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The Greatest Semanticist of them all ...

> Our language comprehension system is highly effective and accurate at
attributing meaning to unfolding linguistic signal (~word-by-word)

>> This system’s representations and computational principles are
implemented in the neural hardware of the brain

>>> \We should understand meaning construction and representation in
terms of “brain-style computation”

Venhuizen & Brouwer - Semantic Theory 2022



A shopping list

Neural Plausibility: assumed representations and computational principles
should be implementable at the neural level

Expressivity: representations should capture necessary dimensions of
meaning, such as negation, quantification, and modality

Compositionality: the meaning of complex expressions should be
derivable from the meaning of its parts

Gradedness: meaning representations are probabilistic, rather than
discrete in nature

Inferential: The derivation of utterance meaning entails (direct) inferences
that go beyond literal propositional content

Incrementality: As natural language unfolds over time, representations
should allow for incremental construction

Venhuizen & Brouwer - Semantic Theory 2022 Brouwer, Crocker & Venhuizen (2017)
In: From Semantics to Dialectometry



Distributional Semantics

“How much do we know at any time? Much more, or so | believe, than
we know we know!”
— Agatha Christie, The Moving Finger (1942)

“You shall know a word by the company it keeps”
— J. R. Firth (1957)

Psychok)fical Review Copyright 1997 by the American Psychological Association, Inc.
1997, Vol. 104, No. 2, 211240 0033-295X/97/$3.00

A Solution to Plato’s Problem: The Latent Semantic Analysis Theory
of Acquisition, Induction, and Representation of Knowledge

Thomas K Landauer Susan T. Dumais
University of Colorado at Boulder Bellcore

Venhuizen & Brouwer - Semantic Theory 2022



Distributional Semantics (cont'd)

How much wood would a woodchuck chuck ,
1f a woodchuck could chuck wood ?

As much wood as a woodchuck would ,

1f a woodchuck could chuck wood .

=
< T = = S =
=] = g S g g 5
x g S S = = g = = = . : a
a 0 5 9 6 1 10 4 8 18 9 10 0 0
as 5 4 2 1 0 0 7 10 3 2 1 0 5
chuck 9 2 0 8 0 5 1 9 11 2 4 3 3
could 6 1 8 0 0 4 0 6 8 0 2 2 2
how 1 0 0 0 0 0 4 3 0 2 0 0 0
if 10 0 5 4 0 0 0 0 10 3 8 0 0
much 4 7 1 0 4 0 0 10 2 3 0 0 3
wood 8 0 9 6 3 0 10 2 8 5 0 4 6
woodch. 18 3 11 8 0 10 2 8 0 8§ 10 1 1
would 9 2 2 0 2 3 3 5 8 0 5 0 0
, 10 1 4 2 0 8 0 0 10 5 0 0 0
.0 0 3 2 0 0 0 4 1 0 0 0 0
2 0 5 3 2 0 0 3 6 1 0 0 0 0
(4-word ramped window: 123 4[0]4 32 1)

Venhuizen & Brouwer - Semantic Theory 2022

Rohde et al. (under revision)
Cogn. Sci.



Distributional Semantics (cont'd)

ZAB

IIAI|||BI| n
Z > B}
1= 1=1

Ranging from dissimilar (O) to similar (1) — e.g., similarity(wood, woodchuck) = .6

similarity = cos(6) =

> Neurally plausible and Graded |exical representations

> But what about Compositionality, Expressivity and Inference”

Queen = King - Man”? X is not a queen = 7?77

XisqueenkE Xisnotaman  Some queens are rich = 777

— Distributional Semantics lacks the logical capacity of Formal Semantics
(but is still highly suitable for modelling lexical semantic memory!)

Venhuizen & Brouwer - Semantic Theory 2022
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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)

Venhuizen & Brouwer - Semantic Theory 2022



A FRAMEWORK FOR DISTRIBUTIONAL FORMAL SEMANTICS

A meaning space for Distributional Formal Semantics

X

‘ Formal properties of the meaning space

&

Venhuizen & Brouwer - Semantic Theory 2022



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 & Brouwer - Semantic Theory 2021 Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2022, Inf. Comp)



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 & Brouwer - Semantic Theory 2022 Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2022, Inf. Comp)



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 & Brouwer - Semantic Theory 2022 Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2022, Inf. Comp)



THE DISTRIBUTIONAL HYPQTHESIS REVISITED

You shall know a word
by the company it keeps

_J. R. Firth (1957)



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 ff Mi¥p
vibnq) =1 iff Miepand Mik=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\en]
viAxp) =1 iff Miegp[x\ei] v...v @[x\en]

Venhuizen & Brouwer - Semantic Theory 2022 Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2022, Inf. Comp)



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 & Brouwer - Semantic Theory 2022 Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2022, Inf. Comp)



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)
[P(a|b) -P(a)] / P(a) otherwise

inference(a,b) =

» 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

Venhuizen & Brouwer - Semantic Theory 2022 Frank et al. (2009,Cognition)



CONTINUOUS NATURE OF THE MEANING SPACE

¢ ¢ R R e o,
Mil1]1]/0]0
M\ 1]0]0]|1]...,
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

Venhuizen & Brouwer - Semantic Theory 2022 20



SAMPLI

propositi
(Light Wo

> apropo

> pis
:- module(dfs_sampling,

[
* (900,fx, @+),
> Clddl op(900,fx, @*),
op(900,fx, @#),
op(900,xfx,<-),

> a prOpO dfs_sample_models/2,

dfs_sample_model/1,

dfs_sample_models_mt/3
] 1))
> pisd

use_module(library(debug)).

(
use_module(library(lists)).

(

(

use_module(library(ordsets)).
use_module(library(random)). Cl?’l% L‘L ()7’[(1

use_module(dfs_1interpretation).
. use_module(dfs_1io).

) lfp Can use_module(dfs_logic). d tO the

public
(e+)/1,
N[IGLYN +0 ~0 -0 P master dfs_sampling.pl prolog utf-8[unix] 0% = 1/558 In :

[0] 1:nvim* 2:zsh- 3:zsh 4:zsh "Harms-MacBook-Pro.loc" 09:02 30-Jun-20

Venhuizen & Brouwer - Semantic Theory 2022 Venhuizen, Hendriks, Crocker, Brouwer (2019, WoLLIC; 2022, Inf. Comp)




SAMPLING A MEANING SPACE: EXAMPLE

Truth constraint: LW & All boys dustin,lucas, mike} Tide a bicycle

? Mike rides a bicycle

Dustin rides a bicycle

Mike rides a bicycle

Mike rides a bicycle

Falsehood constraint: DW k= There is a boy that rides a bicycle

22



SAMPLING A MEANING SPACE: EXAMPLE

00000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

Truth constraint: LW & All boys dustin,lucas, mike} Tide a bicycle

V' Mike rides a bicycle

Dustin rides a bicycle

Mike rides a bicycle

Falsehood constraint: DW = There is a boy that rides a bicycle



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)

]

n ]

. - 0.75
]

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

- 0.50

- 0.25

- 0.00

propositio
9402S 9DuUdJdjU|

- —0.25

- —0.50

-0.75

—-1.00

20K e\ XZ O O XL 0Y @A X NP 0 N 2@ L @&
2 AT RN, QAN 2P PN N DN ) AN ORN
L EARERL LD X O K Qhe LA LY@ (2@ (4@
BN A N S IR N AR
SR O AR YRR @ NI IONRHONC2
QT ER 0 0 EE S AN e AN
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<22 O (\Q\Q (\Q ASAY) ¢ &
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Venhuizen & Brouwer - .
proposition a



Information and Computation 287 (2022) 104763

(« N N J dfs-demos — swipl -f script-exp.pl — swipl — swipl -f script-exp.pl — 165x55

Sample: 99 / 100

%90% leave: { < john, restaurant > }
9%99% referent: { waiter, john, table, menu, restaurant }
%0% event: { leave }

Sample: 100 / 100

Distl‘ibutiOl‘lal fOl‘l‘l‘la 9%99% enter: { < john, restaurant > }

9%90% referent: { waiter, table, menu, john, restaurant }
Noortje _] Venhuizena’*, » ¥%9% open: { < john, menu > }
Harm Brouwer 2 %99 event: { enter, open }

2 Saarland University, Department of Languag

b University of Groningen, Center for Languag 0111110000010010001110100001100100101001111001010101001000011011000111111110011111001010001011100001 event(enter)

1000001111101101116001011116011611010110000110101010110111100100111000000001100000110101110100011110 event(leave)

0011000001010000110100010010001001000000000101001111101010110101100111100101001000101011101011001001 event(open)

1101101011101010100011011011111611600111101111111100001110001010000110100010011101010100100011111100 referent(apartment)

1101101011101010100011011011111611600111161111111100001110001010000110100010011101010100100011111100 referent(bed)

1101101011101010100011011011111611000111101111111100001110001010000110100010011101010100100011111100 referent(couch)

0000111001010001001001110000000100110000011111100101000011010110001011101011101000010111010101000011 referent(john)

1101101011101010100011011011111011000111101111111110001110001010100110100010011101010100100011111100 referent(mail)

Keywords: 1111000110101110110110001111111611001111100000011010111100101001110100010100010111101000101010111100 referent(mary)

Formal semantics 0010010100010101011100100100000100111000010000000011110001110161111001011161101010101011011100000011 referent(menu)

Distributional semantics 0010010100010101011100100100000100111000010000000011110001110101111001011101100010101011011100000011 referent(restaurant)

Compositionality 0010010100010101011100100100000100111000010000000011110001110101111001011101100010101011011100000011 referent(table)

Probability 000000000100 00R0100000RR001000000100000000010000100000001010000000000R000R01000000100001100010001000 referent(umbrella)

igi:ﬁigmnw 0010010100010101011100100100000100111000010000000011110001110101111001011161100010101011011100000011 referent(waiter)
000010000000000000000RRRRRRRRRPN0000RRRRRR1001000100000000000010000010100010001000000000000001000000 enter(john,apartment)
0000010000010000001000100000000100100000010000000001000000010000000001001000000000000010000000000001 enter(john, restaurant)
0101000000000010000010000001100000000001100000010000001000001000000100000000010101000000000010100000 enter(mary,apartment)
001000000000000000R10000000R00NERR00R1000R00CRR00RR00RR00LR000R010000000R10100000010001000001000000000 enter(mary, restaurant)
000000100100000000000101000000R00000000RRRR1101000000RRR1000000PRRRR000000ORRRRRR0010100000000000000 leave(john,apartment)
000000RR00P00PR1000000000NRRRRRRR001000000000000000RRRRRA1000100001000000001100000000001010100000010 leave(john,restaurant)
10000000101010001000000010100110110001100000000010000001000000000000000000000000RRRRL00010000RR11100 leave(mary,apartment)
000000010000 0100010000000100000R000RR00RR00ER000R0R1011000010000011000000000000RR00100000000R000RR000 leave(mary, restaurant)
000000000000 0NPRRRRR000100000RRR000000PRRRRR0100010000000000000PRRRR1010000000RR00000000RRRRR1000000 open(john,mail)
0000RRRRR0010000RRRR000000ORRRRRR00000PRRRRRE00000R1000000010100000R010000000R1000000010000RR0000001L open(john,menu)
000000RR010000PPRRRR00000PRRRRRR00000NRRRRR100000PPRRRRR1000000RRRRRR0000001000000000001000000000000 open(john,umbrella)

1. Introduction 00010000000000PRRRRRLL000NRRRR10000000PRRRRRR000001000100000000010010000000ORRRRRL00000ORRRRRR000000 open(mary,mail)
001000000000000001010000000R00PR00OORROORR00RRL0OERR0A10000R00RR0100000RR0010000R000R01000001000000000 open(mary, menu)

e R oo ] G0 0000000000000000100000000010000001000000000000001000000000100000000000000000000000100000100010001000 open (mary,umbrella)

of their logical interpretation wi . .

predicate logic [1] to event-based Ms. = [([el, e2, e3, e4, e5, eb6, e7|...], [mary=el, john=e2, restaurant=e3, apartment=e4, menu=e5, mall=¢?6, vee = weuleea]), ([el, e2, e3, e4, e5, eb6|...], [mary=el,

the notions of entailment andil john=e2, restaurant=e3, apz?rtment=elo, menu=e5, ... = ...|...]), ([el, e2, e3, e4, e5|...], [mary=.e1, john=e2, restaurant=e3, apartment=e4, ... = ...|...]), ([e1,

how they can be combined to f¢ e2, (?Silelol ] .g, [mary=eT, ;|¢])r)\n=e%E res‘|>tau§anf=e3i e i)= - ( ol Pararand g ¥ ([ef:l|., e2, e3|...], [mary=el, john=e2, ... = ...|...]1), ([e1, e2|...], [mary=el, ... avarall ravarasd )

. . N . Tl |eoalls Booe & acal|loaatli aoollacalls Lacol|analll) seon aool ool

serljlant'lcs, Wt'UCh has recently gai |V P , 8), (event(leave), 1), (event(open), @), (referent(apartment), 1), (referent(bed), 1), (referent(couch), 1), (referent(...), @), (..., .

lexical items in a usage-based maj |...], [(event(enter), 1), (event(leave), @), (event(open), @), (referent(apartment), 1), (referent(bed), 1), (referent(...), 1), (..., ...)|...], [(event(e

ARGIROELEWEWE N BN nter), 1), (event(leave), @), (event(open), 1), (referent(apartment), @), (referent(...), @), (..., ...)|...], [(event(enter), 1), (event(leave), @), (event(o

EVBEEUSOEEWEOBOAEIN| pen), 1), (referent(...), 1), (..., ...)|...], [(event(enter), 1), (event(leave), 8), (event(...), @), (..., ...)|...], [(event(enter), 1), (event(...), @), (

IS WS GEn VARl <.y --.)|...], [(event(...), @), (..., ...)|...], [C..., ...)]...], [...]...]]...].

distributional semantic framewor!

Indeed, while formal semanticliim [
on the level of words, there has been
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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,...]
output (150 unlts) understood
[ meaning r epresents ation \ meaning at t
E hidden (120 unlts)
' ' internal fepres tation at t ‘:)
COntext l' --------- ' """" l -------- : T p ' d
‘ : context (120 Un'ts) : input (30 un|ts) erceive
established 1 (internal representation att-1) | [ localist word representation ] word at t
AL -] Vo o o 1
< [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”

Venhuizen & Brouwer - Semantic Theory 2022 — to be continued — 26






Comprehension sSCores

comprehension(a,b)

1.0
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0.0
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comprehension(a,b)
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The higher B(a) the more difficult it is to increase certainty in a, and the lower B(a)

04

B(alb)

0.6

0.8

1.0

0

the more difficult it is to increase uncertainty in a



