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Figure�S1.�Presentation�and�set�of�exemplars�used�in�the�experiment. Participants were 
presented 60 distinct word-picture pairs describing common concrete nouns.  These consisted of 
5 exemplars from each of 12 categories, as shown above.  A slow event-related paradigm was 
employed, in which the stimulus was presented for 3s, followed by a 7s fixation period during 
which an X was presented in the center of the screen.  Images were presented as white lines and 
characters on a dark background, but are inverted here to improve readability.  The entire set of 
60 exemplars was presented six times, randomly permuting the sequence on each presentation. 

 

To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
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dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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•  Brain Scan Data* 

•  9 persons 
•  60 nouns 

•  Questions 
•  218 questions 
•  ‘is it alive?’, ‘can 

you eat it?’ 

To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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*Mitchell et al. Predicting human brain activity associated 
with the meanings of nouns. Science,2008. Data@ 
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presented 60 distinct word-picture pairs describing common concrete nouns.  These consisted of 
5 exemplars from each of 12 categories, as shown above.  A slow event-related paradigm was 
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Patterns? 

To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-

Predicted
“celery” = 0.84

“celery” “airplane”

Predicted:

Observed:

A B

+.. .

high

average

below
average

Predicted “celery”:

+ 0.35 + 0.32

“eat” “taste” “fill”

Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
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man-made items). A representative fMRI image for
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fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.

A

B

C

M
ean over

participants

P
articipant P

5

Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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3.�Additional�Figures�and�legends��

 

Figure�S1.�Presentation�and�set�of�exemplars�used�in�the�experiment. Participants were 
presented 60 distinct word-picture pairs describing common concrete nouns.  These consisted of 
5 exemplars from each of 12 categories, as shown above.  A slow event-related paradigm was 
employed, in which the stimulus was presented for 3s, followed by a 7s fixation period during 
which an X was presented in the center of the screen.  Images were presented as white lines and 
characters on a dark background, but are inverted here to improve readability.  The entire set of 
60 exemplars was presented six times, randomly permuting the sequence on each presentation. 

 

•  Brain Scan Data* 

•  9 persons 
•  60 nouns 

•  Questions 
•  218 questions 
•  ‘is it alive?’, ‘can 

you eat it?’ 

Tofully
specify

amodel
withint

hiscom
-

putation
almode

lingfram
ework,o

nemust
first

definea
setofin

termedia
teseman

ticfeatu
res

f 1(w)f 2(w)…f n(w)tob
eextract

edfrom
thetext

corpus.I
nthispa

per,each
intermed

iatesem
antic

featurei
sdefined

interms
oftheco

-occurre
nce

statistics
ofthein

putstim
uluswo

rdwwi
tha

particular
otherwo

rd(e.g.,“
taste”)or

setofwo
rds

(e.g.,“ta
ste,”“tas

tes,”or“
tasted”)w

ithinthe
text

corpus.T
hemode

listraine
dbythe

applicatio
nof

multiple
regressio

ntothes
efeature

sf i(w)and
the

observed
fMRIim

ages,so
astoobt

ainmaxi
mum-

likelihoo
destima

tesforth
emodel

paramete
rsc vi

(26).Onc
etrained,

thecomp
utational

modelca
nbe

evaluated
bygivin

gitword
soutside

thetrain
ing

setandc
omparin

gitspred
ictedfM

RIimage
sfor

thesewo
rdswith

observed
fMRIda

ta.
Thiscom

putationa
lmodeli

ngfram
eworkis

basedon
twokey

theoretica
lassump

tions.Fir
st,it

assumes
thesema

nticfeatu
resthatd

istinguish
the

meaning
sofarbit

raryconc
retenoun

sarerefl
ected

inthesta
tisticsof

theiruse
withina

verylarg
etext

corpus.T
hisassum

ptionisd
rawnfro

mthefie
ldof

computa
tionallin

guistics,
wherest

atistical
word

distributi
onsare

frequentl
yusedt

oapprox
imate

themean
ingofd

ocument
sandw

ords(14
–17).

Second,
itassume

sthatthe
brainact

ivityobs
erved

whenth
inkinga

boutany
concrete

nouncan
be

deriveda
saweig

htedline
arsumo

fcontrib
utions

fromeac
hofits

semantic
features.

Although
the

correctne
ssofthis

linearity
assumpt

ionisde
bat-

able,iti
sconsist

entwith
thewide

spreadu
seof

linearm
odelsin

fMRIan
alysis(2

7)andw
iththe

assumpti
onthatf

MRIact
ivationo

ftenrefle
ctsa

linearsu
perpositio

nofcon
tributions

fromdiff
erent

sources.O
urtheore

ticalfram
eworkdo

esnottak
ea

position
onwheth

erthene
uralactiv

ationenc
oding

meaning
islocali

zedinp
articular

cortical
re-

gions.In
stead,it

consider
sallcort

icalvoxe
lsand

allowsth
etrainin

gdatato
determin

ewhich
loca-

tionsare
systemat

icallym
odulated

bywhic
has-

pectsof
wordme

anings.

Results.Wee
valuated

thiscomp
utational

mod-
elusing

fMRIda
tafromn

inehealth
y,college

-age
participan

tswhov
iewed60

different
word-pic

ture
pairspre

sentedsi
xtimes

each.An
atomicall

yde-
finedreg

ionsofin
terestwe

reautom
aticallyla

beled
according

totheme
thodolog

yin(28)
.The60

ran-
domlyo

rderedst
imuliinc

ludedfiv
eitems

from
eachof1

2semant
iccatego

ries(anim
als,body

parts,
buildings

,building
parts,clo

thing,fur
niture,in

sects,
kitcheni

tems,too
ls,vegeta

bles,veh
icles,and

other
man-mad

eitems).
Areprese

ntativefM
RIimage

for
eachstim

uluswas
createdb

ycompu
tingthem

ean
fMRIre

sponseo
veritssi

xpresen
tations,a

ndthe
meanof

all60of
theserep

resentativ
eimages

was
thensub

tractedfr
omeach

[fordeta
ils,see(

26)].
Toinstan

tiateour
modeling

framewo
rk,wefir

st
choseas

etofinte
rmediate

semantic
features.

Tobe
effective,

theinterm
ediatese

manticf
eaturesm

ust
simultane

ouslyenc
odethew

idevariet
yofsema

ntic
contento

ftheinp
utstimul

uswords
andfacto

rthe
observed

fMRIac
tivationin

tomorep
rimitivec

om-

Predicte
d

“celery”
 = 0.84

“celery”
“airplan

e”

Predicte
d:

Observe
d:

A
B

+...

high

average below average

Predicte
d “celer

y”:+ 0.35
+ 0.32

“eat”
“taste”

“fill”

Fig.2.P
redicting

fMRIimag
es

forgiven
stimulus

words.(A
)

Forming
apredict

ionforp
ar-

ticipant
P1fort

hestimu
lus

word“ce
lery”afte

rtraining
on

58other
words.Le

arnedc vico-
efficients

for3of
the25s

e-
manticfe

atures(“e
at,”“tast

e,”
and“fill”

)aredep
ictedby

the
voxelcolo

rsinthe
threeima

ges
atthetop

ofthepa
nel.Thec

o-
occurrenc

evaluef
oreacho

fthesefe
aturesfor

thestimu
lusword

“celery”i
s

shownto
thelefto

ftheirres
pectiveim

ages[e.g.
,thevalu

efor“eat
(celery)”i

s
0.84].The

predicted
activation

forthest
imuluswo

rd[shown
atthebo

ttomof
(A)]isal

inearcom
binationo

fthe25
semantic

fMRIsign
atures,w

eightedb
y

theirco-o
ccurrence

values.T
hisfigure

showsjus
tonehor

izontalsl
ice[z=

–12mm
inMontr

ealNeur
ological

Institute
(MNI)spa

ce]ofth
epredict

ed
three-dim

ensional
image.(

B)Predic
tedand

observed
fMRIima

gesfor
“celery”a

nd“airpla
ne”after

trainingt
hatuses5

8otherw
ords.The

twolong
redandb

luevertic
alstreaks

nearthe
top(post

eriorregi
on)ofthe

predicted
andobse

rvedima
gesaret

heleftan
drightfu

siformgy
ri.

A B

C

Mean over
participants

Participant P5

Fig.3.
Locations

of
mostac

curately
pre-

dictedvo
xels.Sur

face
(A)andg

lassbrain
(B)

rendering
ofthecor

rela-
tionbetw

eenpred
icted

andactua
lvoxelac

tiva-
tionsfor

wordsou
tside

thetraini
ngsetfor

par-
ticipantP

5.Thesep
anelssho

wclusters
containing

atleast1
0contigu

ousvoxel
s,eachof

whose
predicted-

actualcor
relationis

atleast0
.28.These

voxelclus
tersared

istributed
throughou

tthe
cortexan

dlocated
inthelef

tandrig
htoccipit

alandpa
rietallobe

s;leftan
drightfu

siform,
postcentra

l,andmid
dlefronta

lgyri;left
inferiorfr

ontalgyru
s;medial

frontalgy
rus;anda

nterior
cingulate.

(C)Surfac
erenderi

ngofthe
predicted-

actualco
rrelation

averaged
overalln

ine
participan

ts.Thispa
nelrepres

entsclust
erscontai

ningatle
ast10co

ntiguous
voxels,ea

chwith
averagec

orrelation
ofatleast

0.14.

30MAY
2008V

OL320
SCIENC

Ewww
.science

mag.org
1192RESEAR

CHART
ICLES

 on May 30, 2008 www.sciencemag.org Downloaded from 

Tofully
specify

amode
lwithin

thiscom
-

putation
almode

lingfra
mework

,onem
ustfirst

define
asetof

interme
diatese

mantic
features

f 1(w)f 2(w)…f n(w)tob
eextrac

tedfrom
thetext

corpus.
Inthisp

aper,ea
chinter

mediate
semanti

c
feature

isdefin
edinte

rmsoft
heco-o

ccurren
ce

statistic
softhe

inputs
timulus

wordw
witha

particula
rotherw

ord(e.g
.,“taste”

)orset
ofword

s
(e.g.,“ta

ste,”“ta
stes,”or

“tasted”
)within

thetext
corpus.

Themo
delistra

inedby
theappl

icationo
f

multiple
regressio

ntothe
sefeatu

resf i(w)and
the

observe
dfMRI

images,
soasto

obtainm
aximum

-
likelihoo

destima
tesfor

themod
elparam

etersc vi

(26).On
cetraine

d,theco
mputatio

nalmod
elcanbe

evaluate
dbygiv

ingitw
ordsou

tsideth
etrainin

g
setand

compar
ingitsp

redicted
fMRIim

agesfor
thesew

ordswi
thobser

vedfM
RIdata.

Thisco
mputatio

nalmo
deling

framewo
rkis

basedo
ntwok

eytheor
eticalas

sumptio
ns.First

,it
assumes

thesem
anticfea

turestha
tdisting

uishthe
meaning

sofarbi
traryco

ncreten
ounsare

reflected

inthest
atisticso

ftheiru
sewithi

navery
largetex

t
corpus.

Thisass
umption

isdrawn
fromthe

fieldof
computa

tionalli
nguistic

s,wher
estatist

icalwo
rd

distribut
ionsare

frequen
tlyused

toappro
ximate

themea
ningof

docume
ntsand

words(
14–17).

Second,
itassum

esthatt
hebrain

activity
observe

d
whenth

inkinga
boutan

yconcr
etenou

ncanb
e

derived
asawe

ightedl
inearsu

mofco
ntributio

ns
fromea

chofit
sseman

ticfeatu
res.Alth

oughth
e

correctn
essofth

islinear
ityassu

mption
isdebat

-
able,it

isconsi
stentw

iththew
idesprea

duseo
f

linearm
odelsin

fMRIan
alysis(2

7)andw
iththe

assump
tiontha

tfMRI
activatio

noften
reflects

a
linearsu

perposit
ionofc

ontributi
onsfrom

different
sources.

Ourtheo
reticalfr

amewor
kdoesn

ottakea
position

onwhet
herthen

euralac
tivation

encodin
g

meanin
gisloc

alizedi
npartic

ularco
rticalre

-
gions.I

nstead,
itconsid

ersallc
orticalv

oxelsan
d

allowst
hetrain

ingdata
todeterm

inewhic
hloca-

tionsar
esystem

atically
modulat

edbyw
hichas-

pectsof
wordm

eanings.

Results.We
evaluate

dthisco
mputatio

nalmod
-

elusing
fMRId

atafrom
ninehea

lthy,col
lege-age

participa
ntswho

viewed
60diffe

rentwo
rd-pictur

e
pairspr

esented
sixtime

seach.
Anatom

icallyd
e-

finedreg
ionsofi

nterestw
ereauto

maticall
ylabele

d
accordin

gtothe
methodo

logyin
(28).Th

e60ran
-

domly
ordered

stimuli
included

fiveitem
sfrom

eachof
12sema

nticcate
gories(a

nimals,b
odypart

s,
building

s,buildi
ngparts

,clothin
g,furnit

ure,inse
cts,

kitchen
items,to

ols,veg
etables,

vehicles
,andoth

er
man-ma

deitems
).Arepr

esentativ
efMRI

imagefo
r

eachstim
uluswa

screated
bycomp

utingthe
mean

fMRIr
esponse

overits
sixpres

entations
,andth

e
meanof

all60o
ftheser

epresen
tativeim

ageswa
s

thensub
tractedf

romeac
h[ford

etails,s
ee(26)]

.
Toinsta

ntiateou
rmodeli

ngfram
ework,w

efirst
chosea

setofin
termedia

teseman
ticfeatu

res.Tob
e

effective
,theint

ermedia
tesema

nticfeat
uresmu

st
simultan

eouslye
ncodeth

ewidev
arietyof

semantic
content

ofthein
putstim

uluswo
rdsand

factorth
e

observed
fMRIa

ctivation
intomor

eprimiti
vecom-

Predict
ed

“celery
” = 0.84

“celery
”

“airplan
e”

Predict
ed:

Observ
ed:

A
B

+...

high

averag
e below averag

e

Predict
ed “cele

ry”:+ 0.35
+ 0.32

“eat”
“taste”

“fill”

Fig.2.
Predictin

gfMRIi
mages

forgive
nstimu

lusword
s.(A)

Forming
apredic

tionfor
par-

ticipant
P1for

thestim
ulus

word“ce
lery”aft

ertraini
ngon

58other
words.L

earnedc
vico-

efficients
for3of

the25
se-

manticf
eatures

(“eat,”“
taste,”

and“fill
”)ared

epicted
bythe

voxelcol
orsinth

ethreei
mages

attheto
pofthe

panel.Th
eco-

occurren
cevalue

foreach
ofthese

features
forthes

timulus
word“ce

lery”is
shownto

thelefto
ftheirre

spective
images[

e.g.,the
valuefor

“eat(cel
ery)”is

0.84].Th
epredict

edactiva
tionfor

thestimu
lusword

[showna
tthebo

ttomof
(A)]isa

linearco
mbinatio

nofthe
25sema

nticfMR
Isignatu

res,weig
htedby

theirco-
occurren

cevalue
s.Thisf

iguresh
owsjust

onehor
izontals

lice[z=

–12mm
inMont

realNeu
rologica

lInstitut
e(MNI)

space]o
fthepr

edicted
three-dim

ensional
image.

(B)Pred
ictedan

dobser
vedfMR

Iimage
sfor

“celery”
and“air

plane”a
ftertrain

ingthat
uses58

otherwo
rds.The

twolong
redand

bluever
ticalstre

aksnear
thetop

(posterio
rregion

)ofthe
predicte

d
andobs

ervedim
agesare

theleft
andrigh

tfusiform
gyri.

A B

C

Mean over
participants

Participant P5

Fig.3.
Location

sof
mostac

curately
pre-

dictedv
oxels.S

urface
(A)and

glassbra
in(B)

renderin
gofthe

correla-
tionbet

weenpr
edicted

andactu
alvoxel

activa-
tionsfor

wordsou
tside

thetrain
ingsetf

orpar-
ticipantP

5.These
panelssh

owcluste
rscontai

ningatl
east10c

ontiguou
svoxels,

eachofw
hose

predicted
-actualc

orrelation
isatleas

t0.28.T
hesevox

elcluster
saredis

tributed
througho

utthe
cortexan

dlocated
inthele

ftandri
ghtoccip

italand
parietal

lobes;le
ftandri

ghtfusif
orm,

postcentr
al,andm

iddlefro
ntalgyri;

leftinfer
iorfronta

lgyrus;m
edialfron

talgyrus
;andant

erior
cingulate

.(C)Su
rfaceren

deringo
fthepr

edicted-a
ctualcor

relation
averaged

overall
nine

participa
nts.This

panelre
presents

clustersc
ontaining

atleast1
0contig

uousvox
els,each

with
average

correlatio
nofatle

ast0.14.

30MAY
2008

VOL32
0SCI

ENCE
www.sc

iencem
ag.org

1192RESEAR
CHART

ICLES

 on May 30, 2008 www.sciencemag.org Downloaded from 

Tofully
specify

amodel
withint

hiscom
-

putation
almode

lingfram
ework,o

nemust
first

definea
setofin

termedia
teseman

ticfeatu
res

f 1(w)f 2(w)…f n(w)tob
eextract

edfrom
thetext

corpus.I
nthispa

per,each
intermed

iatesem
antic

featurei
sdefined

interms
oftheco

-occurre
nce

statistics
ofthein

putstim
uluswo

rdwwi
tha

particular
otherwo

rd(e.g.,“
taste”)or

setofwo
rds

(e.g.,“ta
ste,”“tas

tes,”or“
tasted”)w

ithinthe
text

corpus.T
hemode

listraine
dbythe

applicatio
nof

multiple
regressio

ntothes
efeature

sf i(w)and
the

observed
fMRIim

ages,so
astoobt

ainmaxi
mum-

likelihoo
destima

tesforth
emodel

paramete
rsc vi

(26).Onc
etrained,

thecomp
utational

modelca
nbe

evaluated
bygivin

gitword
soutside

thetrain
ing

setandc
omparin

gitspred
ictedfM

RIimage
sfor

thesewo
rdswith

observed
fMRIda

ta.
Thiscom

putationa
lmodeli

ngfram
eworkis

basedon
twokey

theoretica
lassump

tions.Fir
st,it

assumes
thesema

nticfeatu
resthatd

istinguish
the

meaning
sofarbit

raryconc
retenoun

sarerefl
ected

inthesta
tisticsof

theiruse
withina

verylarg
etext

corpus.T
hisassum

ptionisd
rawnfro

mthefie
ldof

computa
tionallin

guistics,
wherest

atistical
word

distributi
onsare

frequentl
yusedt

oapprox
imate

themean
ingofd

ocument
sandw

ords(14
–17).

Second,
itassume

sthatthe
brainact

ivityobs
erved

whenth
inkinga

boutany
concrete

nouncan
be

deriveda
saweig

htedline
arsumo

fcontrib
utions

fromeac
hofits

semantic
features.

Although
the

correctne
ssofthis

linearity
assumpt

ionisde
bat-

able,iti
sconsist

entwith
thewide

spreadu
seof

linearm
odelsin

fMRIan
alysis(2

7)andw
iththe

assumpti
onthatf

MRIact
ivationo

ftenrefle
ctsa

linearsu
perpositio

nofcon
tributions

fromdiff
erent

sources.O
urtheore

ticalfram
eworkdo

esnottak
ea

position
onwheth

erthene
uralactiv

ationenc
oding

meaning
islocali

zedinp
articular

cortical
re-

gions.In
stead,it

consider
sallcort

icalvoxe
lsand

allowsth
etrainin

gdatato
determin

ewhich
loca-

tionsare
systemat

icallym
odulated

bywhic
has-

pectsof
wordme

anings.

Results.Wee
valuated

thiscomp
utational

mod-
elusing

fMRIda
tafromn

inehealth
y,college

-age
participan

tswhov
iewed60

different
word-pic

ture
pairspre

sentedsi
xtimes

each.An
atomicall

yde-
finedreg

ionsofin
terestwe

reautom
aticallyla

beled
according

totheme
thodolog

yin(28)
.The60

ran-
domlyo

rderedst
imuliinc

ludedfiv
eitems

from
eachof1

2semant
iccatego

ries(anim
als,body

parts,
buildings

,building
parts,clo

thing,fur
niture,in

sects,
kitcheni

tems,too
ls,vegeta

bles,veh
icles,and

other
man-mad

eitems).
Areprese

ntativefM
RIimage

for
eachstim

uluswas
createdb

ycompu
tingthem

ean
fMRIre

sponseo
veritssi

xpresen
tations,a

ndthe
meanof

all60of
theserep

resentativ
eimages

was
thensub

tractedfr
omeach

[fordeta
ils,see(

26)].
Toinstan

tiateour
modeling

framewo
rk,wefir

st
choseas

etofinte
rmediate

semantic
features.

Tobe
effective,

theinterm
ediatese

manticf
eaturesm

ust
simultane

ouslyenc
odethew

idevariet
yofsema

ntic
contento

ftheinp
utstimul

uswords
andfacto

rthe
observed

fMRIac
tivationin

tomorep
rimitivec

om-

Predicte
d

“celery”
 = 0.84

“celery”
“airplan

e”

Predicte
d:

Observe
d:

A
B

+...

high

average below average

Predicte
d “celer

y”:+ 0.35
+ 0.32

“eat”
“taste”

“fill”

Fig.2.P
redicting

fMRIimag
es

forgiven
stimulus

words.(A
)

Forming
apredict

ionforp
ar-

ticipant
P1fort

hestimu
lus

word“ce
lery”afte

rtraining
on

58other
words.Le

arnedc vico-
efficients

for3of
the25s

e-
manticfe

atures(“e
at,”“tast

e,”
and“fill”

)aredep
ictedby

the
voxelcolo

rsinthe
threeima

ges
atthetop

ofthepa
nel.Thec

o-
occurrenc

evaluef
oreacho

fthesefe
aturesfor

thestimu
lusword

“celery”i
s

shownto
thelefto

ftheirres
pectiveim

ages[e.g.
,thevalu

efor“eat
(celery)”i

s
0.84].The

predicted
activation

forthest
imuluswo

rd[shown
atthebo

ttomof
(A)]isal

inearcom
binationo

fthe25
semantic

fMRIsign
atures,w

eightedb
y

theirco-o
ccurrence

values.T
hisfigure

showsjus
tonehor

izontalsl
ice[z=

–12mm
inMontr

ealNeur
ological

Institute
(MNI)spa

ce]ofth
epredict

ed
three-dim

ensional
image.(

B)Predic
tedand

observed
fMRIima

gesfor
“celery”a

nd“airpla
ne”after

trainingt
hatuses5

8otherw
ords.The

twolong
redandb

luevertic
alstreaks

nearthe
top(post

eriorregi
on)ofthe

predicted
andobse

rvedima
gesaret

heleftan
drightfu

siformgy
ri.

A B

C

Mean over
participants

Participant P5

Fig.3.
Locations

of
mostac

curately
pre-

dictedvo
xels.Sur

face
(A)andg

lassbrain
(B)

rendering
ofthecor

rela-
tionbetw

eenpred
icted

andactua
lvoxelac

tiva-
tionsfor

wordsou
tside

thetraini
ngsetfor

par-
ticipantP

5.Thesep
anelssho

wclusters
containing

atleast1
0contigu

ousvoxel
s,eachof

whose
predicted-

actualcor
relationis

atleast0
.28.These

voxelclus
tersared

istributed
throughou

tthe
cortexan

dlocated
inthelef

tandrig
htoccipit

alandpa
rietallobe

s;leftan
drightfu

siform,
postcentra

l,andmid
dlefronta

lgyri;left
inferiorfr

ontalgyru
s;medial

frontalgy
rus;anda

nterior
cingulate.

(C)Surfac
erenderi

ngofthe
predicted-

actualco
rrelation

averaged
overalln

ine
participan

ts.Thispa
nelrepres

entsclust
erscontai

ningatle
ast10co

ntiguous
voxels,ea

chwith
averagec

orrelation
ofatleast

0.14.

30MAY
2008V

OL320
SCIENC

Ewww
.science

mag.org
1192RESEAR

CHART
ICLES

 on May 30, 2008 www.sciencemag.org Downloaded from 

Tofully
specify

amode
lwithin

thiscom
-

putation
almode

lingfra
mework

,onem
ustfirst

define
asetof

interme
diatese

mantic
features

f 1(w)f 2(w)…f n(w)tob
eextrac

tedfrom
thetext

corpus.
Inthisp

aper,ea
chinter

mediate
semanti

c
feature

isdefin
edinte

rmsoft
heco-o

ccurren
ce

statistic
softhe

inputs
timulus

wordw
witha

particula
rotherw

ord(e.g
.,“taste”

)orset
ofword

s
(e.g.,“ta

ste,”“ta
stes,”or

“tasted”
)within

thetext
corpus.

Themo
delistra

inedby
theappl

icationo
f

multiple
regressio

ntothe
sefeatu

resf i(w)and
the

observe
dfMRI

images,
soasto

obtainm
aximum

-
likelihoo

destima
tesfor

themod
elparam

etersc vi

(26).On
cetraine

d,theco
mputatio

nalmod
elcanbe

evaluate
dbygiv

ingitw
ordsou

tsideth
etrainin

g
setand

compar
ingitsp

redicted
fMRIim

agesfor
thesew

ordswi
thobser

vedfM
RIdata.

Thisco
mputatio

nalmo
deling

framewo
rkis

basedo
ntwok

eytheor
eticalas

sumptio
ns.First

,it
assumes

thesem
anticfea

turestha
tdisting

uishthe
meaning

sofarbi
traryco

ncreten
ounsare

reflected

inthest
atisticso

ftheiru
sewithi

navery
largetex

t
corpus.

Thisass
umption

isdrawn
fromthe

fieldof
computa

tionalli
nguistic

s,wher
estatist

icalwo
rd

distribut
ionsare

frequen
tlyused

toappro
ximate

themea
ningof

docume
ntsand

words(
14–17).

Second,
itassum

esthatt
hebrain

activity
observe

d
whenth

inkinga
boutan

yconcr
etenou

ncanb
e

derived
asawe

ightedl
inearsu

mofco
ntributio

ns
fromea

chofit
sseman

ticfeatu
res.Alth

oughth
e

correctn
essofth

islinear
ityassu

mption
isdebat

-
able,it

isconsi
stentw

iththew
idesprea

duseo
f

linearm
odelsin

fMRIan
alysis(2

7)andw
iththe

assump
tiontha

tfMRI
activatio

noften
reflects

a
linearsu

perposit
ionofc

ontributi
onsfrom

different
sources.

Ourtheo
reticalfr

amewor
kdoesn

ottakea
position

onwhet
herthen

euralac
tivation

encodin
g

meanin
gisloc

alizedi
npartic

ularco
rticalre

-
gions.I

nstead,
itconsid

ersallc
orticalv

oxelsan
d

allowst
hetrain

ingdata
todeterm

inewhic
hloca-

tionsar
esystem

atically
modulat

edbyw
hichas-

pectsof
wordm

eanings.

Results.We
evaluate

dthisco
mputatio

nalmod
-

elusing
fMRId

atafrom
ninehea

lthy,col
lege-age

participa
ntswho

viewed
60diffe

rentwo
rd-pictur

e
pairspr

esented
sixtime

seach.
Anatom

icallyd
e-

finedreg
ionsofi

nterestw
ereauto

maticall
ylabele

d
accordin

gtothe
methodo

logyin
(28).Th

e60ran
-

domly
ordered

stimuli
included

fiveitem
sfrom

eachof
12sema

nticcate
gories(a

nimals,b
odypart

s,
building

s,buildi
ngparts

,clothin
g,furnit

ure,inse
cts,

kitchen
items,to

ols,veg
etables,

vehicles
,andoth

er
man-ma

deitems
).Arepr

esentativ
efMRI

imagefo
r

eachstim
uluswa

screated
bycomp

utingthe
mean

fMRIr
esponse

overits
sixpres

entations
,andth

e
meanof

all60o
ftheser

epresen
tativeim

ageswa
s

thensub
tractedf

romeac
h[ford

etails,s
ee(26)]

.
Toinsta

ntiateou
rmodeli

ngfram
ework,w

efirst
chosea

setofin
termedia

teseman
ticfeatu

res.Tob
e

effective
,theint

ermedia
tesema

nticfeat
uresmu

st
simultan

eouslye
ncodeth

ewidev
arietyof

semantic
content

ofthein
putstim

uluswo
rdsand

factorth
e

observed
fMRIa

ctivation
intomor

eprimiti
vecom-

Predict
ed

“celery
” = 0.84

“celery
”

“airplan
e”

Predict
ed:

Observ
ed:

A
B

+...

high

averag
e below averag

e

Predict
ed “cele

ry”:+ 0.35
+ 0.32

“eat”
“taste”

“fill”

Fig.2.
Predictin

gfMRIi
mages

forgive
nstimu

lusword
s.(A)

Forming
apredic

tionfor
par-

ticipant
P1for

thestim
ulus

word“ce
lery”aft

ertraini
ngon

58other
words.L

earnedc
vico-

efficients
for3of

the25
se-

manticf
eatures

(“eat,”“
taste,”

and“fill
”)ared

epicted
bythe

voxelcol
orsinth

ethreei
mages

attheto
pofthe

panel.Th
eco-

occurren
cevalue

foreach
ofthese

features
forthes

timulus
word“ce

lery”is
shownto

thelefto
ftheirre

spective
images[

e.g.,the
valuefor

“eat(cel
ery)”is

0.84].Th
epredict

edactiva
tionfor

thestimu
lusword

[showna
tthebo

ttomof
(A)]isa

linearco
mbinatio

nofthe
25sema

nticfMR
Isignatu

res,weig
htedby

theirco-
occurren

cevalue
s.Thisf

iguresh
owsjust

onehor
izontals

lice[z=

–12mm
inMont

realNeu
rologica

lInstitut
e(MNI)

space]o
fthepr

edicted
three-dim

ensional
image.

(B)Pred
ictedan

dobser
vedfMR

Iimage
sfor

“celery”
and“air

plane”a
ftertrain

ingthat
uses58

otherwo
rds.The

twolong
redand

bluever
ticalstre

aksnear
thetop

(posterio
rregion

)ofthe
predicte

d
andobs

ervedim
agesare

theleft
andrigh

tfusiform
gyri.

A B

C

Mean over
participants

Participant P5

Fig.3.
Location

sof
mostac

curately
pre-

dictedv
oxels.S

urface
(A)and

glassbra
in(B)

renderin
gofthe

correla-
tionbet

weenpr
edicted

andactu
alvoxel

activa-
tionsfor

wordsou
tside

thetrain
ingsetf

orpar-
ticipantP

5.These
panelssh

owcluste
rscontai

ningatl
east10c

ontiguou
svoxels,

eachofw
hose

predicted
-actualc

orrelation
isatleas

t0.28.T
hesevox

elcluster
saredis

tributed
througho

utthe
cortexan

dlocated
inthele

ftandri
ghtoccip

italand
parietal

lobes;le
ftandri

ghtfusif
orm,

postcentr
al,andm

iddlefro
ntalgyri;

leftinfer
iorfronta

lgyrus;m
edialfron

talgyrus
;andant

erior
cingulate

.(C)Su
rfaceren

deringo
fthepr

edicted-a
ctualcor

relation
averaged

overall
nine

participa
nts.This

panelre
presents

clustersc
ontaining

atleast1
0contig

uousvox
els,each

with
average

correlatio
nofatle

ast0.14.

30MAY
2008

VOL32
0SCI

ENCE
www.sc

iencem
ag.org

1192RESEAR
CHART

ICLES

 on May 30, 2008 www.sciencemag.org Downloaded from 

…

airplane 

dog 

no
un

s 

questions 

voxels 
SIAM, July 2017 6 (c) C. Faloutsos, 2017 

Patterns? 

To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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5

Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.

A

B

C

M
ean over

participants

P
articipant P

5

Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very di↵erent from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.
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which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch

we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5
http://www.cs.cmu.edu/

~

epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-

SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6
http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.
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which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch

we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5
http://www.cs.cmu.edu/

~

epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-

SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6
http://www.models.life.ku.dk/joda/CMTF_Toolbox

Small items -> 
Premotor cortex 
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✔ Unsupervised 
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by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch

we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5
http://www.cs.cmu.edu/
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epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-

SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that
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http://www.models.life.ku.dk/joda/CMTF_Toolbox

Evangelos Papalexakis, Tom Mitchell, Nicholas Sidiropoulos,  
Christos Faloutsos, Partha Pratim Talukdar, Brian Murphy, 
Turbo-SMT: Accelerating Coupled Sparse Matrix-Tensor  
Factorizations by 200x, SDM 2014 

Small items -> 
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Roadmap 
•  Applications – pattern discovery 

– Brain scans – coupled matrix-tensor 
factorization 

– Power grid 
•  Applications – anomaly detection 
•  Algorithms 
•  Conclusions 
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PowerCast 
Mining electric power data 
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Hyun Ah Song, Bryan Hooi, Marko Jereminov, 
Amritanshu Pandey, Larry Pileggi, and CF, PowerCast: 
Mining and Forecasting Power Grid Sequences, 
PKDD’17, Skopje, FYROM 



CMU SCS 

Problem definition 
•  Given: real and imaginary current and voltage 
•  Forecast: power demand in the future, and 
•  Guess: how the forecasts will change under 

various scenarios (e.g. population drops in half, 
etc) 
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What-if: more factories are built? 
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Given Forecast 

What-if: normal condition? 
PowerCast 
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Domain knowledge 
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Forecast 
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PowerCast forecasts 24-steps (1-day) ahead on CMU data 
more accurate than other competitors 
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Anomaly detection & explanation 
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Roadmap 
•  Applications – pattern discovery 
•  Applications – anomaly detection 

– Phone-call data 
–  Intrusion detection 

•  Algorithms 
•  Conclusions 
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Anomalies in phone-call data 
•  PARAFAC decomposition 
•  Results for who-calls-whom-when 

–  4M x 15 days 
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Anomaly detection in time-

evolving graphs 

•  Anomalous communities in phone call data: 
– European country, 4M clients, data over 2 weeks 

 
 
 
 
 
~200 calls to EACH receiver on EACH day! 

1 caller 5 receivers 4 days of activity 
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Anomaly detection in time-

evolving graphs 

•  Anomalous communities in phone call data: 
– European country, 4M clients, data over 2 weeks 
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Miguel Araujo, Spiros Papadimitriou, Stephan Günnemann, 
Christos Faloutsos, Prithwish Basu, Ananthram Swami, 
 Evangelos Papalexakis, Danai Koutra.  Com2: Fast 
Automatic Discovery of Temporal (Comet) Communities. 
PAKDD 2014, Tainan, Taiwan. 
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ParCube at Work: Port-Scanning 

LBNL Network Tra�c This dataset consists of (source, destination, port #)
triplets, where each value of the corresponding tensor is the number of packets
sent. The snapshot of the dataset we used, formed a 65170 ⇥ 65170 ⇥ 65327
tensor of 27269 non-zeros. We ran Algorithm 3 using s = 5 and r = 10 and we
were able to identify what appears to be a port-scanning attack: The component
shown in Fig. 9 contains only one source address (addr. 29571), contacting one
destination address (addr. 30483) using a wide range of near-consecutive ports
(while sending the same amount of packets to each port), a behaviour which
should certainly raise a flag to the network administrator, indicating a possible
port-scanning attack.
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Fig. 9. Anomaly on the Lbnl data: We have one source address (addr. 29571), con-
tacting one destination address (addr. 30483) using a wide range of near-consecutive
ports, possibly indicating a port scanning attack.

Facebook Wall posts This dataset 5 first appeared in [25]; the specific part
of the dataset we used consists of triplets of the form (Wall owner, Poster,
day), where the Poster created a post on the Wall owner’s Wall on the specified
timestamp. By choosing daily granularity, we formed a 63891 ⇥ 63890 ⇥ 1847
tensor, comprised of 737778 non-zero entries; subsequently, we ran Algorithm 3
using s = 100 and r = 10. In Figure 10 we present our most surprising findings:
On the left subfigure, we demonstrate what appears to be the Wall owner’s
birthday, since many posters posted on a single day on this person’s Wall; this
event may well be characterized as an ”anomaly”. On the right subfigure, we
demonstrate what ”normal” Facebook activity looks like.

NELL This dataset consists of triplets of the form (noun-phrase, noun-phrase,
context). which form a tensor with assorted modes of size 14545⇥14545⇥28818
and 76879419 non-zeros, and as values the number of occurrences of each triplet.
The context phrase may be just a verb or a whole sentence. After computing the
Parafac decomposition of the tensor using ParCube with s = 500, and r = 10
repetitions, we computed the noun-phrase similarity matrix AAT + BBT and

5 Download Facebook at http://socialnetworks.mpi-sws.org/data-wosn2009.

html
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•  Applications – anomaly detection 
•  Algorithms 

– ParCube (and TurboSMT) 
– S-HOT for higher order Tucker 

•  Conclusions 
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•  Tucker Decomposition: 
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Jinoh Oh, Kijung Shin, Evangelos E. Papalexakis, Christos 
Faloutsos, and Hwanjo Yu, S-HOT: Scalable High-Order 
Tucker Decomposition, WSDM 2017 

S-HOT: Scalable High-Order 
Tucker Decomposition 
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High-Order Tucker 
Decomposition (Example) 

•  Input tensor 
– X: a 5-way sparse tensor 
       (size: 1M  …  1M, #non-zeros: 100M) 

•  Output tensors: 
– C: a 5-way core tensor  
   (size: 10  …  10, #non-zeros : ~100K) 
– A, …, A(5): factor matrices 
   (size: 1M  10, #non-zeros : ~10M) 
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High-Order Tucker 
Decomposition (Main idea) 
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-> DON’T 
materialize it 
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Scalability of S-HOT 
•  Baselines: Standard ALS (Naïve), & (opt) 
•  I = 1M; J=10; M=1B; N=5 modes 
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Roadmap 
•  Applications – pattern discovery 
•  Applications – anomaly detection 
•  Algorithms 

– ParCube (and TurboSMT) 
– S-HOT for higher order Tucker 

•  Conclusions 

SIAM, July 2017 (c) C. Faloutsos, 2017 49 



CMU SCS 

(c) C. Faloutsos, 2017 50 

Thanks 

SIAM, July 2017 

Thanks to: NSF IIS-0705359, IIS-0534205,  
CTA-INARC; Yahoo (M45), LLNL, IBM, SPRINT, 
Google, INTEL, HP, iLab 

Disclaimer: All opinions are mine; not necessarily reflecting 
the opinions of the funding agencies 
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CONCLUSION#1 

•  MANY applications for tensors 
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beetle can it cause you pain?
pants do you see it daily?
bee is it conscious?
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Nouns Questions

beetle can it cause you pain?
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Nouns Questions

beetle can it cause you pain?

Nouns Questions Nouns Questions

Nouns Questions

beetle can it cause you pain?
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Nouns Questions

beetle can it cause you pain?bear does it grow?
cow is it alive?
coat was it ever alive?

bear does it grow?
cow is it alive?
coat was it ever alive?

glass can you pick it up?
tomato can you hold it in one hand?
bell is it smaller than a golfball?’

glass can you pick it up?
tomato can you hold it in one hand?
bell is it smaller than a golfball?’

bed does it use electricity?
house can you sit on it?
car does it cast a shadow?

bed does it use electricity?
house can you sit on it?
car does it cast a shadow?

Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very di↵erent from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v

1

and v

2

which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch

we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5
http://www.cs.cmu.edu/

~

epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-

SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6
http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Q: What happened? 

Case 1? 

Case 2? 
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CONCLUSION#2 
•  Domain-experts: valuable 

SIAM, July 2017 

Q: What happened? 

Case 1? 

Case 2? 

80ºF 88ºF 

Thank you!  


