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My research  is  o n episo dic  memor y  ( fasc inatin g! )

My lab us es stor ie s  a nd na rrat ives  to  invest igate  p heno men a

Lab mates  d o res earch  o n sp ontan eous thou ght
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We get  lo ts  o f  tex t data

I ’m going  to  sh are s ome *cool*  ways of  v is ual iz ing  ver bal  meaning



I  hop e to commun icate  h ow the fol lowing  method s

ca n help visual ize the human ex pe rienc e in f re e -th inking or  recal l  tasks  an d 

v isua lize  n eat  features of  nar rat ives
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Goals  of  my presentat ion



Unt i l  recent ly,  qu anti f y ing  and v isu al iz ing  th e mean in g  o f

wo rds was very  chal leng ing  and  la bor io us

Natural Language Processing (NLP)  provides many useful tools 

to efficiently quantify the meaning of text
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NLP

• T he semant ic  meaning  of  texts  an d how s imi lar  they  may               b e to  each 

other

• E mot ional ity

• Sent iment (pos it ive or n egat ive)

• Topics  o r  themes that  are  p res ent  throughou t a  tex t
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• Word2Vec (Miko lo v et  al . ,  2013)

• GLoVe ; G lob al  Vectors o f  Wo rd  Representation  ( Penn ingto n et  al . ,  2014)

• VADER;  Va lence Aware D ict ion ary  a nd sEntiment  Reaso ner  (Hu tto  & Gi lbe rt,  2014)

• USE; Un iversal  Senten ce Encod er  ( Go o gle ;  Cer  et  al . ,  2018)

• STM;  St ru ctu ral  Topic  M ode l lin g  (Rob erts  et  al . ,  2019)

• BERT;  Bidi rect ion al  Encod er  Representation  from Tran sfo rmer  (Go ogle )

• GPT;  Gen erative Pret raine d Tran sfo rme r (Op enAI)
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• Word2Vec (Miko lo v et  al . ,  2013)

• GLoVe ; Global Vectors  of  Word Repres entat ion  (Pen nington  et  al . ,  2014)

• VADER;  Va lence Aware D ict ion ary  a nd sEntiment  Reaso ner  (Hu tto  & Gi lbe rt,  2014)

• USE;  Unive rsal Se ntence Encode r  (Goo gle;  Cer  et  al . ,  2018)

• STM; S tructural Topic Mode ll ing  (Ro be rt s  et  a l . ,  2019)

• BERT;  Bidi rect ion al  Encod er  Representation  from Tran sfo rmer  (Go ogle )

• GPT;  Gen erative Pret raine d Tran sfo rme r (Op enAI)
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NLP
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GLoVe Word Embeddings

• Pretra ined o n Wik ip ed ia  text

• Semant ic  meanin g d eter mined by  word co -occurrence

• Each word i s  represented by  a  300 -di men sion  vector

• Words  that are s imi lar  to  ea ch other ex ist  c l oser  together  in  th i s  3 00 -

di men sion  semant ic  space
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GLoVe Word Embeddings

• Pretra ined o n Wik ip ed ia  text

• Semant ic  meanin g d eter mined by  word co -occurrence

• Each word i s  represented by  a  300 -di men sion  vector

• Words  that are s imi lar  to  ea ch other ex ist  c l oser  together  in  th i s  3 00 -

di men sion  semant ic  space

What  does th i s  l ook l i ke  to  us ?



Dime nsion Apple Orange Yel low

Dim1 0.0 465 60 0.2 131 80 -0.0 074 36

Dim2 -0.2 553 90 -0.2 572 30 0.1 316 90

. . . . . . . . . . . . . . . .

D im300 -0.1 255 90 0.0 136 30
0.1 030 60

GLoVe Word Embeddings
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Word 1 Word 2
Cosine

Simi lari ty

Apple Orange

Orange Yel low

Yel low Apple

Cosine similarity in R to determine semantic similarity
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Word 1 Word 2
Cosine

Simi lari ty

Apple Orange 0. 42

Orange Yel low 0. 59

Yel low Apple 0. 19

Cosine similarity in R to determine semantic similarity
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How can we use this tool to visualize the meaning of these words?



Apple

O range

Strawb err y

Fr ui t

Vegeta ble

Far m

Tracto r

So i l

Earth

Mars

Sp ace
14

Free Think ing or F ree Re cal l  Word C hain
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O range

Strawb err y

Fr ui t

Vegeta ble

Far m

Tracto r

So i l

Earth

Mars

Sp ace

Semant ic c lusters

(Ka han a et  a l . ,  2 02 2)
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Free Think ing or F ree Re cal l  Word C hain
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TYPICAL METHODS OF VISUALIZATION
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TYPICAL METHODS OF VISUALIZATION



Yo u can  see semant ic c lusters
18

TYPICAL METHODS OF VISUALIZATION



I t  would b e neat  i f  we could plot  th e  “s emantic 

space”  that  th es e words ex ist  in
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How can we visualize words that are 

represented by 300 dimensions?

I t  would b e neat  i f  we could plot  th e  “s emantic 

space”  that  th es e words ex ist  in
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PRINCIPAL COMPONENT ANALYSIS TO MEANINGFULLY

REDUCE THE DIMENSIONS

Word Dim1 Dim2

Apple 0.2943 -0.9231

Ora nge 0.0204 0.4528

Yel low -0.1121 0.3121
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Dime n-

s ion
Apple Orange Yel low

Dim1 0.0 465 0.2 131 -0.0 07

Dim2 -0.2 55 -0.2 57 0.1 316

. . . . . . . . . . . . . . . .

D im300 -0.1 25 0.0 136 0.1 030
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2D VISUALIZATION OF WORD CHAIN USING PCA
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2D ANIMATION OF WORD CHAIN
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2D ANIMATION OF WORD CHAIN



Stor y  themes l inger  in  mind  af ter  engaging  with  a  sto ry.

(Bel lan a et  a l . ,  2 02 2)
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Stor y  themes l inger  in  mind  af ter  engaging  with  a  sto ry.

(Bel lan a et  a l . ,  2 02 2)
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HOW CAN WE VISUALIZE THIS?
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Method 1 - static

Windowed Free Associates

(Bel lan a et  a l . ,  2 02 2)
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Method 2 - dynamic



Steps:

1 .Structura l  Topic Model l ing  to  extract  sto ry  themes

2 .PCA on  word embedd ings for  sto ry  themes

3 .PCA on  word embedd ings for  p ost stor y  free assoc iatio n 

chains

4 .P lot  a nimat ion  with Dim1 on x -ax is  and  D im2  o n      y -ax is
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Method 2 - dynamic
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GPT generated  word chain

so i t  lacks the temporal  

semantic  c lustering

Method 2 - dynamic



28

VISUALIZING STORIES
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(Lee &  Ch en,  2 02 2 )

Stor y  events

Unive rsal  

Sente nce  

Encoder

Cosine

simi la r i ty

Network  graph  o f  

stor y  event  

interre latedn ess  
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HOW ABOUT THE UNFOLDING OF A STORY?
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Early  stor y  events  a re  in  red and  later  events  in  blu e

(Heuss er et  a l . ,  2 02 1 )
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Visu al iz ing  how par tic ipant  recal l  semant ic t ra j ector y  (colou red )

al igns with  the stor y ’s  n arrat ive  arc  (b lack  l in e)  (He usser  et  a l. ,  2 02 1)
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Steps:

1 . Ident i fy  event  bo und aries  in  a  stor y

2 .USE  on  ea ch  sto ry  event

3 .PCA on  USE  emb eddin gs

4 .P lot  a nimat ion  with Dim1 on x -ax is  and  D im2  o n      y -ax is

VISUALIZING THE SEMANTIC PATH OF A STORY
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VISUALIZING THE SEMANTIC PATH OF A STORY
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VISUALIZING THE SEMANTIC PATH OF A MEMORY OF A STORY
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VISUALIZING THE SEMANTIC PATH OF A MEMORY OF A STORY



37

THANKS FOR LISTENING!
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