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Surprisal −ln p(wi |w1 . . . wi−1)
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−ln p(she) −ln p(left |she) −ln p(a |she left) −ln p(note |she left a)

  positively correlates with the informativity of the antecedent L

GPT-3 Language Model [7]
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L ~ antecedent surprisal



Corpus Analysis

Corpus Name Corpus Type # Tokens
Amharic ATT doc-by-doc 12,682
Danish DDT sent-by-sent 80,378
English GUM doc-by-doc 126,530
German GSD sent-by-sent 268,404
Italian ISDT doc-by-doc 294,430

Japanese GSD sent-by-sent 168,333
Korean Kaist doc-by-doc 296,446

Mandarin GSDSimp sent-by-sent 98,616
Russian SynTagRus doc-by-doc 1,206,302
Spanish AnCora doc-by-doc 469,366
Turkish BOUN sent-by-sent 103,627

Data
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Universal Dependencies (UD)
[8]
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Data Set 1
Select depends w/ 

deprel in {nsubj, 
csubj}

Data Set 2

(subjects)

Preprocessing data

# dependencies
Full Subject Object

Amharic 4,164 643 525
Danish 45,976 4,203 3,963
English 89,947 7,881 7,296
German 155,480 9,602 8,474
Italian 208,939 10,323 11,735

Japanese 113,771 5,005 4,018
Korean 154,609 9,855 24,690

Mandarin 63,456 5,538 7,576
Russian 329,745 32,822 25,065
Spanish 333,728 21,472 31,143
Turkish 45,914 3,861 4,680

Corpus Analysis
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Corpus Analysis

Two measures of dependency length  L

The evil monster in the tower approached…

L = 3

The evil monster in the tower approached…

L = − (ln p('in') + ln p('the') + ln p('tower'))

29



Results:  Full Dataset (  as word counts )L

30

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20

1.6

1.8

2.0

1

2

3

4

1.50

1.75

2.00

2.25

2.0

2.5

3.0

3.5

1.5

2.0

2.5

3.0

1.5

2.0

2.5

1.6

1.8

2.0

1.6

2.0

2.4

1.8

2.1

2.4

2.7

3.0

0.5

1.0

1.5

2.0

1.4

1.6

1.8

2.0

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (w

or
ds

)

Dependencies with all types of relations



Results:  Full Dataset (  as word counts )L

31

L ~ sent_position + sent_length + antec_postion + antec_surprisal + (1+antec_surprisal|dep-type)

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20

1.6

1.8

2.0

1

2

3

4

1.50

1.75

2.00

2.25

2.0

2.5

3.0

3.5

1.5

2.0

2.5

3.0

1.5

2.0

2.5

1.6

1.8

2.0

1.6

2.0

2.4

1.8

2.1

2.4

2.7

3.0

0.5

1.0

1.5

2.0

1.4

1.6

1.8

2.0

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (w

or
ds

)

Dependencies with all types of relations



Results:  Full Dataset (  as word counts )L

32

L ~ sent_position + sent_length + antec_postion + antec_surprisal + (1+antec_surprisal|dep-type)

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20

1.6

1.8

2.0

1

2

3

4

1.50

1.75

2.00

2.25

2.0

2.5

3.0

3.5

1.5

2.0

2.5

3.0

1.5

2.0

2.5

1.6

1.8

2.0

1.6

2.0

2.4

1.8

2.1

2.4

2.7

3.0

0.5

1.0

1.5

2.0

1.4

1.6

1.8

2.0

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (w

or
ds

)

Dependencies with all types of relations

+ + + +

+

n.s. n.s.

n.s. n.s. n.s.-



Results:  Full Dataset (  as surprisal )L

33

L ~ sent_position + sent_length + antec_postion + antec_surprisal + (1+antec_surprisal|dep-type)

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20

9

10

11

12

13

5.0

7.5

10.0

12.5

15.0

12

15

18

21

12

16

20

24

7.5

10.0

12.5

15.0

7.5

10.0

12.5

15.0

14

16

18

10.0

12.5

15.0

17.5

16

18

20

22

5

10

16
18
20
22
24

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (s

ur
pr

is
al

)

Dependencies with all types of relations

+ + + +

+

n.s.

n.s. n.s. n.s.-

+



Results:  Subject Relations (  as word counts )L

34

L ~ sent_position + sent_length + antec_postion + antec_surprisal

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20
3
4
5
6
7

2
3
4
5
6

2

3

4

5

2

3

4

5

2

3

4

5

1

2

3

4

1.0

1.5

2.0

2.5

0.8
1.2
1.6
2.0
2.4

3

4

5

6

0

1

2

3

4

0.5

1.0

1.5

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (w

or
ds

)

Dependencies with subject relations

+ ++ +

+

n.s.

n.s.

-

-

+

+



Results:  Subject Relations (  as surprisal )L

35

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20
20

30

40

50

10

20

30

20

30

40

50

15
20
25
30
35
40

10

15

20

25

5

10

15

20

10

15

20

25

5

10

15

20

20

30

40

50

0

10

20

30

40

10

15

20

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (s

ur
pr

is
al

)

Dependencies with subject relations

+ + +

+

n.s.

n.s.

-

++

n.s.

n.s.

L ~ sent_position + sent_length + antec_postion + antec_surprisal



Results:  Object Relations (  as word counts )L

36

L ~ sent_position + sent_length + antec_postion + antec_surprisal

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20

1.5

2.0

2.5

3.0

1.25

1.50

1.75

2.00

2.25

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

2.0

2.5

3.0

1.0

1.5

2.0

2.5

1.2

1.4

1.6

1.8

2

3

4

5

3

4

5

1

2

3

1.5

2.0

2.5

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (w

or
ds

)

Dependencies with object relations

n.s.-

n.s.

- n.s. n.s. n.s.

- - -

n.s.



Results:  Object Relations (  as surprisal )L

37

L ~ sent_position + sent_length + antec_postion + antec_surprisal

Korean (KO) Mandarin (CN) Russian (RU) Spanish (ES) Turkish (TR)

Amharic (AM) Danish (DA) English (EN) German (DE) Italian (IT) Japanese (JA)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20

0 5 10 15 20

5

10

15

20

6

8

10

5

10

15

20

20

25

30

35

10

12

14

16

5

10

15

20

10

12

14

16

10

20

30

40

20
25
30
35
40
45

0
5

10
15
20

15

20

25

30

Antecedent Surprisal (bits)

D
ep

en
de

nc
y 

le
ng

th
 (s

ur
pr

is
al

)

Dependencies with object relations

n.s.-

n.s.-

n.s. + + +

n.s. n.s.

+



Results

38



Results

39



Results

40



Limitations

41

Corpus annotation quality

Language models for understudied languages



Conclusions

42



Conclusions

Empirically, less predictable antecedents can tolerate longer dependency length

43



Conclusions

Empirically, less predictable antecedents can tolerate longer dependency length

44

Dependency locality pressure can be further modulated by informativity



Conclusions

Strategic memory allocation prioritizes unexpected linguistic units for WM 
resources, resulting in more robust memory representation against interference

Empirically, less predictable antecedents can tolerate longer dependency length

45

Dependency locality pressure can be further modulated by informativity



Thanks for your listening!
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