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AUTOMATIC SPEECH RECOGNISER REVEALS PHONETIC FEATURE
REPRESENTATIONS IN HUMAN AUDITORY CORTEX

THE QUESTION

HOW DOES THE HUMAN BRAIN
EXTRACT MEANING FROM HEARD
SPEECH?

SPOKEN LANGUAGE COMPREHENSION IN HUMANS

“what a lovely day”

Noisy, continuous speech input

Abstract word identities

gradient is angled from the more-lateral starting point to a moremedial end point. Thus, the primary gradients of A1 and R (“highto-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 location where the posterior auditory cortex turns downward
towards the anterior auditory cortex. In some cases this protuberance is pronounced enough to form a mini-gyrus (the annectant
gyrus) which resembles a rudimentary Heschl's gyrus (HG) (Jones

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

FREQUENCY-RELATED INFORMATION IN THE BRAIN
a

I
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Tonotopic cortical maps were obtained by
logarithmic mapping of best-frequency values
PT
to a red-yellow-green-blue color scale, and
tuning width maps were obtained by a linear
HG
mapping of tuning width values to a yellowgreen-blue-purple color scale (Figs. 2, 3). Although our stimuli included frequencies up to
PP
8 kHz, only few voxels were assigned with such
high CF. We may fail to observe selectivity to
such along
high frequencies
because natural
single effective gradient
collinear gradients
HG
V-shaped
gradientssounds
across HG
b
are mostly dominated by lower frequencies. Alternatively, frequencies !4 kHz may evoke
only weak fMRI responses. Further research is
needed to specifically examine the fMRI responses to these high frequencies.
A correlation analysis between maps of tuning width and the voxels’ overall response
strength showed that these maps were unrelated to each other. However, as expected based
on previous studies in animals (Cheung et al.,
2001; Imaizumi et al., 2004), tonotopy and
mean group-level
map showed a significant
subject-level map
gradient-masked
tuning width
positivemap
corc
relation in each subject. Corrected maps of
tuning width were computed as the residuals
from fitting CF dependence of WA1
with a
smoothing spline. Corrected maps of tuning
width displayed the same R
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
low-frequency
high-frequency
content of sound categories,
we recomputed
maps of tonotopy and tuning width on a subFig. 2. Tonotopic Map Layout and Interpretations. Panels show a view of a partially inﬂated cerebral
surface,with
looking
into the Sylvian
ﬁssure
that separates the temporal lobe below
set of sounds
controlled
frequency
confrom 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
tent across categories. Specifically, the
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
voxels’ response profile R was calculated ushumans 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
ing the reduced matrices W! [N" # F], and Y!
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
# Vby)],two
obtained
from thezones
full matrices
W
illustrate typically observed tonotopic patterns. Low frequencies are found on the crest of HG[(N"
ﬂanked
high-frequency
posteromedially
towards the planum temporale
[N
#
F]
and
Y
[(N
#
V
)]
by
removing
seven
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,
sounds
(two orientation
low speechand
sounds,
twomagnitude
low na- across subjects. These regions are
located on the rostral and caudal banks of HG, in which tonotopic gradient vectors achieve
consistent
non-zero

N K”

frequency

“L

temporal plane morphology

time

Saenz & Langers (2014)
Hearing Research
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Journal of Neuroscience

THE BRAIN EXTRACTS MEANING FROM SOUND
▸ The brain receives raw
acoustic input from the
ears.
▸ The brain perceives
individual words in
continuous speech.

[l]

[ɪ] [ŋ]

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

“L

I

N K”

[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?

FUNCTIONAL NEUROIMAGING

INVESTIGATING HOW AND WHERE
THE BRAIN REPRESENTS
INFORMATION

Experimental conditions/
stimuli

E/MEG

High-temporal-resolution
(ms) functional imaging

Sensor topography

[klaʊd]

[rɪtʃ]

[wɪsp]

Source-space
reconstruction

[mʌnθ]

⋮

MRI

High-spatial-resolution
(mm) structural imaging

Individual brain
anatomy

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.

Neuron 1
Voxel 1

Neuron 2
Voxel 2
Neuron 3
Voxel 3

Neuron 4
Voxel 4

Individual 1

Individual 2

Kriegeskorte:
“Representational geometries”

REPRESENTATIONAL SIMILARITY ANALYSIS
cloud

[klaʊd]
rich
Dissimilarity

[rɪtʃ]
Spatiotemporal
responses

Representational
dissimilarity matrix

REPRESENTATIONAL SIMILARITY ANALYSIS
▸ Dissimilarities between
responses characterise a
representational space.
▸ Treated as a distance
matrix, we can see how a
brain region “views” the
stimulus set.

Kriegeskorte et al. (2008)
Frontiers in Systems Neuroscience

WORKING AT THE LEVEL OF RDMS
INDIVIDUAL1

RDM1

MODEL1

Category
model

MODEL2

Computational
model

RDM
INDIVIDUAL2

⋮

RDM2
⋮

Unable to compare
individuals’ responses

Able to compare
individuals’ RDMs

Combining loses finegrained information

Combining preserves
fine-grained information

Can test hypotheses
about representational
space

Kriegeskorte et al. (2006)
PNAS

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

SEARCHING FOR MODEL FIT: SEARCHLIGHT RSA

Searchlight
patches

Searchlight
RDMs

▸ Take brain data
from a regular
“searchlight”.

Model RDM

▸ Compute 1 RDM
from all data inside
that region.
▸ Match each RDM to
a fixed model.
▸ Statistical brain map
of information.

Statistical map of model fit

MODELLING SPEECH
RESPONSES:

PHONES AND PHONETIC
FEATURES FROM AN ASR
SYSTEM

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.
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whether local neural encoding is specific for phonemes, acoustic-phonetic features, or low-level

mated the mean neural response at each
to every phoneme and found distinct

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 selective 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 selective for nasals (/n/, /m/, and /ŋ/).
To quantify selectivity at single electrodes, we
derived a metric indicating the number of phonemes with cortical responses statistically distinguishable from the response to a particular
phoneme. The phoneme selectivity index (PSI)

EVIDENCE FOR SENSITIVITY TO PHONETIC FEATURES
a

b
Subject 1

Subject 2

Feature overlap (%)

30
25
20
15

is a dimension of 33 English phonemes; PSI = 0
is nonselective and PSI = 32 is extremely selective (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 phoneme 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 magnitude 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 spectrotemporal 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
lective to specific phoneme groups.
To investigate the organization of select
across the neural population, we constructe
array containing PSI vectors for electrodes ac
all participants (Fig. 2A). In this array, each col
corresponds to a single electrode, and each
corresponds to a single phoneme. Most STG
trodes are selective not to individual but to sp
ic groups of phonemes. To determine select
patterns across electrodes and phonemes
used unsupervised hierarchical clustering an
ses. Clustering across rows revealed grouping
phonemes on the basis of similarity of PSI va
in the population response (Fig. 2B). Cluste

overlapping represent
in cortical activations (
discrimination. We pl
between various cate
these loci suggests tha
of the response amplit
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(a) The degree of separability
Science
phonemes. (E) Weighted
average STRFs of main electrode
Fig. 2. Hierarchical clustering of single-electrode and population features, notcortical
microarray.
Th
Nature Neuroscience
responses. (A) PSI vectors of selective electrodes across all participants. Rows ters. (F) Average acoustic spectrograms for phonemes in each population
of the various evoked activations at eachcorrespond
electrode
position
isto shown
to phonemes, and
columns correspond
electrodes. (B) Cluster- ter. Correlation between average STRFs and average spectrograms: r = 0
(r = 0.50, 0.78, 0.55, 0.86,
0.86, and 0.47 on
for plosives,
fricat
ing across population PSIs (rows). (C) Clustering across single electrodes (col- P < 0.01, t test.
however,
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tra
vowels,
and
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respectively;
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▸ (Data collected for another
experiment, so not perfectly suited.)
▸ Same words presented to ASR system.

Place

Broad
categories
Manner

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

Vowel
frontness

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

Vowel
closeness

MAPPING PHONETIC FEATURES

Sonorant
Voiced
Obstruent
Labial
Coronal
Dorsal
Plosive
Fricative
Sibilant
Nasal
Front
Central
Back
Close
Close-mid
Open-mid
Open
Rounded

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
SPECTROGRAM

[sil-aa-b]
[sil-aa-k]
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⋮
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Young et al. (1997)
The HTK Book

PHONETIC RDMS

Every frame
(10ms)

Every word
(400)

[aa]

Every phone
(40)

§

⋮
[z-aa-v]
[z-aa-z]
[z-aa-sil]
Every
triphone

p p p
p p p
p p p

⋮

[wɪsp]
[rɪtʃ]
[klaʊd]

[sil-aa-sil] p p p
[sil-aa-b] p p p
[sil-aa-k] p p p

⋮

[aa]

Sliding window

[uh]

MODEL RDM STRUCTURE

Su et al. (2014)
Frontiers in Neuroscience

SEARCHLIGHT ANALYSIS
= β[ɑ]

[ɑ]

+ β[æ]

[æ]

+ … + β[z]

Data RDM
Searchlight
patch

Phonetic model RDMs from HTK's state

β
Contributions of
individual phonetic
models

[z]

+E

SEARCHLIGHT ANALYSIS

Map of
“sonorant” feature

χsonorant

fitf = χf · β
β
Contributions of
individual phonetic
models

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.

Data RDM

1 - 0.05

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

θf

▸ This our simulated null
distribution.
▸ We threshold our maps of fit with θf.

˜fitf

β̃

= χf · β̃
χsonorant

RESULTS

REGIONS OF PHONETIC
FEATURE REPRESENTATION

RESULTS
▸ Most (not every) feature we
tested showed superthreshold 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.

Khaligh-Razavi & Kriegeskorte (2014)
PLOS Computational Biology

Güçlü & Gerven (2015)
Journal of Neuroscience

WHERE NEXT?
▸ Use a deep artificial neural network-based ASR.

Deep Supervised Model Explains IT

10010 • J. Neurosci., July 8, 2015 • 35(27):10005–10014

▸ Don’t rely on phone-level representation.
▸ Use “bottom-up” features.
▸ Hidden-layer representations.
▸ Understand time-resolved results.
▸ Better data.
▸ Continuous speech.

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) neu
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
neural network where each layer of artificial neurons uses one or more of the following (non)linear transformations: convolution, rectification, local response normalization, max po
product, and softmax. C, Reconstruction of an example image from the activities in the first five layers.

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 randomly 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 covering occipital cortex (slice thickness 2.25 mm, slice gap 0.25 mm, field of
2
). fMRI data were acquired using a gradient-echo
view 128Figure
!7.128
mm
The strongly supervised deep network, with features remixed and reweighted, fully explains the IT data. The bars show the
Kendall-t RDM correlations between the layers of the strongly supervised deep convolutional network and human IT. The error bars are standard
EPI pulseerrors
sequence
(matrix
size of64
! 64,
TR
1significant
s, TERDM28
ms,(random
flippermutation
angletest20°,
of the mean estimated
by bootstrap resampling
the stimuli.
Asterisks
indicate
correlations
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,
3
model RDMs explain increasing proportions of the variance of the hIT RDM. The noise ceiling (gray bar) indicates the expected correlation of the true
spatial resolution
2 ! 2 ! 2.5 mm ).
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
6 and 7 come
close to the ceiling. Remixing
(Figure 10) using linear
SVMs to strengthen the categorical
fMRI connected
scanslayerswere
coregistered
andthe features
usedof layer
to7 estimate
voxel-specific
redivisions, 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
sponse time
courses.
After
ofsignificantly
thesedifferently
time(inference
courses
even better.
A horizontal line over
two bars deconvolution
indicates that the two models perform
by bootstrapfrom
resampling the
of the
time series data, an estimate of response amplitude was obtained for each
PLOS Computational Biology | www.ploscompbiol.org
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presented unique image in each voxel. Voxels were assigned to visual
areas using retinotopic mapping data acquired in separate sessions. Additionally, anatomical and functional volumes were coregistered manuA

▸ Next level: semantics from abstract labels.

Figure 4.

8 to transform feature activations to class labels. Layer 1 addition
local response normalization, implementing lateralized inhibi
tween feature maps at the same spatial position. Finally, Layers
5 used max pooling, which can be interpreted as a form of n
downsampling that introduces invariances to small translation
input.
The DNN was trained on "1.2 million augmented (by rando
horizontal mirroring, and color jittering) natural images that
labeled as 1 of 1000 object categories. The natural images were tak
the ImageNet (2012) dataset (Deng et al., 2009). Each input im
represented as a 224 ! 224 matrix for each of three RGB color c
The Caffe framework (Jia et al., 2014) was used to train the DN
stochastic gradient descent using momentum and weight dec
learning rate was initialized to 0.001 and decreased by a factor of
the validation error stopped decreasing. Dropout regularization
plied to Layers 6 and 7 of the DNN (Hinton et al., 2012).
The second component of the encoding model is a linear r
model that transforms nonlinear feature representations to a v
sponse. A separate response model was trained for each voxel u
ularized linear regression. The used estimation procedure was d
in detail previously (Güçlü and van Gerven, 2014). To examin
DNN layer was most predictive of individual voxel responses,
each one of the eight layers of feature representations as input. A
ally, to investigate how individual features are represented ac
cortical surface, we trained separate response models for each

Layer assignments of the voxels systematically increase as a function of p
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