Noortje Venhuizen

e  Petra Hendriks
Matthew Crocker
Harm Brouwer

%




NATURAL LANGUAGE SEMANTICS

Model-theoretic Semantics Distributional Semantics
» Truth-conditional meaning » Semantic similarity

> Logical entailment » Empirically driven

» Compositionality » Cognitively inspired

E.g., Baroniet al. (2010,2014); Boleda & Herbelot (2016); Coecke et al. (2010); Grefenstette & Sadrzadeh (2011); Socher et al. (2012)



A FRAMEWORK FOR DISTRIBUTIONAL FORMAL SEMANTICS

A meaning space for Distributional Formal Semantics

X

‘ Formal properties of the meaning space

Incremental meaning construction

Semantic processing in the meaning space




A MEANING SPACE FOR
DISTRIBUTIONAL FORMAL SEMANTICS
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FROM MODELS TO MEANING SPACE

M; = UL Vp M> = (U, V2 M3 = (U3,V3) M, = Uy, V)

p1 ATpP2 AP3A ... —p1 AP2AP3A-... “p1r APp2 A TIP3 AL “p1r ATP2 A TIP3 AL

» The set of models My» — describing states-of-affairs over

propositions in P — defines a meaning space

> Propositional meaning defined by co-occurrence across models

Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2021, Inf. Comp./ArXiv) 5



CAPTURING THE STRUCTURE OF THE WORLD

“A boy rides a bike”
Boy is (likely) outside
Boy is not asleep
If it’s evening, the light is on
The bike has wheels

etc.

World knowledge restricts propositional co-occurrence in the
meaning space derived from the set of models My

» Hard world knowledge constraints restrict individual models
> Probabilistic constraints define probabilistic co-occurrences
across the set of models M

Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2021, Inf. Comp./ArXiv) 6



DFS MEANING SPACE S, 7

propositional meaning vectors

¢ YRR
L (M1]1]0]0
"§ ﬁj (1) 0 8 1 [piI™M := v(p))
Ng w5 T where: vi(p;) = 1 iff M; = p;
S | Ms|o 00

» Incremental inference-based probabilistic sampling: Based on a set of
propositions P, we sample a set of models ‘Mpy—taking into account hard
and probabilistic world knowledge constraints

» Co-occurrence defines meaning: Propositions with related meanings
are true in many of the same models, resulting in similar meaning vectors

Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2021, Inf. Comp./ArXiv) 7



THE DISTRIBUTIONAL HYPQTHESIS REVISITED

You shall know a swerd proposition
by the company it keeps

_J. R. Firth (1957)



FORMAL PROPERTIES
OF THE MEANING SPACE




MEANING VECTOR COMPOSITION

Meaning vectors can be combined to define compositional
meanings

» Standard logical operators interpreted as in model-theory
vi(—mp) =1 iff Mi¥#p
vibaq) =1 iff Miepand Mi=q
.. etc.

» Quantification is defined relative to the combined universe of
Mp: U,={e. e,} (thereby preserving entailment in ‘M)

vilVxp) =1 iff MiEe[x\el] A...A@[x\ew]
viAxp) =1 iff Miegp[x\ei] v...v @[x\en]

Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2021, Inf. Comp./ArXiv) 11



PROBABILITIES IN THE MEANING SPACE

All (sub-)propositional meaning vectors inherently encode
(co-)occurrence probabilities

» Prior probability of meaning vector a ¢ YRR
1 Mi(1]1[0]o0
P(a) = M > dila) M2|1]10]0]1
’ M3 |1 0] 1]0]1
» Conjunction probability betweena and b M, | 1 1]1
0 010

P(anb) \M|sz 500 haac

» Conditional probability of a given b
- P(aNb)
P(alb) = P )

Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2021, Inf. Comp./ArXiv) 12



QUANTIFYING PROBABILISTIC INFERENCE

Probabilistic logical inference of meaning vector a given b

[P(a|b) -P(a)]/[1-P(a)] if P(a|b) > P(a)

inference(a,b) = {
[P(a|b) -P(a)] / P(a) otherwise

» P(a|b) > P(a): Positive inference (b increases probability of a)
inference(a,b) = 1 < bka
» P(a|b) < P(a): Negative inference (b decreases probability of a)

inference(a,b) = —1 < bk —a

Frank et al. (2009, Cognition) 13



CONTINUOUS NATURE OF THE MEANING SPACE

¢ ¢ QR . o,
Mil1]1/0]0
M> kl 0|0 .o )
M3 O] 1|01
My | 1 1|1
Ms | O 00
P pi

» Each point in the meaning space can be interpreted relative to My
» Binary vectors: propositional meanings (simple or complex)
» Real-valued vectors: sub-propositional meanings

» Sub-propositional meaning derives from incremental mapping from
(sequences of) words to proposition-level meanings

14



INCREMENTAL
MEANING CONSTRUCTION
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A MODEL OF INCREMENTAL MEANING CONSTRUCTION

enter (mike,restaurant) A order(mike,salad)
[1,0,1,0,0,1,1,0,1,0,0,1,1,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,1,0,...]

,§\ lg\ /1\
§ | z
output (150 unlts) understood
[ meaning representation ] meaning at t
—— 1
; ;
E hidden (120 unlts)
! ( internal representation at t )
:
L 1 T
1
context pe=s==s=s====== | S l -------- : perceived
: : context (120 unlts) : input (30 unlts) erceive
established E (int | representation at t-1 ) E [ localist word representation ] word at t
At t-] '==e=e=e==ssessessccsssccccssseaa. J

< [0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0], [0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0], [...] >

<“mike”, “entered”, “the”, “restaurant”, “and” “ordered”, “salad” >

“Mike entered the restaurant and ordered salad”

16



CONSTRUCTING THE MODEL: MEANING SPACE

® © 06 06 06 0 0 0 0 0 0 0 0 0 0 0 0 O O O O O 0 O O 0 O O O O O O 0 O O O O O O O O 0 O O 0 O 0 O O 0 O O O 0 O 0 O O O O 0 O O O O 0 O 0 O O O O 0 O 0 O O 0 O 0 O 0 O O 0 O 0 O 0 0 O O O 0 0 0 0O 0 0 0 0 0 0 o

We sampled a meaning space of 150 models describing 51 propositions

inference(a,b)

enter(mike,bar)
enter(mike,restaurant)
call(mike,bartender)
call(mike,waiter)
arrive(bartender) A
arrive(waiter)
order(mike,cola) 1
order(mike,fries) 1
order(mike,salad) -
order(mike,water) -
bring(bartender,cola) -
bring(bartender,fries) -

o bring(bartender,salad) -
c bring(bartender,water) 1
bring(waiter,cola) 1
bring(waiter,fries) -
bring(waiter,salad) -
bring(waiter,water) -
pay(mike)
referent(bar) -
referent(bartender)
referent(cola) -
referent(elli) -
referent(fries) -
referent(mike)
referent(nancy) -
referent(restaurant) -
referent(salad) 1
referent(waiter)
referent(water)
referent(will) 1

. 1.00
]

- 0.75

- 0.50

- 0.25

- 0.00

propositio
9402S 9DuUdJdjU|

- —0.25

- —0.50

-0.75

—-1.00

proposition a



CONSTRUCTING THE MODEL: LANGUAGE

Utterance,;

Semantics,

Semantics,

P [entered/didn’t enter] a L

P [entered/didn’t enter] the
P [called/didn’t call] the S
P [ordered/didn’t order] O
P [paid/didn’t pay]

the S [arrived/didn’t arrive]
the S [brought/didn’t bring] O

[P/someone] entered the L. he/she ordered O
[P/someone] entered the L he/she called the S

[P/someone] called the S
[P/someone] called the S
[P/someone] called the S
[P/someone] called the S

L

he/she ordered O
he/she paid
he brought O

he arrived

enter(PL)
enter(PL)
call(P.S)

order(PO)

pay(P)

arrive(S)

bring(S,0)

enter(PL) A order(P,O)

enter(PL) A call(P.S)
call(P.S) A order(P,O)
call(P,S) A pay(P)
call(P.S) A bring(S,0)
call(PS) A arrive(S)

Venhuizen, Hendriks, Crocker, Brouwer (2021, Inf. Comp./ArXiv)

—(enter(PL)) A referent(P)
—(enter(P,L)) A referent(P) A referent(L)
=(call(P.S)) A referent(P) A referent(S)
—(order(P,0O)) A referent(P)

—(pay(P)) A referent(P)

—(arrive(S)) A referent(S)
—(bring(S,0)) A referent(S)
Ax,ns(enter(x,L) A order(x,0))

3x,, ¢(enter(x,L) A call(x,S))

Ax,) s (call(x,S) A order(x,0))

3x,, ¢ (call(x,S) A pay(x))

Ax(call(x,S) A bring(S,0))

dx(call(x,S) A arrive(S)) output (150 unlts)
[ meaning representation ]

hldden (120 unlts)
( internal repre

1

asentation at t )

input (30 units)

localist word representation ]

18



MEANING SPACE NAVIGATION

J order(mike,salad) I
’
tar(mike,bar)
®
caII(mxke,tT)artender) enter(mike,restaurant)
ord!er(mike,fries)
pay(mike)
? call(mike,Waiter)

®

e.cola

» Propositions that co-occur frequently in M are positioned close to

each other in space
19



MEANING SPACE NAVIGATION

» Model-derived meaning of ‘mike’ abstracts over the meanings

of all propositions pertaining to mike
20



MEANING SPACE NAVIGATION

> At the word “entered”, the model navigates to a point that

represents the contextualised meaning “mike entered”
21



MEANING SPACE NAVIGATION

» The utterance “mike entered the bar” approximates the

propositional meaning vector for enter(mike,bar)
22



MEANING SPACE NAVIGATION

order(mike,water)
®

J order(mike,salad) ‘
o

‘ ordered
enter(mike,b 3 \
s r
call(mike,bartender) ent%ﬂ?gr(mike restaurant)
I | e
mike

|

| [ | ord’er(mike,fries)
‘ o

[ pay(mike) |
¢ caIl(miTe,Lvaiter)

1

i order(miﬂe,cola) . {

» The meaning vector after processing “mike entered the bar [.] he ordered”
is close to order propositions that are typical given enter (mike,bar)

23



MEANING SPACE NAVIGATION

order(mike,water)
o

J order(mike,salad)
’ |
cola
~gOrdered
enter(mlke b 3
. r
call(mike,bartender) ent%ﬁ?gr(mike restaurant)

T ke ‘ I

‘ L | ord’er(mlke fries)
\ pay(mike)

Y | ol call( mITF Lfvalter
\
I

\ |
1 order(mike;eola) | ‘
o

» When the utterance is continued with “cola”, the model approximates
the conjunctive meaning vector enter (mike,bar) A order(mike,cola)

24



MEANING SPACE NAVIGATION

I
J order(mike,salad)
? |
cola
| ordered
enter(mike,b 3 096
r fries
call(mike,bartender) ent%ﬁ?gr(mike restaurant)
I | )
mike

|

| [l | ord’er(mike,fries)
‘ o

[ pay(mike)

. .
L4 | Ll caIl(mTe,Lvalter)
T ‘
|
i

i order(miﬂe,cola) . {

> By contrast, “fries” results in different transition in meaning space—
approximating the conjunctive meaning enter(mike,bar) a order(mike,fries)—
but is less expected after “mike entered the bar [.] he ordered” -



INFORMATION THEQGRY IN DFS

Probabilistic nature of meaning space allows for defining formal
notion of information (Shannon, 1948)

» Surprisal quantifies the expectancy of words in context
» Higher Surprisal < increased processing cost (Hale, 2001; Levy, 2008)

» In DFS, Surprisal quantifies expectancy of transition in meaning
space, triggered by message mgp:

S(ma) = —log P(b|a)

= Word-by-word information effects of semantic constructions

Venhuizen, Crocker, Brouwer (2019, Discourse Proc; 2019, Entropy) 26



SEMANTIC PROCESSING
IN THE MEANING SPACE




ENTAILMENT AND INFERENCE

Incremental meaning construction in the model is driven by:
» Sentence-semantics mappings (literal utterance meaning)

» Structure of the meaning space (probabilistic inferences)

1.00 Inference: probably

0.75 - referent (ell1)

0.50 +
“d —&— referent(waiter)
8 0.25 - -0 referent(bartender)
wn —l— referent(restaurant)
8 0.00 .\+ — —— referent(bar)
c —@ —A— referent(elli)
&)_0_25_ P —&— referent(nancy)
qG_J —A&— referent(mike)
C —h— referent(will)
-— —0.50

Inference: probably
~0.75 - not referent (bar)
—100 T T T T T T T
someone called the waiter she ordered cola

28
Venhuizen, Hendriks, Crocker, Brouwer (2021, Inf. Comp./ArXiv)



NEGATION AND PRESUPPOSITION

» Negation affects entailments and probabilistic inferences

» Interaction between negation and presupposition (triggered by “the”)

» Presupposition has an eftect beyond the literal meaning

elli entered a restaurant

enter(elli,restaurant)
referent(elli) -
referent(restaurant) -
enter(elli,bar)

enter(will,restaurant)

~1.0 —05 0.0 0.5 1.0
inference score

elli didnt enter a restaurant

enter(elli,restaurant) 1

referent(elli) {

referent(restaurant) 1
enter(elli,bar) 1

enter(will,restaurant) -

~1.0 —05 0.0 0.5 1.0
inference score

Venhuizen, Hendriks, Crocker, Brouwer (2021, Inf. Comp./ArXiv)

elli entered the restaurant

~1.0 —0.5 0.0 0.5 1.0
inference score

elli didnt enter the restaurant

~1.0 —0.5 0.0 0.5 1.0
inference score

29



QUANTIFICATION AND REFERENCE

Quantified expressions induce inferential uncertainty
> Selective expressions (e.g. pronouns) can reduce this uncertainty

» Confirming initial expectations results in reduced Surprisal

someone entered the bar ... ... She ... he

enter(elli,bar)

enter(mike,bar) -

enter(nancy,bar) -

enter(will,bar)

~1.0 -05 0.0 05 1.0 ~1.0 -05 0.0 05 1.0 ~1.0 -05 0.0 05 1.0

inference score inference score inference score
S(she) = 0.92 S(the) = 1.12

Venhuizen, Hendriks, Crocker, Brouwer (2021, Inf. Comp./ArXiv) 30



REFERENTIAL AMBIGUITY

In the training data, the anaphoric antecedent of pronouns is always
disambiguated by the preceding or the following context

» Ambiguous pronouns trigger competing hypotheses about the
utterance-final interpretation

» Disambiguating continuations result in utterance-level entailments

» Surprisal estimates reflect difference between expected and
unexpected continuations

mike called the bartender he ... ... arrived ... paid

call(mike,bartender)

arrive(bartender) A

pay(mike) 1

~10 -05 00 05 1.0 -1.0 -05 00 05 1.0 -1.0 =05 0.0

05 1.0
inference score inference score inference score
S(arrived) = 0.44 S(paid) = 0.66

Venhuizen, Hendriks, Crocker, Brouwer (2021, Inf. Comp./ArXiv) 31



BACK FROM SPACE
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SUMMARY

33



DS VS. DFS: COMPLEMENTARY ASPECTS OF MEANING

» Semantic similarity:

lexical similarity VS.

beer ~ wine

» Data-driven sampling:

bottom-up VS.

individual linguistic co-occurrences

» Cognitive foundation:

semantic memory Vs.

feature-based word meanings

propositional similarity
order (mike,beer) ~ drink (mike,beer)

top-down
high-level description of the world

utterance interpretation

unfolding discourse-level interpretation

Kutas & Federmeier (2000); McRae et al. (2005); van Berkum (2009); Brouwer et al. (2012, 2017)

34



DISCUSSION: COGNITIVE FOUNDATION FOR DFS?

The Retrieval-Integration account of the electrophysiology of
language comprehension

» Word meaning retrieval ~N400

» Integration in utterance meaning~P600

IIFG_output

==\ Utterance meaning:
(300) Y‘

DFS vectors

IIFG (~P600)
(200)

_+ 1
’&/'m e

IpPMTG_output
(100)

7 1)} Word meaning:
DS vectors

IpMTG (~N400)

(80)
i

B e aam

; Word form:
J Localist vectors

Brouwer et al. (2012, Brain Res.; 2017, Cogn. Sci.; 2021, Frontiers Psych.); 35



DISCUSSION: DATA-DRIVEN DFS?

00000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

Meaning space reflects world knowledge about propositional co-
occurrence, rather than linguistic co-occurrence

» DeScript corpus (Wanzare et al., 2016)

» Choose Recipe ' : Buy Ingredients : :Prepare Ingredients :
*— look up R : v — purchase ING " s — Stir to combine '
: — find R ' v — buy ING ' v — mix well :
, — get your R ' - =* " — buy proper ING ' ' — mix ING togetherin B,
""" ¢ 'eeecececccest :—stirlNG '
—_— choose ~add f e e e e e e ma
recipe ingred. "*--sPutcakeinoven '
- ' —place C into O .

s e e ecececeeeee \ " : —~put Cin O '
, Get Ingredients . secctececae . B —bowl,pan = == ==-==9=-=-= .
v — take out box of ING  e*~ . Add Ingredients . O —oven
: from shelf : v — pour ING in B 5 C - cake
, — gather all ING . ' —add ING to B ' ING - cake mix, cake ingredients, flour, sugar, ...
v — get ING ' , —add ING : R - recipe, cake recipe

36



DISTRIBUTIONAL FORMAL SEMANTICS

» The meaning space Sy captures the structure of the world
truth-conditionally and probabilistically

» Meaning vectors are compositional at the propositional level

» Sub-propositional meaning derived by incrementally
navigating Sy (using a Simple Recurrent neural Network)

» Semantic phenomena—negation, presupposition, quantification &
reference—affect incremental entailments and inferences
during meaning space navigation

37



Distributional Formal Semantics

Noortje J. Venhuizen®*, Petra Hendriks®, Matthew W. Crocker®, Harm Brouwer?

“Saarland University, Department of Language Science and Technology, 66123 Saarbriicken, Germany
bUniversity of Groningen, Center for Language and Cognition Groninge . s aleraTes

rlwrap /Users/noortje/git/mesh/mesh model.mesh
[model:train> dssScores train "the waiter didnt bring cola"

Sentence: "the waiter didnt bring cola"
Semantics: "(!bring(waiter,cola) & referent(waiter))"

(-N N | dfs-demos — swipl -f script-exp.pl — swipl — swipl

mike entered the bar
Sample: 99 / 100 mike entered the restaurant
mike entered a bar
%% leave: { < john, restaurant > } mike entered a restaurant
. . mike called the bartender
%99% referent: { waiter, john, table, menu, restaurant } mike called the waiter
%99% event: { leave } mike ordered cola
mike ordered water
mike ordered fries
mike ordered salad
mike paid
%90 enter: { < john, restaurant > } will entered the bar

%9% referent: { waiter, table, menu, john, restaurant } :EH zﬁixg gfa?Stm"am

9%90% open: { < john, menu > } will entered a restaurant
990 event: { enter, open } W?ll called the ba_rtender
will called the waiter
will ordered cola
will ordered water
91111100000100100011101000011001001010011110010101010016000110116001111111160111116010100010" will ordered fries
10000011111011011100010111100110110101100001101010101101111001001110000000011000001101011101(*.1! gggmdsahd
00110000010100001101000100100010010000000001010011111010101101011001111601010010001010111010" o111 entered the bar
11011010111010101000110110111116110001111011111111000011100010100001101000100111010101001000" Ll entered the restaurant
11011010111010101000110110111110110091111011111111000011100010100001101000100111010101001000: °11! entered abar
110110101110101010001101101111101100011110111111110000111000101000011010001001110108101001000" o111 called the bartender
00001110010100010010011100000001001100000111111001010000110101100010111010111010000101110101( elli called the waiter
11011010111010101000110110111110110001111011111111100011100010101001101000100111010101801000: 111 Ordered cola
11110001101011101101100011111110110011111000000110101111001010011101000101000101111010001010" o111 ordered frics
00100101000101010111001001000001001110000100000000111100011101011110010111011010101010110111( elli ordered salad
00100101000101010111001001060001001110000100000000111106011101011110010111011600101010110111( €L1t patd
00100101000101010111001001060001001110000100000000111100011101011110010111611000101010118111( 120<) ShioTed (e Pal
00000000010000001000000000100000010000000001000010000000101000000000000000010000001000011000" nancy entered a bar
00100101000101010111001001000001001110000100000000111100011101011110010111011000101010110111( nancy entered a restaurant
00001000000000000000000000000000000000000010010001000000000000100000101000100010000000000000( /- <2\ 1%) (1o P2l 1eM%e
00000100000100000010001000000001001000000100000000010000000100000000010010000000000000100000( nancy ordered cola
91010000000000100000100000011000000000011000000100000010000010000001000000000101010000000000: nancy ordered water
0010000000000000000100000000000000001 0000000 10000000101000000100010000010( 7Y ordered fries
01001000 101000000000000000000011010000000001 00000000 101000000/ nancy patid
00000000000000010000000000000000000100000000000000000000010001000010000000011000000000010101( the bartender arrived
10000000101010001000000010100110110001100000000010000001000000000000000000000000000000001000( |° P2 ren(er Provdnt €02
00000001000001000100000001000000000000000000000000101100001000001100000000000000001000000000( (he hartender brought fries
00000000000000000000000100000000000000000000010001000 00000101000000000000000000000010¢
0000000000010000000000000000000000000000000000000001000000010100000001000000001000000010000000000001 open(john,menu)
00000000010000 0000000000 100000000000010000000000000000001000000000001000000000000 open(john,umbrella)
0001000000000000000000000000001000 0000000010001 100100000 0000000000 open(mary,mail)
00100000000000000101000000000000000000000000000000001000000000010000000001 1000001 open(mary,menu)

0000000000000000100000000010000001 0001000 1 00000000 100000100010001000 open(mary,umbrella)

Sample: 100 / 100

Ms = [([e1, e2, e3, e4, e5, e6, e7|...], [mary=el, john=e2, restaurant=e3, apartment=e4, menu=e5, mail=eé, ... = ...|...]), ([el, e2, e3, e4, e5, e6|...], [mary=el,
john=e2, restaurant=e3, apartment=e4, menu=e5, ... = ...|...]), ([el, e2, e3, e4, e5|...], [mary=el, john=e2, restaurant=e3, apartment=e4, ... = ] .1), ([e1,
e2, e3, e4|...], [mary=el, john=e2, restaurant=e3, ... = ...|...]), ([e1, e2, e3|...], [mary=el, john=e2, ... = ...|...]1), ([e1, e2|...], [mary= el, R [ )

o U ooetly oo = coolocollly  (localloostls Booollosolly  Uooon sooll]oos]
= [[(event(enter), @), (event(leave), 1), (event(open), @), (referent(apartment), 1), (referent(bed), 1), (referent(couch), 1), (referent(...), @), (..., 3%
«.)|...], [(event(enter), 1), (event(leave), @), (event(open), @), (referent(apartment), 1), (referent(bed), 1), (referent(...), 1), eeey sae)|...], [(event
nter), 1), (event(leave), @), (event(open), 1), (referent(apartment), @), (referent(...), @), (..., ...)|...], [(event(enter), 1)
pen), 1), (referent(...), 1), (..., ...)|...], [(event(enter), 1), (event(leave), @), (event(...), @), (..., ...)|...], [(event(e
)|...1, [(event(...), @), (.. sooll ooty Bllooon coolll|occls Booollocall]oaal

capture the co-occurrences between word§ [4,. ) ,'6, 7]. The main advantage of such approac h-l--l-p S //gi-l-hub.com / hbrouwe r/dfs_-l-ool S

representations inherently encode semantic similarity and relatedness between lexical ite
derived empirically from language data. It has, however, proven extremely difficult to incorporate the traditional
semantic notions of entailment and compositionality within such a distributional semantic framework [9].




