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Genus-differentia definitions

Genus-differentia definitions consist of:
1. a genus – a broader category of which the definendum is a

species
2. some differentia – features of the definendum that

differentiate it from other species of the same genus
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Raven (contrived example)

(1) a. A: You know what a corvid is, right?
b. B: Yeah, sure. We have jays and crows in the garden

sometimes.
c. A: A raven is a large black corvid.
d. B: Oh, okay.

raven = corvid + large + black
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Docksider (Brennan and Clark, 1996)

(2) a. A: A docksider.
b. B: A what?
c. A: Um.
d. B: Is that a kind of dog?
e. A: No, it’s a kind of um leather shoe, kinda

preppy pennyloafer.
f. B: Okay, got it.

docksider = leather shoe + preppy pennyloafer
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Docksider (Brennan and Clark, 1996)

(3) a. A: A docksider.
b. B: A what?
c. A: Um.
d. B: Is that a kind of dog?
e. A: No, it’s a kind of um leather shoe, kinda preppy

pennyloafer.
f. B: Okay, got it.

docksider = pennyloafer + leather + preppy
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Gloves (Clark, 2007; Fernández et al., 2011)

(4) a. Naomi: mittens.
b. Father: gloves.
c. Naomi: gloves.
d. Father: when they have fingers in them they are

called gloves and when they are all put together they
are called mittens.

gloves = gloves ∨ mittens + separate fingers
mittens = gloves ∨ mittens + fingers all put together
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Aspects of G-S definitions

(1-c) raven is a large black corvid.

1. observational information – one or more features that help
to differentiate the definiendum from other species of the same
genus

2. taxonomical information – the definiendum is a species of
the genus
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Aspects of Lexical Competence (Marconi, 1997)
1. referential competence – an ability to map words to the

individuals or events in the world they refer to
2. inferential competence – an ability to draw inferences based

on the use of a word in context
Neither aspects is reducible to the other.

a raven!
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individuals or events in the world they refer to
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on the use of a word in context
Neither aspects is reducible to the other.

I saw 
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Desiderata

What is the shared meaning that results from grounding (1-c)?
D1 Raven is species of the genus corvid.
D2 Given that something is a corvid, being large and black

(relative to other corvids) is positive evidence for being a raven.
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Summary / Motivations

I Explicit semantic coordination is one way for speakers to align
on the meaning of words.

I The meaning of an utterance (e.g, a G-S definition) is its
effect on the common ground, if it is grounded.

I Modeling genus-differentia definitions requires that we account
for both taxonomical and observational lexical information.

Approach: Use probabilistic type theory with records for hybrid
lexical semantics, then define a type new type, Raven, from the
definition and the existing type system.
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Classification systems

A classification system encodes
1. taxonomical relations between categories in some domain

and
2. observational information that differentiates between

categories
with respect to a particular community of practice (Gumperz, 1972)
in which the taxonomy is taken as semantic common ground
(Clark, 1996).
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Taxonomies give rise to distinctions
A genus-species relation entails a distinction among the species of a
particular genus:

carnivore

animal

herbivore omnivore vertebrate invertebrate

mammal
reptile

bird insect
mollusk
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Taxonomies (set-theoretic characterization)

A taxonomy takes the form:

Tax := 〈Taxon, Set(Set(Tax))〉,

And a distinction is a pair:

Dist : 〈Taxon, Set(Taxon)〉.

We’ll need a function from a taxonomy to its distinctions:

dists : Tax→ Set(Dist)
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Classification and perceptual meaning

Part of what it means to understand a (perceptual) word is to
have an ability to identify instances of it based on perceptual input.
I.e., to classify (Larsson, 2013; Schlangen et al., 2016).
I We will use classifiers as witness conditions for types.
I In particular, we want to use multiclass classifiers that

differentiate the species of a given genus.

κ : PerceptualData → Cat(A)
Cat(A) : A→ {0, 1}
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Probabilistic type judgments
For an individual a, type T , and possibility M,

p(a :M T ) = r

means that a is of type T with probability r ∈ [0, 1] in M.

I For T ∈ BType, p(a :M T ) is given by M and the witness
conditions for T .

I In a given possibility, witness conditions provide a function
from individuals to probabilities.

I Structured types have witness conditions that are a function of
judgments on its component types.

p(a : T1 ∧ T2) = p(a : T1) · p(a : T2 | a : T1)
= p(a : T2 ∧ T1)
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Conditional probabilities

The probability (in general) that something is of type T1 given that
it is of type T2

p(T1‖MT2)

The probability that a particular entity a is of type T1 given that it
is of type T2:

p(a :M T1 | a :M T2)
The probability that something exists of type T1, given that
something exists of type T2:

p(T1 |M T2)
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Hard and soft type relations: Subtype (hard)

T1 is a subtype of T2 if the probability that something is of type T1
is at least as high as the probability that something is of type T2:

T1 v T2 iff p(a :M T1) ≤ p(a :M T2),

for all entities a and possibilities M.
I subtype relations can be implicit in the structure of the types:

T1 ∧ T2 v T1
I subtype relations can also hold between basic types (due to

their witness conditions)
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Hard and soft type relations: Evidential (soft)

T2 is evidence for T1 in the context of some type T ∗ if learning
that something is of type T2 increases the probability that it is of
type T1:

T1 ≺T ∗ T2 iff p(T1‖MT ∗) < p(T1‖MT2,T ∗)

for all possibilities M.
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Desiderata (revisited)
D1a – Raven is subtype of corvid.

∑
T∈Species(Corvid)∪{Raven}

p(T‖Corvid) = 1

D1b – Raven is mutually exclusive with other species of corvid (for
some distinction on corvid)

Raven v Corvid

D2 – Given that something is a corvid, being large and black
(relative to other corvids) is positive evidence for being a raven.

Raven ≺Corvid Large(Corvid) ∧ Black
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Classification systems: Type system embedding
Let...
I T = 〈t∗,D∗〉 be a taxonomy
I {Cd}d∈dist(T) be a set of multiclass classifiers (distinction

classifiers)

Define basic types:
I Tt∗ such that for any object a, p(a : Tt∗) = 1
I For each distinction d = 〈g , {s1, ..., sn}〉 ∈ dists(T) define

As1...Asn with the following witness condition:
p(a : Asi ) = Cd(a)(si)

We define Tsi as a logical type as follows:

p(a : Tsi ) = p(a : Asi ) · p(a : Tg)

20 / 36



Classification systems: Type system embedding
Let...
I T = 〈t∗,D∗〉 be a taxonomy
I {Cd}d∈dist(T) be a set of multiclass classifiers (distinction

classifiers)

Define basic types:
I Tt∗ such that for any object a, p(a : Tt∗) = 1
I For each distinction d = 〈g , {s1, ..., sn}〉 ∈ dists(T) define

As1...Asn with the following witness condition:
p(a : Asi ) = Cd(a)(si)

We define Tsi as a logical type as follows:

p(a : Tsi ) = p(a : Asi ) · p(a : Tg)
20 / 36



Feature classifiers

On top of a classification system we may have feature classifiers.
E.g.,

κBlack : t∗ → {0, 1}
Following Fernandez and Larsson (2014), we define dependent
feature types with classifiers that are relativized by a type in the
taxonomy:

κLarge : Type → t∗ → {0, 1}
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Constructive approach

We may naively attempt to directly construct a new type Raven out
of the common ground types already available:

Raven = Corvid ∧ (Large(Corvid) ∧ Black)

To maintain D1a, we can replace each existing species type S as:

S ′ = S ∧ ¬Raven
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Success?

D1b is achieved by the definition of meet:

p(a :M Raven)
=p(a :M Corvid) · p(a :M Large(Corvid) ∧ Black | Corvid)
≤p(a :M Corvid)

D2 holds since it follows from the definition of Raven that,
p(Raven‖Large(Corvid) ∧ Black ,Corvid) = 1 and, assuming there
are at least some non-large, non-black corvids,
p(Raven‖Corvid) < 1.
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A white raven?

I Raven v Large(Corvid) and Raven v Black also obtain for the
same reason we get D1a.

I The definition should not be interpreted as asserting a
symbolic relation between Raven and Black or Large(Corvid).

I Consider again the possibility of an albino raven.

D3 – Put another way, it should be possible to construct a
hypothetical possibility M and entity a such that:

p(a :M Raven) > p(a :M Large(Corvid) ∧ Black)
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Underspecified approach
I Cooper (forthc) treats types as things apart from their witness

conditions
I Agents can reason about relations between types independent

of their model-theoretic interpretation

Anything (in any possibility) that is a raven is also a corvid.

Raven v Corvid

Anything that is a raven is, with probability 1− ε, large (for a
corvid) and black.

p(Large(Corvid) ∧ Black‖Raven) = 1− ε
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Underspecified approach: Evidential relation

It remains to be shown that D2 holds. Let
D = Large(Corvid) ∧ Black and S = siblings(Raven).

p(Raven‖D,Corvid) =p(Raven‖Corvid) · p(D‖Raven,Corvid)∑
T∈S p(T‖Corvid) · p(D‖T ,Corvid)

=p(Raven‖Corvid) · p(D‖Raven)∑
T∈S p(T‖Corvid) · p(D‖T )

>p(Raven‖Corvid) · p(D‖Raven)
=p(Raven‖Corvid) · (1− ε)
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Table of examples

Ex. definiendum genus differentia
(4) mittens mittens ∨ gloves fingers are all put together
(2) docksider shoe leather

pennyloafer preppy
(1) raven corvid large, black
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Examples of classification systems
I Desserts (pastry chefs; dessert-enjoyers)
I Linnean classification (biologists)
I Fujita tornato damage scale (metrologists)
I Peterson Field Guides: A Field Guide to the Birds of Britain

and Europe
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Probability space of basic type judgments
We have not explicitly introduced a probability space underlying
type judgments. In general, this may not be formally necessary (see
Scott and Krauss, 1966). However, if we did, the sample space
would be the set of all possible sets of pairs of basic types and
entities:

Ω = P(BType× Ind)
where, for A ∈ Ω, 〈T , a〉 ∈ A would mean that a is of type T in
outcome A.
As long as both BType and Ind are countable (for the purposes of
this paper, we may assume they are finite), the distribution is
discrete and there is no difficulty in talking directly about the
probability of events.
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Probability space of basic type judgments
Probability mass function (A ∈ Ω):

pM(A) =
∏

〈T ,a〉∈A
JT KM(a)

∏
〈T ,a〉∈Ω\A

1− JT KM(a)

The probability measure is defined in the normal way for discrete
distributions:

PM(A) =
∑

A∈A
pM(A)

Now we may define p(aM : T ) as the probability assigned to the
event that a is of type T , namely,

p(a :M T ) = PM({A ∈ Ω | 〈T , a〉 ∈ A})

It is straightforward to show that p(a :M T ) = JT KM(a).
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Categorical probability in TTR (Larsson and Cooper,
2021)

Let A be a variable type, whose range is a set of value types
R(A) = {A1, . . . ,An}

For a situation s, a probability distribution over A can be written
(as above) as a set of Austinian propositions, e.g.,

{


sit = s
sit-type = Aj
prob = p(s : Aj)

 | Aj ∈ R(A)}

Or more conveniently...

idx({


sit = s
sit-type =Aj
prob =p(s : Aj)

 | Aj ∈ R(A)}) =


lbl(A1) =p1
... = ...
lbl(An) =pn


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TTR Multiclass Classifiers

A classifier κA, would thus be a function of type:

Π→ SitV →

{


sit : SitV
sit-type : RecTypeAi

prob : [0 , 1 ]

 | Ai ∈ R(A)}

where Π is the type of the parameters needed by κA, and SitV is
the type of situations where perception of some object yields visual
information, and where RecTypeR is the (singleton) type of records
identical to R , so that e.g.,
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Folk taxonomies

Taxonomies are defined by a genus-species relation between
concept:

A tiger is a type of cat.

Genus-species relations correspond to a hyper/hyponymy relation
between lexical items
I Each species is a subclass (later, subtype) of the genus
I Each species of a given genus is mutually exclusive
I Together, all the species cover the genus
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