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Introduction
Research Question
• How word meaning are represented in human nervous systems. 
 
 
 
 
 

• But traditional language models does not distinguish “apple” from “orange”. 

• What are the neural representations of words that distinguish thousands  
of distinct objects and categories?

Paul Broca 
(1824-1880)

Carl Wernicke 
(1848-1905)

Norman Geshwind 
(1926-1984)

Macedonia, J. Studies in Education 2013
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Introduction
Representation of Word Meaning in Brain

Nature, April 2016

https://www.youtube.com/watch?v=k61nJkx5aDQ

https://www.youtube.com/watch?v=k61nJkx5aDQ
https://www.youtube.com/watch?v=k61nJkx5aDQ


Semantic map in the brain

• fMRI neuroimaging and machine learning 

Tim Mitchell (CMU)
Jack Gallant (UC Berkley)

Huth et al. (2012), Neuron

Mitchell et al. (2008), Science



Research design for semantic map creation

2011) to characterize the response of each voxel to each of the
1,705 object and action categories (Figure 1). The linear regres-
sion procedure produced a set of 1,705 model weights for each
individual voxel, reflecting how each object and action category
influences BOLD responses in each voxel.

RESULTS

Category Selectivity for Individual Voxels
Our modeling procedure produces detailed information about
the representation of categories in each individual voxel in the
brain. Figure 2A shows the category selectivity for one voxel
located in the left parahippocampal place area (PPA) of subject
A.V. The model for this voxel shows that BOLD responses are
strongly enhanced by categories associated with man-made
objects and structures (e.g., ‘‘building,’’ ‘‘road,’’ ‘‘vehicle,’’ and
‘‘furniture’’), weakly enhanced by categories associated with
outdoor scenes (e.g., ‘‘hill,’’ ‘‘grassland,’’ and ‘‘geological forma-
tion’’) and humans (e.g., ‘‘person’’ and ‘‘athlete’’), and weakly
suppressed by nonhuman biological categories (e.g., ‘‘body
parts’’ and ‘‘birds’’). This result is consistent with previous
reports that PPA most strongly represents information about
outdoor scenes and buildings (Epstein and Kanwisher, 1998).

Figure 2B shows category selectivity for a second voxel
located in the right precuneus (PrCu) of subject A.V. The model
shows that BOLD responses are strongly enhanced by
categories associated with social settings (e.g., people, commu-
nication verbs, and rooms) and suppressed by many other
categories (e.g., ‘‘building,’’ ‘‘city,’’ ‘‘geological formation,’’ and
‘‘atmospheric phenomenon’’). This result is consistent with an
earlier finding that PrCu is involved in processing social scenes
(Iacoboni et al., 2004).

A Semantic Space for Representation of Object and
Action Categories
We used principal components analysis (PCA) to recover a
semantic space from the category model weights in each
subject. PCA ensures that categories that are represented by
similar sets of cortical voxels will project to nearby points in the
estimated semantic space, while categories that are represented
very differently will project to different points in the space. To
maximize the quality of the estimated space, we included only
voxels that were significantly predicted (p < 0.05, uncorrected)
by the categorymodel (see Experimental Procedures for details).
Because humans can perceive thousands of categories

of objects and actions, the true semantic space underlying

Figure 1. Schematic of the Experiment and Model
Subjects viewed 2 hr of natural movies while BOLD responses weremeasured using fMRI. Objects and actions in themovies were labeled using 1,364 terms from

the WordNet lexicon (Miller, 1995). The hierarchical ‘‘is a’’ relationships defined by WordNet were used to infer the presence of 341 higher-order categories,

providing a total of 1,705 distinct category labels. A regularized, linearized finite impulse response regression model was then estimated for each cortical voxel

recorded in each subject’s brain (Kay et al., 2008; Mitchell et al., 2008; Naselaris et al., 2009; Nishimoto et al., 2011). The resulting category model weights

describe how various object and action categories influence BOLD signals recorded in each voxel. Categories with positive weights tend to increase BOLD, while

those with negative weights tend to decrease BOLD. The response of a voxel to a particular scene is predicted as the sum of the weights for all categories in that

scene.

Neuron

Semantic Representation in the Human Brain

Neuron 76, 1210–1224, December 20, 2012 ª2012 Elsevier Inc. 1211

Huth et al., Neuron, 2012

• Results are constrained by the 
temporal resolution of BOLD 
responses 

• Embodied-meaning is not static 
but dynamic 

• Real-time representation of word 
meaning cannot be captured



• MEG:  
Magnetic field 
>(Relatively) high 
spatial resolution 
> High temporal 
Resolution

MEG (Magnetoencephalography)
Introduction

Vukovic, Nikola (2014): Illustration of a piece of cortex showing the cross-section of a gyrus and upper layer of nerve cells.  
figshare. Figure. https://doi.org/10.6084/m9.figshare.1217586.v1 



• Traditional MEG:  
• Relatively High 
Temporal 
Resolution 

• Relatively High  
Spatial Resolution 

• Hight Cost 
• Low S/N ratio

Limitation 1
Introduction



Limitation 2
Introduction

https://davidcohen.mit.edu/mit-early-photos
König, Sielużycki, and Duruka (2007), J. Low Temperature Physics



• SHI MEG:  
• No need for a magnetic shield room 
• Significantly High S/N ratio 
• No need for the helium recharge 
• Significant reduction of cost

New MEG by Sumitomo Heavy Industry Ltd.
Introduction

Narasaki and Tsunematsu, IOP Conference Series Materials Science and Engineering, 2020



Current Research



Research Design
• Six Object Pictures (Food / Tool X 3 objects) 

• Matched in mora number / frequency (in BCCWJ)



Trial Organization
* Image using/eating the object 
** Image naming the object 
*** Speak out the object name
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Research Design
ばBanana

Banana

Decoder

Prediction

Stage 1 Stage 2 Stage 3 Stage 4



Encoding-Decoding Model

Engineering Thoughts and Memories 
presented by Jack Gallant 

http://opentranscripts.org/transcript/engineering-thoughts-memories/

• Encoding model is 
informative  

• But it does not fully 
identify the 
representation of word 
meaning  

• We should be able to 
construct Decoding model 
as well



Research Method
Participants
• Seven participants: Four undergraduate students, one graduate 
students, and one faculty from Waseda University 
One graduate student from Tokyo Denki University 

• Recording sessions were conducted at MEG Lab in Tokyo Denki 
University on August 4 and 5, 2021 

• Stimuli presentation system was constructed  
using PsychoPy 3.0 

• 50 trials for each picture (50 X 6 X 8 sec. = 40 min. Approx.) 

• Magnetic field was recorded by 64 channel high temperature self-
shielded MEG system by Sumitomo Heavy Industry



• Preprocessing and data clean-up was conducted  
using MNE (Minimal Norm Estimate: https://mne.tools/dev/index.html) -python

• Down sampled to 500Hz 

• Band Pass Filtered between 0.1-40Hz 

• Discrete Cosine Transform (DCT): 1Hz 

• Baseline: -200 to 0ms  

• Outlier Removal

• Empirical mode 
decomposition (Hilbert-
Huang Transform; Huang 
et al., 1998): 

• Intrinsic mode function: 
5 cycles

Research Method
Preprocessing



Decoding (MPVA) using Machine Learning
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Research Method
SVM (Support Vector Machine)

• Classification was conducted  
using scikit-learn classification package  
(https://scikit-learn.org/stable/modules/svm.html)



Results:
Classification accuracy for 2 categories/6 objects

Object ClassificationCategory Classification



Time course of classification
Classification accuracy within Stage I



www.nature.com/scientificreports/

4Scientific RepoRts | 6:25803 | DOI: 10.1038/srep25803

signi!cantly higher than chance level (p <  0.05; randomization test; FDR correction), exceeding the number of 
pairs expected by chance (0.05 !  15 =  0.75). As expected, higher classi!cation accuracy was obtained in the lis-
tening and overt speech conditions where speech stimuli were directly observed. For both conditions, pairwise 
classi!cation accuracy approached 100% in some comparisons, and twelve and !"een out of !"een pairs were 
signi!cantly above chance, respectively (p <  0.05; randomization test; FDR correction).

Classi!cation accuracy varied across subjects and pairs of words. In 4 out of 5 subjects, classi!cation accu-
racy over all word pairs was signi!cant in the imagined speech condition (Fig.#4b; p <  0.05; one-sample t-test; 
FDR correction), while the last subject was not signi!cantly better than chance level (mean =  49.8%; p >  0.5; 
one-sample t-test; FDR correction). For listening and overt speech conditions, classi!cation accuracy over all 
word pairs was again signi!cant in all four subjects, and ranged between 83.0% and 96.0% (p <  10"4; one-sample 
t-test; FDR correction).

At the population level, average classi!cation accuracy across all pairs was above chance level in all three 
conditions (Fig.#4b; listening: mean =  89.4% p <  10"4; overt speech: mean =  86.2%, p <  10"5; imagined speech: 
mean =  57.7%; p <  0.05; one-sample t-tests; FDR correction). A repeated measure 1-way ANOVA with experi-
mental condition as a factor con!rmed a di$erence among conditions (F(2,12) =  56.3, p <  10"5). Post-hoc t-tests 
showed that the mean classi!cation accuracy for listening was not signi!cantly di$erent from the overt speech 
(p >  0.1; two-sample t-test; FDR correction). Both were signi!cantly higher than the imagined speech classi!ca-
tion accuracy (p <  0.005; two-sample t-test; FDR correction). Although the classi!cation accuracy for imagined 
speech was lower than for listening and overt speech, the imagery classi!cation results provide evidence that high 
gamma time course during imagined speech contained information to distinguish pairs of words.

To assess the impact of the neural activity realignment procedure in classi!cation accuracy, we evaluated the 
improvement of DTW alignment compared to when no alignment was applied. %e results showed that for both 
the overt and imagined speech conditions, the average classi!cation accuracy was y reduced when no alignment 
was applied (Supplementary Fig. S3; p <  0.05; two-sample t-test; FDR correction). On the other hand, for the 
listening condition – in which trials were time-locked to stimulus onset – the DTW procedure did not improve 
the classi!cation accuracy (p >  0.5; two-sample t-test; FDR correction).

%e inability to directly measure temporal variability in the imagery condition remains a major limiting factor 
for classi!cation accuracy, despite the realignment procedure we employed. In the imagined speech condition, 
due to the lack of speech output, we could only extract trials at cue onset rather than at the true onset of speech 
imagery. To investigate the impact of this limitation on classi!cation accuracy, we analyzed data from the overt 
speech condition where the auditory stimulus is directly measured. %e results showed that classi!cation accu-
racy in the overt speech condition was reduced when extracting epochs at cue onset, compared to when epochs 
were extracted between speech onset and o$set (Supplementary Fig. S3; p <  0.05; two-sample t-test). %is further 
highlights limitations in the realignment algorithm, and indicates that imagery classi!cation accuracy may be 
increased by developing enhanced methods to de!ne imagined speech onset and o$set.

Figure 4. Classi!cation accuracy. (a) Pairwise classi!cation accuracy in the testing set for the listening (le" 
panel), overt speech (middle panel) and imagined speech condition (right panel) for a subject with good 
temporal coverage (S4). (b) Average classi!cation accuracy across all pairs of words for each subject and 
condition (listening, overt and imagined speech). Error bars denote SEM.

The decode accuracies of the SV and SA tasks when utilizing solely EEG
features were not signi!cantly different (Wilcoxon, pN0.05). However,
utilizingMEG alone or both feature types resulted in signi!cantly better
performance in the SA data than utilizing the corresponding feature sets
in the SV data (Wilcoxon, pb0.01).

The SA task contained twice asmany trials as the SV task (780 for SA
versus 390 for SV) which may have resulted in the difference in
decoding accuracy between the two presentation modalities. By
utilizing only the !rst 390 trials of the SA task, accuracy of themulticlass
decoder after averaging !ve trials (mean±SE=61±4%) was not
signi!cantly different from SV performance (mean±SE=60±5%)
(Wilcoxon, pN0.05).

Again, increasing the number of trials averaged increases decode
performance substantially (Fig. 2C–D inset panels). In the case of
individual word decoding for the SV task, there is a slight decrease in
accuracy when the number of trials averaged is increased from 6 to 8.

This is likely due to the fact that increasing the number of trials
averaged causes a corresponding decrease in the number of trials used
for training the SVM, leading to a less robust classi!er. This is
especially pronounced in the multiclass SV case because of the
relatively smaller number of total trials per condition when compared
to the SA task. These data also illustrate that combining EEG and MEG
features improves accuracy over either feature set alone. Taken
together, these results demonstrate surprisingly robust ability to
decode individual words from spatiotemporal features computed
from multichannel electrophysiology.

Linear probabilistic decoders are unable to handle high-dimensional data

While a decoding analysis is a powerful method for exploring
electro/magneto-physiological data, not all classi!cation algorithms
are suited for such an analysis. To demonstrate the advantages of

Fig. 2. Decoding accuracy when distinguishing between living and nonliving objects or individual words. The bar graphs illustrate classi!er accuracy for each subject when
distinguishing between living and nonliving object category (A–B) or between individual words (C–D) after averaging !ve trials. Inset panels illustrate mean decoding accuracy as a
function of the number of trials averaged. Blue indicates the use of EEG features, red indicates MEG features, and green indicates that both EEG and MEG features were used. In both
the main !gure and insets, chance accuracy (0.5 for living/nonliving and 0.2 for individual words) is shown as the horizontal black line and accuracies above the dashed line are
statistically signi!cant (permutation test, pb0.05). (A–B) Data from all subjects show signi!cant decoding ability in at least one set of features. In all cases, utilizing combined EEG
and MEG features resulted in signi!cant decode accuracies. (C–D) When utilizing both EEG and MEG features, decoding performance when distinguishing individual words is
statistically signi!cant in all cases, and exceeds 95% accuracy in the SA task.

3032 A.M. Chan et al. / NeuroImage 54 (2011) 3028–3039

Classification accuracy from ECoG signals in word pair production task 
Martin et al. Sci. Rep. 2016 Classification accuracy from MEG (red), EEG (blue), and MEG+EEG signals  

in visual word recognition task 
Chan et al. Neuroimage 2011

Discussion
Moderate classification accuracy compared to previous MEG or ECoG studies



• Classification accuracies are significantly high above 
chance level in stages 1 & 4 

• The temporal analysis reveals when semantic 
categories are represented in the brain 

• Significant individual differences among participants 
• Lower accuracies in Stage 2 & 3

Discussion
Classification accuracy for each subject/step

Word meaning can be decoded from MEG signals



Conclusion
• What are the neural representations of words that distinguish 
thousands of distinct objects and categories?

It is not enough to know where words are represented. 
We need information about WHAT is represented there.
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