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phonetic 
features

acoustics

DH AH F AE T K AE T D IH S AH P IH R D phonemes

the fat cat dis | appear | ed
morphemes

the fat cat dis | appear | ed lemmas

NP VP phrasal 
structure

widely discussed, but contentious. we 
find evidence for this

syllablesdah fat kat dis ah pee ud

Eimas & Corbit (1973)

Marslen-Wilson & Welsh (1978)

Cutler et al. (1986); Barry (1980; 1984)
Taft & Forster (1975); Taft (1979) Pinker & Prince (1988)S sentence 

structure
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DH AH F AE T K AE T D IH S AH P IH R D phonemes

the fat cat dis | appear | ed
morphemes

the fat cat dis | appear | ed lemmas

NP VP phrasal 
structure

S sentence 
structure

widely discussed, but contentious. we 
find evidence for this

syllablesdah fat kat dis ah pee ud

2) what is the relative 
time-course?

1) which linguistic units are 
encoded in brain activity?
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Setup

�4

18 participants 
Listening to four narrative stories (twice) 
2 x one hour recordings 
KIT 208 channel MEG system  
Engagement task 

~40,000 phonemes per participant 
~16,000 words per participant
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Annotate for features and unit boundaries

phonetic

lexical

phrasal

MEG

auditory
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Event-locked average response

110 ms 330 ms 670 ms

word
offset

100 ms

155 ms 320 ms 428 ms

word
onset

110 ms 330 ms 670 ms

word
offset

100 ms 100 ms

155 ms 320 ms 428 ms

word
onset

100 ms
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Stimulus features
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bigram frequency
# of phonemes

# of syllables
# of morphemes

phon. neighbourhood
word frequency 
opening nodes

word position
# of merges

 depth of tree

# of phonemes
# of  syllables

# of morphemes

phon.  neighbourhood
word frequency
opening nodes

# of merges

word position
depth of tree

word use

word structure

syntactic

NP

stimulus similarity matrix
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Analysis technique
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which linguistic units are 
encoded in brain activity?



Laura Gwilliams | New York University | @GwilliamsL

Across timescales

phonetic

lexical

phrasal

MEG

auditory
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Phoneme-locked analysis: Phonetic properties

entropy

manner

voicing

place

surprisal
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Across timescales

phonetic

lexical

phrasal

MEG

auditory
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p < .01

Word-locked analysis
log word frequency

no. phonological neighbours

no. syllables
no. morphemes

t-
V

al
ue

0

5

10

Time (s) relative to word onset
0-0.2 0.40.2 0.6 0.8-0.4 1.0

Word-locked analysis: lexical properties
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Word-locked analysis: syntactic operations
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{ {

root deriv. infl.

stem

complex

appending the 
derivational

morpheme determines
the part of speech

of the stem

derivational morphemes
can be applied recurrently.
each additional derivation
adjusts the weights of the

previous derivations

2

root is unspecified
for part of speech;

therefore the
semantic features

are not yet solidified

1

now the semantic
features of the stem

are solidified
3

4

the final step is adding
the inflectional information,

which serves to alter the
derivational features only
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Word-locked analysis: syntactic operations
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Discussion

• Multiple features, spanning the hierarchy 
• Including # of syllables; # of morphemes

�23

(1) Which linguistic units are encoded?

(2) What is the relative time-course?
• Overall a highly parallel architecture
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