms a visual stimulus to a voxel response in two stages. First, a deep (convolutional) neural network
transforms the visual stimulus (x) to multiple layers of feature representations. Then, a linear mapping transforms a layer of feature representations to a voxel response (y). B, Schematic of the deep
neural network where each layer of artificial neurons uses one or more of the following (non)linear transformations: convolution, rectification, local response normalization, max pooling, inner
product, and softmax. C, Reconstruction of an example image from the activities in the first five layers.
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Figure 7. The strongly supervised deep network, with features remixed and reweighted, fully explains the IT data. The bars show the
Kendall-tA RDM correlations between the layers of the strongly supervised deep convolutional network and human IT. The error bars are standard
errors of the mean estimated by bootstrap resampling of the stimuli. Asterisks indicate significant RDM correlations (random permutation test based
on 10,000 randomizations of the stimulus labels; p,0.05: *, p,0.01: **, p,0.001: ***, p,0.0001: ****). As we ascend the layers of the deep network,
model RDMs explain increasing proportions of the variance of the hIT RDM. The noise ceiling (gray bar) indicates the expected correlation of the true
model (given the noise in the data). The upper and lower edges of the gray horizontal bar are upper and lower bound estimates of the maximum
correlation any model can achieve given the noise. None of the layers of the deep network reaches the noise ceiling. However, the final fully
connected layers 6 and 7 come close to the ceiling. Remixing the features of layer 7 (Figure 10) using linear SVMs to strengthen the categorical
divisions, provides a representation composed of three discriminants (animate/inanimate, face/nonface, and body/nonbody) that reaches the noise
ceiling. Reweighting the model layers and the three discriminants (see Figure 10 for details) yields a representation that explains the hIT geometry
even better. A horizontal line over two bars indicates that the two models perform significantly differently (inference by bootstrap resampling of the

Deep Supervised Model Explains IT
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