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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”



A shopping list
Neural Plausibility: assumed representations and computational principles 
should be implementable at the neural level [cf. Rumelhart, 1989]

Expressivity: representations should capture necessary dimensions of 
meaning, such as negation, quantification, and modality [cf. Frege, 1892]

Compositionality: the meaning of complex expressions should be 
derivable from the meaning of its parts [cf. Partee, 1984]

Gradedness: meaning representations are probabilistic, rather than 
discrete in nature [cf. Spivey, 2008]

Inferential: The derivation of utterance meaning entails (direct) inferences 
that go beyond literal propositional content [cf. Johnson-Laird, 1983]

Incrementality: As natural language unfolds over time, representations 
should allow for incremental construction [cf. Tanenhaus et al., 1995]

Brouwer, Crocker & Venhuizen (2017) 
In: From Semantics to Dialectometry



Distributional Semantics

“How much do we know at any time? Much more, or so I 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)



Distributional Semantics (cont’d)

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

(4-word ramped window: 1 2 3 4 [0] 4 3 2 1)



Distributional Semantics (cont’d)

Ranging from dissimilar (0) to similar (1) — e.g., similarity(wood, woodchuck) = .6

> Neurally plausible and Graded lexical representations

> But what about Compositionality, Expressivity and Inference? 

Queen = King - Man? X is not a queen = ???

X is queen ⊨ X is not a man Some queens are rich = ???

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



A FRAMEWORK FOR 
DISTRIBUTIONAL 

FORMAL SEMANTICS
Noortje Venhuizen 

Petra Hendriks 
Matthew Crocker 

Harm Brouwer



?

8

Distributional Semantics 

➤ Semantic similarity 

➤ Empirically driven 

➤ Cognitively inspired 

Model-theoretic Semantics 

➤ Truth-conditional meaning 

➤ Logical entailment 

➤ Compositionality

NATURAL LANGUAGE SEMANTICS

E.g., Baroni et 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 

Sampling a meaning space 

Formal properties of the meaning space 

Incremental meaning constructionor
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M1 = ⟨U1,V1⟩

10

M2 = ⟨U2,V2⟩

M3 = ⟨U3,V3⟩

FROM MODELS TO MEANING SPACE

➤ Together, the set of models M and the set of propositions P 
define the meaning space SM×P

➤ Propositional meaning defined by co-occurrence across models

Mn = ⟨Un,Vn⟩

…

p1 ∧¬p2 ∧ p3 ∧ …

p1 ∧ p2 ∧ ¬p3 ∧ …

¬p1 ∧ p2 ∧ …

p1 ∧ p2 ∧ …



“You shall know a word  
by the company it keeps

- J. R. Firth (1957)

THE DISTRIBUTIONAL HYPOTHESIS REVISITED



“You shall know a word  
by the company it keeps

- J. R. Firth (1957)

proposition

THE DISTRIBUTIONAL HYPOTHESIS REVISITED



CAPTURING THE STRUCTURE OF THE WORLD

➤ Top-down world knowledge restricts propositional co-occurrence 

➤ Two types of world knowledge constraints reflected in SM×P: 

➤ Individual models reflect hard world knowledge constraints 

➤ Set of models M reflects probabilistic structure of the world

“Will rides a bike”

13

Will is (likely) outside 

Will is not asleep 

If its dark, his light is on 

The bike has wheels 

etc.



Incremental, inference-based probabilistic sampling: Given a set of 
propositions P and a set of constraints C, incrementally construct a model 
(Light World) while keeping track of negative inferences (Dark World)

➤ a proposition p ∊ P is inferred to be false iff p can only be true in the Dark World 

➤ p is consistent with respect to the Dark World 

➤ adding p to Light World violates a truth constraint (c ∊ C) on Light World 

➤ a proposition p ∊ P is inferred to be true iff p can only be true in the Light World 

➤ p is consistent with respect to the Light World 

➤ adding p to Dark World satisfies a falsehood constraint (c̅, s.t. c ∊ C) on Dark World 

➤ if p cannot be inferred, probabilistic constraints determine whether p is added to the 
Light World (with Pr(p)) or to the Dark World (with 1−Pr(p))

SAMPLING A MEANING SPACE

14



SAMPLING A MEANING SPACE: EXAMPLE

Dustin rides a bicycle

15

Mike rides a bicycle

Mike rides a bicycle

? Mike rides a bicycle

Truth constraint: LW ⊨ All boys{dustin,lucas,mike} ride a bicycle

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



SAMPLING A MEANING SPACE: EXAMPLE

9

Dustin rides a bicycle
Mike rides a bicycle

✓ Mike rides a bicycle

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

Truth constraint: LW ⊨ All boys{dustin,lucas,mike} ride a bicycle



Based on a set of propositions P, we sample a set of k models M 
which together define the meaning space SM×P

DFS MEANING SPACE

1 1 0 0 …
1 0 0 1 …
0 1 0 1 …
1 1 1 1 …
0 1 0 0 …
… … … … …

p1 p2 p3

M1

M2

M3

M4

17

⟦pj⟧M  :=  v(pj) 
where vi(pj)= 1 iff Mi ⊨ p

➤ Co-occurrence defines meaning: Propositions with related 
meanings will be true in many of the same models

p4

{
<latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit><latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit><latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit><latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit>

{
<latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit><latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit><latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit><latexit sha1_base64="ku/XHizkyWq2Fmo7Lf9mhIqXXlc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx6rGFtoQ9lsJ+3SzSbsboQS+g+8eFDx6k/y5r9x2+agrQ8GHu/NMDMvTAXXxnW/ndLK6tr6RnmzsrW9s7tX3T941EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfqtJ1SaJ/LBjFMMYjqQPOKMGivdd/NetebW3RnIMvEKUoMCzV71q9tPWBajNExQrTuem5ogp8pwJnBS6WYaU8pGdIAdSyWNUQf57NIJObFKn0SJsiUNmam/J3Iaaz2OQ9sZUzPUi95U/M/rZCa6DHIu08ygZPNFUSaIScj0bdLnCpkRY0soU9zeStiQKsqMDadiQ/AWX14m/ln9qu7dndca10UaZTiCYzgFDy6gAbfQBB8YRPAMr/DmjJwX5935mLeWnGLmEP7A+fwBCYqNOQ==</latexit>
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FORMAL PROPERTIES OF SM×P — COMPOSITIONALITY
Meaning vectors can represent compositional meaning 

➤ Standard logical operators interpreted as in model-theory 

vi(¬p)  = 1  iff  Mi ⊭ p 

vi(p ∧ q)  = 1   iff  Mi ⊨ p and Mi ⊨ q 

etc. 

➤ Quantification is defined relative to the combined universe of M: 
UM={e1…em} (thereby preserving entailment in M) 

vi(∀xφ)  = 1  iff  Mi ⊨ φ[x\e1] ∧ . . . ∧ φ[x\em] 

vi(∃xφ)  = 1  iff  Mi ⊨ φ[x\e1] ∨ . . . ∨ φ[x\em]
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Meaning vectors inherently encode (co-)occurrence probabilities 

➤ Prior probability of proposition p 

P(p) = |{Mi ∊ M | Mi ⊨ p}|/|M| 

➤ Given the compositional nature of SM×P, 
the (prior) probability of any formula 𝜑 
can be defined, e.g.: 

P(p ∧ q) = |{Mi ∊ M | Mi ⊨ p & Mi ⊨ q}|/|M| 

➤ Conditional probability of formula 𝜓 given 𝜑 

P(𝜓|𝜑) = P(𝜑 ∧ 𝜓) / P(𝜑) 
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FORMAL PROPERTIES OF SM×P — PROBABILITY
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Probabilistic logical inference of formula 𝜓 given 𝜑

[P(𝜓 | 𝜑) - P(𝜓)] / [1 - P(𝜓)]  if  P(𝜓 | 𝜑) > P(𝜓) 

[P(𝜓| 𝜑) - P(𝜓)] / P(𝜓)      otherwise
{inf(𝜓,𝜑) =

inf(𝜓,𝜑) = 1 ⇔ 𝜑 ⊨ 𝜓

Frank et al. (2003) 
Cognitive Sci.
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FORMAL PROPERTIES OF SM×P — INFERENCE

inf(𝜓,𝜑) = −1 ⇔ 𝜑 ⊨ ¬𝜓

➤ P(𝜓 | 𝜑) > P(𝜓): Positive inference (𝜑 increases probability of 𝜓) 

➤ P(𝜓 | 𝜑) ≤ P(𝜓): Negative inference (𝜑 decreases probability of 𝜓)



WORLD KNOWLEDGE INFERENCING IN SM×P
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SUB-PROPOSITIONAL MEANING IN SM×P

p2 p1

p4p3

➤ Continuous nature of SM×P allows for defining sub-
propositional meaning 

➤ Sub-propositional meaning derives from incremental mapping 
from (sequences of) words to propositions 

➤ More on this next lecture!



?
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Distributional Formal 
Semantics  

➤ Compositionality 

➤ Probabilistic inference 

➤ Incremental meaning 
construction

Distributional Semantics 

➤ Semantic similarity 

➤ Empirically driven  

➤ Cognitively inspired



DISTRIBUTIONAL VS. DISTRIBUTIONAL FORMAL SEMANTICS
➤ Semantic similarity: lexical vs. propositional 

➤ Data-driven sampling: bottom-up vs. top-down 

➤ Neurocognition: lexical retrieval vs. semantic integration

order(john,beer) ~ drink(john,beer)beer ~ wine

high-level description of the world individual linguistic co-occurrences

unfolding utterance interpretationfeature-based word meanings



DISTRIBUTIONAL FORMAL SEMANTICS

➤ Meaning space SM×P  captures the structure of the world 
truth-conditionally and probabilistically 

➤ Meaning vectors are compositional at the propositional level 

➤ Sub-propositional meaning constructed by incrementally 
navigating SM×P (e.g., using an SRN)

➤ Meaning space navigation reflects direct pragmatic inference

DFS-TOOLS 
https://github.com/hbrouwer/dfs-tools 

ask for a demo!


