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Abstract

This paper shows how tensor-based distri-
butional semantics can be incorporated into
Minimalist Grammars (MGs). We embed the
MG feature calculus with a tensor algebra
and give a joint tensor-based representation
where compositional semantics is guided by the
minimalist syntax. By bridging syntactic and
semantic operations in tensor spaces, we aim
to contribute to the broader enterprise of neu-
rosymbolic approaches to linguistic cognition.

1 Introduction

Many theories in formal semantics put composition-
ality at the center, in order to map complex linguistic
expressions to truth values based on the semantics
of their subparts (Lambek, 1958; Montague, 1970;
Heim and Kratzer, 1998; Coppock and Champol-
lion, 2025). On the other hand, implementations
of the distributional hypothesis (Harris, 1954), i.e.
approximating the meaning of expressions through
distributions estimated via their co-occurrences
in corpora, have been successful in computational
linguistics (Erk, 2012; Clark, 2015; Lenci, 2018).
By encoding distributional information in a
high-dimensional vector spaces, distributional ap-
proaches to lexical semantics are easily deployable,
and have become the de-facto standard as models of
lexical meaning in many areas of (computational)
linguistics (Mikolov et al., 2013; Boleda, 2020; Erk,
2022; Fodor and Suzuki, 2026, a.o.).

While attempts to extend distributional models
to directly capture the meaning of more complex
linguistic expressions exist, enhancing distribu-
tional lexical-semantics with some degree of
compositionality would allow for the development
of models that leverage insights from these two
slightly disconnected traditions (see Baroni, 2013;
Boleda, 2020, and references therein). Beyond
potential benefit for Language Modeling applica-
tions, bridging the gap between propositional and

distributional frameworks thus has the potential
for demonstrating the compatibility of supposedly
at-odds lines of inquiry into the nature of mean-
ing (Baroni et al., 2014; Boleda and Herbelot,
2016), while contributing to the development of
neuro-symbolic perspectives into human linguistic
cognition more generally (Smolensky, 1990;
Smolensky and Legendre, 2006; Tabor, 2009;
Martin, 2020; Smolensky et al., 2022; Garcez and
Lamb, 2023; Soulos, 2025; Quigley, 2025).

While a number of suggestions have been made
for how to combine lexical vectors (Mitchell and
Lapata, 2008; Clarke, 2009, a.o.), we are particu-
larly interested in those proposals arguing that such
combinatorial operations should be guided more or
less explicitly by formal semantics and/or the steps
of the syntactic derivations (Clark and Pulman,
2007; Coecke et al., 2010; Clarke et al., 2011, a.o.).
For instance, Maillard et al. (2014) shows that com-
positional structure can be added to distributional
semantics by integrating Combinatory Categorial
Grammar (CCG; Steedman, 2001; Steedman
and Baldridge, 2011) with distributed lexical
representation encoded as tensors (see also Coecke
et al., 2010; Grefenstette et al., 2011; Grefenstette,
2013b). The ability to combine vector space
encoding with the semantic/syntactic derivations of
CCGs is an important step towards bridging the two
traditions, since CCG as a grammatical formalism
is argued to be expressive enough to capture the
full extent of human syntactic abilities, and has
recently been proven insightful in studying the
cognitive reality of linguistic structure (Stanojević
et al., 2023; Isono, 2024; Ozaki et al., 2024).

However, a number of other highly expressive
formalisms exist in the formal grammar literature.
Among these, Stabler (1996)’s Minimalist Gram-
mars (MGs) incorporate many concepts of modern
generative linguistics, and have been gaining
traction as a useful formalism for mathematically
rigorous studies of the formal properties of syntactic
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patterns (Graf, 2022), as well as for the underpin-
ning of models connecting syntactic representations
to sentence processing results (Kobele et al., 2012;
De Santo, 2020, 2025). An open question, then, is
whether formalisms like MGs can accommodate
tensor space semantics as straightforwardly as CCG.
Crucially, some work already exists proving that
the syntactic feature calculus of MGs can be reinter-
preted as operations in vector spaces (beim Graben
and Gerth, 2012). In this paper, we answer this ques-
tion by directly leveraging beim Graben and Gerth
(2012) to extend Maillard et al. (2014)’s results
to MGs. Specifically, we show how to integrate
tensor-based semantics into a basic version of MGs,
by associating the word meanings to tensors whose
semantic features match the syntactic features of
the corresponding MG lexical items. Like the CCG
case, the core intuition is that since tensors are multi-
linear maps, they can be directly manipulated using
the feature-driven combinatorial calculus of MGs.

2 Mathematical Preliminaries

Here we overview some basic notions of tensors
and multilinear algebra (see Kolda and Bader,
2009; Lang, 2002, for more details). We assume
familiarity with vector spaces and linear algebra.

For finite-dimensional real vector spaces V,W ,
the tensor product V ⊗ W is the vector space
spanned by v⊗w= vwT for all v∈V, w∈W , i.e.
it is a generalization of the outer product. Iterating
this product yields a vector space V1 ⊗ ··· ⊗ Vk,
whose elements are order-k tensors. Order-k
tensors can also be considered as a k-dimensional
array T ∈Rd1×···×dk , as they can be fully described
using k indices (i.e. rows, columns, etc). Order-0,
order-1, and order-2 tensors correspond to scalars,
vectors, and matrices, respectively.

Much like the outer product creates tensors
of a higher order, the inner product v ·w = vTw
decreases, or contracts tensor order. Tensor
contraction is a generalization of the inner product
to tensors of any order. Contracting order-2 and
order-1 tensors is matrix-vector multiplication and
yields a vector, contracting two order-2 tensors is
matrix multiplication, yielding a matrix, and so on.

For a matrix M ∈W ⊗V and vector v ∈ V , we
say the (right) contraction M ·v∈W is Mijvj . In
general, we say for a tensor T ∈ Vk⊗···⊗V1 and
a vector v∈V1, the contraction T ·v∈Vk⊗···⊗V2.
Iterating such contractions will always mean right
iteration, with the usual convention that repeated

indices are implicitly summed. As a notational
convenience when contracting, for instance, tensors
Aijk and Bk we sometimes write Aijk ·Bk =Aij

(i.e., Aij=
∑

kAijkBk).
There is an isomorphism between tensors and

multilinear maps: a map f :V1→ ...→Vj→Vk can
be represented as a tensor T f ∈ Vk⊗Vj⊗ ...⊗V1.
This means that tensor contraction acts as function
application, i.e. for any v1 ∈ V1, ... , vj ∈ Vj ,
fv1...vj=vk=T f ·v1 ·...·vj .

3 CCG and Tensor Semantics

Our approach to incorporating tensor-based
semantics with MGs draws heavily from previous
results on CCG. In this section, we give an intuitive
sketch of CCG’s type-driven calculus, and we walk
the reader through an example of how it can be tied
to tensor-based semantics. The reader is referred to
Steedman and Baldridge (2011) and Maillard et al.
(2014) for more detailed introductions to CCGs and
to vector space operations over CCG derivations,
respectively.

CCG (Steedman, 2001) is a radically lexicalized,
mildly-context sensitive grammar formalism in
which syntactic types (categories) identify syntactic
objects as primitive categories or functions
(Steedman and Baldridge, 2011, p. 184). Primitive
categories are those such as noun (N ), noun phrase
(NP ), sentence (S), etc. Functions take arguments
of a particular category (either a primitive or func-
tion) and outputs something of another category.
Thus, function types identify the category of their
output, the category of their argument(s), as well
as the order in which the arguments must combine.
For instance, A/B and A\B are functions that take
an element of category B (to the right and to the left,
respectively) and return an element of category A.
As a more concrete example, transitive verbs can
be defined by a syntactic category (S\NP)/NP .

Primitive categories and functions can be com-
bined through a set of syntactic rules, which include
functional application of functions to arguments,
as well as combinatory rules like type-raising and
functional composition. Crucially, the application
of syntatic rules is fully dependent on the categories
of the lexical items involved in the derivation.

For the sake of illustration, let us briefly
exemplify functional application. Consider a
lexicon with three lexical items: Alice and Bob
both with category NP , and sees, with category
(S\NP)/NP . We can then derive Alice sees Bob
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Alice sees Bob

NP (S\NP)/NP NP
>

S\NP
<

S
(a)

Alice sees Bob

NP (S\NP)/NP NP
N S⊗N⊗N N

>
S\NP
S⊗N

<
S
S

(b)

Figure 1: A CCG derivation for the sentence “Alice sees Bob”, and the same derivation, with the tensor-semantics
shown for each substructure.

by first combining sees with Bob to produce the
expression sees Bob (a function of type S\NP ).
Then, this function can combine with Alice to yield
Alice sees Bob with type S (see Figure 1a).

Importantly, one of the core features of CCG is
that it commits to a a transparent interface between
syntax and semantics, in that the semantic type of
a linguistic expression is entirely determined by
the syntactic category. Therefore, the combinatorial
rules illustrated above perform syntactic and seman-
tic composition in parallel. In turn, this tight link
between syntactic and semantic types seemingly
makes CCG uniquely suited to the integration
of combinatorial operations with vector-based
semantics. In this sense, Maillard et al. (2014)
exemplifies how to perform tensor-based operations
in parallel with the core combinatorial rules of
CCG (Coecke et al., 2010; Grefenstette, 2013a).
Essentially, each primitive category is associated to
a corresponding (distinct) vector space, e.g. S to S
and NP to N. Suppose Alice and Bob have category
NP , as before. The corresponding vectors in N
would be Aj and Bk.

The vector spaces associated to functions’ more
complex types are determined through the tensor
product of the spaces of the primitive categories
each type is composed of. That is, each primitive
type is associated with a corresponding vector
space, and the slash operators are replaced with the
tensor product operator. For instance, the transitive
verb category (S\NP)/NP is associated to the
vector space S⊗N⊗N. Thus, the transitive verb
sees has tensor Eijk ∈ S⊗N⊗N, with a distinct
index for each component’s vector space.

When function application happens in CCG, the
corresponding tensors are contracted. In the first step
of the derivation for Alice sees Bob, we get the tensor
Eijk ·Bk =Eij ∈S⊗N, and then Eij ·Aj =Ei∈S
(see Figure 1b). Maillard et al. (2014) show how
the other combinatory rules map to vector space

operations in similarly straighforward ways.

4 Minimalist
Grammars and Tensor Representations

The goal of this paper is to incorporate tensor-
based semantic representations with Minimalist
Grammars. In the previous section, we outlined
the first piece of the puzzle by showing how
tensor-semantics can be tied to CCG-like categories
and type-driven combinatorics. We now turn to
our grammar formalism of interest, sketching the
intuition behind its structure-building operations
and how the syntactic calculus can be mapped to
vector space operations.

MGs are a derivational, lexicalized, and feature-
driven mildly-context sensitive formalism able
to express the complex structural analyses of
generative syntax (Stabler, 1996, 2013). Intuitively,
an MG grammar consists of a set of lexical
items associated with a non-empty, finite string
of syntactic features. Lexical items and more
complex syntactic objects can be combined via
two feature-driven operations — merge and move.1

CCG-style complex categories for syntactic objects
are represented in MG simply by an item’s feature
string. In this sense, MGs are type-driven: all of the
information that is input to the combinatorial rules
is contained within the feature strings themselves.

For convenience, the features relevant for the
Merge and Move operations are standardly taken
to be different. With respect to Merge, each lexi-
cal item will contain one simple categorical feature
acting as the selectee feature (denoted f), and 0 or
more selector features (denoted =f). With respect
to Move, a lexical item might contain 0 or more
licensee features (denoted f−) and licensor features

1We set aside extensions to MG that accommodate the
Adjoin operation (Frey and Gärtner; Fowlie, 2013), which is
also not included in beim Graben and Gerth (2012)’s geometric
MG formalization.
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(denoted f+). The operation Merge then takes two
structures, one whose feature string begins with a
basic category (f) feature, and one whose string be-
gins with a selector (=f) feature, combines them,
and deletes both features. Move operates similarly
with licensor (f+) and licensee (f−) features, except
that the structure with the targeted licensee feature
is already a substructure of the one with the licensor.
Thus, Merge is a binary operation encoding subcat-
egorization, while Move is a unary operation allow-
ing for the re-ordering of already incorporated items.

In this sense, MG derivations can be interpreted
as acting on term algebras of trees and feature
arrays, using two partial operations:

merge :TA×TA⇀TA,

move :TA⇀TA,

where TA is the set of well-formed trees over a fixed
minimalist grammar G, and whose domains are
dom(merge) and dom(move), respectively (beim
Graben and Gerth, 2012).

Importantly, for each lexical item, only one
feature is accessible to merge or move at each step:
the currently accessible feature is the feature at the
beginning (left-most) position of the feature string.
This implies that some features will only available
for checking after others have been checked/deleted,
based on their order in their respective feature
strings. As an illustrative example, Figure 2 shows
an MG derivation for the sentence “What did Alice
eat”, under standard Minimalist assumptions for the
structure of the derivation (Koopman and Sportiche,
1991; Adger, 2003). Note how MGs allow for
phonologically empty (Hornstein et al., 2005) but
syntactically relevant lexical items, as common in
many versions of minimalist theories.

Crucially, beim Graben and Gerth (2012) show
that the operation merge and move over feature-
strings can be mapped to vector space operations
acting over tensor-product representations tied
to structural positions over MG derivation trees.
Specifically, it is possible to define a vector space F ,
an embedding Ψ :TA→F , and partial operations

merge :F×F ⇀F

move :F ⇀F

whose domains are dom(merge) and dom(move),
respectively. Notationally, merge and move are the
two structure-building operations on the tree term
algebra and merge and move their corresponding

Move

Merge

Move

Merge

Merge

Merge

Merge

whateat

∅v

Alice

∅T

did
=Twh+ C

=vnom+ T

Dnom−

=DV

=V=Dv

Dwh−

Figure 2: An MG derivation of the sentence “What
did Alice eat”. On each leaf, we show in lighter gray
the feature string associated to a lexical item below its
corresponding phonological content.

operations on the tensor algebra. beim Graben
and Gerth (2012) prove that this mapping forms a
homomorphism between the two term algebras:

Theorem 4.1 (beim Graben and Gerth (2012),
Thm. 1). Ψ is a homomorphism from
(TA,merge,move) to (F ,merge,move), where
for (t1, t2) ∈ dom(merge) and (t) ∈ dom(move),
Ψ(merge(t1, t2)) = merge(Ψ(t1), Ψ(t2)) and
Ψ(move(t))=move(Ψ(t)).

We directly leverage this result in our construc-
tion of an MG tensor-based semantics.

5 A Tensor Semantics for MGs

With this background in place, we get to the core
of this paper’s contribution. We now show how to
enhance distributional semantics with composi-
tional operations guided by the structure-building
steps of MGs. Our construction proceeds in analogy
to Maillard et al. (2014), where syntactic features
determine the semantic tensor types (Kobele, 2006)
and semantic composition is transparently reflected
in the syntactic composition (Hunter, 2007; Kobele,
2012; Tomita, 2016) via tensor contraction (beim
Graben and Gerth, 2012; Maillard et al., 2014).

We consider an MG with a finite set S of selectee
features and a corresponding lexicon Lex. Follow-
ing Maillard et al. (2014), who assigned a vector
space for basic CCG categories, we assign a vector
space f for each selectee feature f ∈S, and, using
the direct sum, let S :=

⊕
f∈S f. We then embed

every lexical item in L :=
⊕

k≥1S
⊗k, where S⊗k is

the tensor product of S with itself k times. Since
selector features are checked left-to-right, their
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corresponding space is in reverse order in the tensor
product, so the currently active selector always
corresponds to the rightmost tensor contraction.

Definition 5.1. A lexical embedding is a map
φ : Lex → L such that for each lexical item
l ∈ Lex, if l’s feature string contains selectee
feature f∈S and selector features =f1,...,=fk, then
φ(l) ∈ f⊗fk⊗···⊗f1 ⊆ L.

Note that φ maps selector features (e.g. =N)
to the same space of the “corresponding” selectee
feature (e.g. N). We can extend this to a general
compositional semantics over derivation trees.

Definition 5.2. Given a lexical embedding φ, we
define Φ :TA→L as:

Φ(l)=φ(l)

Φ(move(t))=Φ(t)

Φ(merge(t1,t2))=Φ(t1)·Φ(t2)

where l ∈ Lex, t ∈ dom(move), (t1, t2) ∈
dom(merge).

We note that this function Φ is unique. We
also note that (right) contraction (·) works on the
current selector/selectee pair, so is well-typed for
Φ(t1),Φ(t2) when (t1,t2)∈dom(merge).

We now combine the syntactic embedding Ψ
with the semantic embedding Φ into a paired
representation.

Ω : TA→(F×L)

t 7→(Ψ(t),Φ(t))

Furthermore, we define the partial functions
Merge and Move:

Merge : (F×L)×(F×L)⇀F×L

((a,A), (b,B)) 7→(merge(a,b),A·B)

Move :F×L⇀F×L

(a,A) 7→(move(a),A)

Following beim Graben and Gerth (2012), we
show this “joint” embedding is a homomorphism.

Proposition 5.3. Ω is a homomorphism from
(TA,merge,move) to ((F × L),Merge,Move),
where for (t1, t2) ∈ dom(merge) and
t ∈ dom(move), Merge(Ω(t1), Ω(t2)) =
Ω(merge(t1,t2)) and Move(Ω(t))=Ω(move(t)).

Proof. Assume (t1, t2) ∈ dom(merge). By
Thm 4.1 and Def 5.2, merge(Ψ(t1), Ψ(t2))

= Ψ(merge(t1, t2)) and Φ(merge(t1, t2)) =
Φ(t1) ·Φ(t2). Therefore Merge(Ω(t1),Ω(t2)) =(
Ψ(merge(t1, t2)), Φ(merge(t1, t2))

)
=

Ω(merge(t1,t2)). The move case is analogous.

Our MG tensor semantic formulation has several
nice properties. First, every merge step applies a
tensor meaning to a vector argument by contraction,
and so we only need tensor-vector maps. Moreover,
this construction highlights the fact that MG’s
merge is essentially functional application (Kobele,
2006), and as such merge steps are the only ones
that “add” lexical semantic content to a derivation.
The relationship between move and propositional
semantics is less straightforward, as move is also
argued to determine scope-taking. Here, we focused
on the case in which the lexical semantic content
of a mover is fully integrated in the derivation at the
time the mover is first merged. We return to these
more complicated effects of move on the semantics
of a derivation in Section 6.

5.1 A Merge-Only Example

To better illustrate the above results, we first start
by exemplifying the tensor semantics calculus
over a minimal MG derivations, simplifying most
syntactic assumptions proper of minimalist syntax
in order to only focus on our treatment of merge.

Suppose we have three lexical items (with their
corresponding MG feature strings): Alice :: [D],
Bob :: [D], and sees :: [=D, =D, C], along with
their syntactic and semantic embeddings:

Alice :: [D],

Ψ(Alice)=Alice,

Φ(Alice)=Aj∈D

Bob :: [D],

Ψ(Bob)=Bob,

Φ(Bob)=Bk∈D

sees :: [=D,=D,C],

Ψ(sees)=sees,

Φ(sees)=Gijk∈C⊗D⊗D

Thus we have Ω(Alice) = (Alice,Aj), Ω(Bob) =
(Bob,Bk), Ω(sees) = (sees,Gijk). We can now
derive the expression Alice sees Bob (see Figure 3).
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Step 1. First, we merge sees and Bob, checking
(deleting) the = D feature from sees and the D
feature from Bob. This gives us a subtree for the ex-
pression sees Bob with MG feature string [=D,C].

To illustrate how the syntactic and semantic
derivation proceed in parallel to this in the cor-
responding vector spaces, recall that the vectors
Ω(Bob), Ω(sees) are in the space F × L, where
F represents the syntactic component and L
represents the (lexical) semantic component. Given
our construction, when two MG structures are
combined with merge, this is reflected by using
the merge operation in F , and by contracting the
tensors in L. To get the result in F × L, we use
the Merge operation, which simply applies both
operations to the relevant components. Therefore,
we can find Ω(sees Bob) as follows:

Ω(sees Bob)

=Merge((sees,Gijk),(Bob,Bk))

=(merge(sees,Bob),Gij)

As a reminder,Gij is defined to be the contraction
Gijk ·Bk. As expected since sees Bob has feature
string [=D, C], Φ(sees Bob) =Gij is an element
of C⊗D.

Step 2. The next merge checks the remaining =D
feature on sees Bob with the D feature from Alice,
resulting in the expression Alice sees Bob On the
tensor side, applying again the Merge operation,
we have:

Ω(Alice sees Bob)

=Merge((merge(sees,Bob),Gij),(Alice,Aj))

=(merge(merge(sees,Bob),Alice),Gi)

Correctly, Gi, our “final product” of the semantic
component, is in C — matching the remaining
feature C in the MG feature string of Alice sees Bob.
By comparing Figure 3 to Figure 1b, it should be
evident how our tensor-based semantic calculus
mirrors Maillard et al. (2014)’s almost exactly when
we limit ourselves to MG’s merge operation.

5.2 An Example with Merge and Move
We will now exemplify the tensor calculus over the
complete MG derivation introduced earlier (Fig. 2).
Suppose we have the following LIs from an MG,
along with their images under Ψ and Φ:2

2U is the vector space for the category v (i.e. little v,
Koopman and Sportiche, 1991), while ∅v and ∅T are the

Merge: C

Merge: C⊗D

Bob: Dsees: C⊗D⊗D

Alice: D
D

=D=DC D

Figure 3: MG derivation for a simplified analysis of
“Alice sees Bob”, showing the semantic vector spaces
corresponding to each substructure. Given our focus
on the tensor semantics, we leave out the parallel
tensor-syntax for ease of visualization.

what :: [D,wh−],

Ψ(what)=what,

Φ(what)=Wk∈D

eat :: [=D,V],

Ψ(eat)=eat,

Φ(eat)=Elk∈V⊗D

∅v :: [=V,=D, v],

Ψ(∅v)=o,

Φ(∅v)=Onjl∈U⊗D⊗V

Alice :: [D, nom−],

Ψ(Alice)=Alice,

Φ(Alice)=Aj∈D

∅T :: [=v, nom+,T],

Ψ(∅T )=p,

Φ(∅T )=Pmn∈T⊗U

did :: [=T,wh+,C],

Ψ(did)=did,

Φ(did)=Dim∈C⊗T

We now derive a representation for the expression
What did Alice eat (see Figure 4).

Step 1. We first merge eat and what, checking
the =D feature from eat and the D feature from
what. This gives us a subtree for the expression
eat what, with feature string [V]. In tensor-space,

empty phonological exponents for the syntactic categories v
and T, respectively.
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Move: C

Merge: C

Move: T

Merge: T

Merge: U

Merge: U⊗D

Merge: V

what: Deat: V⊗D

∅v: U⊗D⊗V

Alice: D

∅T : T⊗U

did: C⊗T
=Twh+ C

=vnom+ T

Dnom−

=DV

=V=Dv

Dwh−

Figure 4: An MG derivation for “What did Alice eat”, showing the semantic space for each lexical item and for each
substructure as the result of merge and move operations.

syntactically we are merge-ing eat and what, and
semantically we are contracting Elk and Wk:

Merge((eat,Elk),(what,Wk))

=(merge(eat,what),El)

with Φ(eat what)=Elk ·Wk =El ∈V, paralleling
the remaining [V] feature of the substructure eat
what. While what still has an active wh− feature
to allow for its displacement later in the derivation,
recall that movement features are not reflected
in the semantic space. For convenience, we write
t0 :=merge(eat,what).

Step 2. We now merge ∅v with eat what,
checking the =V feature from ∅v and the V feature
from eat what. The resulting expression ∅v eat
what has feature string [=D, v]. In tensor-space:

Merge((o,Onjl),(t0,El))

=(merge(o,t0),Onj)

Semantically, Φ(∅veat what)=Onjl ·El =Onj ∈
U⊗D, as expected. We let t1 :=merge(o,t0).

Step 3. We merge ∅v eat what with Alice, check-
ing the remaining =D feature from ∅v eat what
and the D feature from Alice. This gives us Alice∅v

eat what, with feature string [v]. In vector space:

Merge((t1,Onj),(Alice,Aj))

=(merge(t1,Alice),On)

with Onj ·Aj=On∈U, and t2 :=merge(t1,Alice).

Step 4. The next merge gives us a structure for
∅T Alice ∅v eat what. For the vectors:

Merge((p,Pmn),(t2,On))

=(merge(p,t2),Pm)

with Pmn · On = Pm ∈ T, and we let
t3 :=merge(p,t2).

Step 5. We encounter our first instance of move,
triggered by the nom+ feature introduced by
∅T checking the remaining nom− feature on
Alice. This results in the expression Alice ∅T ∅v

eat what. For the vectors, syntactically we are
applying the move operation to t3. Recall that
move : F ⇀ F is defined such that for any MG
tree t, move(Ψ(t)) =Ψ(move(t)). Semantically,
there is no change in the vector space. That is:

Move((t3,Pm))

=(move(t3),Pm)

Again we let t4 :=move(t3).

Step 6. We merge did and Alice ∅T ∅v eat what,
checking the =T feature from did and the T feature
from Alice ∅T ∅v eat what. For the tensors:

Merge((did,Dim),(t4,Pm))

=(merge(did,t4),Di)

so that Dim · Pm = Di ∈ C. We let
t5 :=merge(did,t4).
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Step 7. Finally, one last move operation is
triggered by the remaining wh− feature on what,
which is now checked against the active wh+

feature introduced by did. This results in the
expression what did ∅T Alice ∅v eat, and the only
remaining feature associated with the tree structure
is [C]. In the vector space, we have move(t5) for
the syntactic representation: Semantically, there is
again no change in the vector space.

Move((t5,Di))

=(move(t5),Di)

Figure 4 illustrates this full derivation, focusing
on how the tensor-semantics happens in parallel to
the symbolic feature-checking.

6 Discussion and Conclusion

In this paper, we constructed a tensor-semantics for
MGs, illustrating how distributional approaches to
lexical semantics can be enhanced by the compo-
sitional operations of MGs. Specifically, we built
on beim Graben and Gerth (2012)’s formulation
of merge and move as tensor-product operations
over structural positions, and we added maps to
tensor-based semantics representations from MG
syntactic features (Maillard et al., 2014). Notably,
we restricted our construction to cases in which
the lexical semantics of a mover is fully integrated
into the derivation when said mover is first merged.
This is consistent with an interpretation of move as
“internal merge” not contributing any novel lexical
semantics to the derivational process.

However, move is often conceived as interacting
with propositional meaning in more complex ways,
for instance by affecting quantifier scope taking and
variable biding. In this sense, our construction is
a tensor-based implementation of Kobele (2012)’s
moveEmpty operation, which does not affect the
denotational content of a lexical item. Kobele (2012)
also allows move to postpone the incorporation of
the semantics of a mover to one of its landing sites
via a type of storage. This approach is compatible
with our framework, and it would require to delay
the tensor-contraction associated with the selection
of a lexical item containing a movement feature.
We conjecture that this extension is straightforward,
since the mappings of these extra move operations
are still homomorphisms between partial algebras.
Future work should define the technical details
of this approach, while also evaluating alternative

formalizations to the effects of movement on
propositional semantics across clause types (see
also Kobele, 2006; Hunter, 2007; Tomita, 2016).

In line with Maillard et al. (2014)’s work on
CCGs, here we made no assumptions about how the
semantic tensors should be interpreted. While we tie
our framework to distributional semantics broadly
construed, future work should investigate how
semantically interpretable vectors for the different
types of features can be acquired (Bos et al., 2004;
Socher et al., 2007, 2012; Hermann and Blunsom,
2013). Encouragingly, recent work on broad-
coverage neural parsers for MGs has shown unex-
pected success in extracting from corpora super-tags
for MG-style lexical items, even for the controver-
sial “phonologically null” syntactic categories (Torr,
2017, 2018; Torr et al., 2019). These results leverage
heavily work on broad-coverage CCG parsing via
super-tagging (Bangalore and Joshi, 1999), and
suggest that several enterprises (learning semantic
tensors, super-tag inference, and broad-coverage
syntactic and semantic parsing) can benefit from
insights across grammar formalisms (Kasai et al.,
2017; Prange et al., 2021; Yamaki et al., 2023).

Finally, the addition of tensor-based semantics
to the geometric MG formalization of beim Graben
and Gerth (2012) opens the way to future work in-
corporating semantic information into dynamical
models of parsing, with potential relevance to cog-
nitively plausible models of sentence processing
(Gerth and beim Graben, 2009; Smith and Vasishth,
2020; Villata and Tabor, 2022; De Santo, 2025).
Soulos (2025) showcases a general framework for
integrating tensor representations of compositional
structure with various connectionist accounts of
learning and processing, in line with Smolensky
et al. (2022) proposal for neurosymbolic computing.
Overall then, our results add another piece to the puz-
zle of how to successfully connect generative syntax
to broader work on neuro-symbolic processing in
cognitive science (Smolensky et al., 1993; Smolen-
sky, 2012; Martin, 2020; Garcez and Lamb, 2023)
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