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Abstract

Large language and vision-language models (VLMs) struggle with a ‘compositionality gap’. They treat language
as a sequence of tokens lacking any structure and thus rely on a large number of parameters, making them
computationally expensive. To address these issues, we propose CCG-VQC, a quantum framework that unifies
statistical distributions with linguistic structure. Guided by Combinatory Categorial Grammar, our model maps
syntactic rules into parametrised quantum circuits and models sentences as quantum states. We evaluate CCG-VQC
on structural VLM benchmarks such as ARO and SVO-Swap. Our experiments show that CCG-VQC consistently
outperforms a quantum bag-of-words model, as well as classical VLMs such as CLIP and OpenCLIP. CCG-VQC
achieved 71.19% accuracy on ARO-Attribution, significantly outperforming the parameter-matched MicroCLIP, which
struggled to surpass random chance with a maximum performance of 50.85%.
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1. Introduction

Large language models are thought to be one of
the most successful learning algorithms of our age.
They are applied to a wide range of domains, from
weather forecasting (Li et al., 2025a) and med-
ical modelling (Singhal et al., 2025) to theorem
proving (Hubert et al., 2025) and scientific calcu-
lations in physics (Pan et al., 2025) and chem-
istry (Boiko et al., 2023). Although LLMs learn
structural patterns present in language implicitly,
they treat text as a series of tokens lacking ex-
plicit, controllable syntactic and semantic struc-
ture (Bender and Koller, 2020). Moreover, this
is computed through self-attention, based on the
statistics of co-occurrence, which is computation-
ally intensive (Vaswani et al., 2023). This does not
take full advantage of the generalisation that arises
from the compositional nature of a grammatical
rule set (Lake and Baroni, 2018).

Despite achieving high accuracies in generative
tasks, they exhibit poor reliability and tend to hallu-
cinate. Their success relies on a large number of
parameters, making them energy inefficient and ex-
pensive. Moreover, it is not clearly known if LLMs
are actually distilling their knowledge to generalise
by learning fundamental rules governing the data,
such as composition, or if they are just memorising
at an immense scale, leading to a problem dubbed
as the “compositionality gap” (Press et al., 2023;
Li et al., 2025b; Ni et al., 2024).

The behaviour of LLMs is orthogonal to formal
computational linguistic models that treat language
as sequences of words generated according to the
rules of grammar and abiding by structural, seman-
tic and pragmatic constraints (Blackburn and Bos,
2005; Morrill, 2010; Steedman, 2000). The Achilles

heel of these methods is their rigidity: they tend
to only handle hand-picked examples and are in-
applicable to large-scale, naturally occurring data.
It is hard to fully describe, let alone formalise, all
the rules of the grammar of a language. Formalis-
ing and reasoning about semantic and pragmatic
constraints remains an open challenge.

A middle ground can be reached by develop-
ing meaning representations that unify statistical
distributions of data with the linguistic structures
embedded in it. Herein, semantic symbolic rep-
resentations are assigned to syntactic structures
via a homomorphic map. The symbolic representa-
tions are learnt in context, e.g. via labelled datasets
or co-occurrence in corpora of text. Whereas an
LLM uses statistical methods and learns vectors
for tokens, the unified models learn higher-order
linear maps informed by syntactic structure. For
instance, the symbolic representations of a transi-
tive sentence are a multilinear map modelling the
predicative meaning of the verb, which then applies
to the meaning representations of its subject and
object, which are vectors.

In finite dimensions, learning a multilinear map
is equivalent to learning a tensor. This amounts
to training a multi-dimensional array, which suf-
fers from exponential scaling. In quantum com-
putation, tensors are treated as states of quan-
tum systems and are efficiently modelled using
variational quantum circuits (VQCs), represented
by a handful of parametrised quantum operations
known as “gates”. This is particularly advanta-
geous for grammar-based learning, where explicit
tensor representations grow exponentially with sen-
tence complexity. VQCs mitigate this parameter
explosion by accurately approximating these large
tensors using unitary rotations, each requiring only
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a single trainable parameter. Moreover, as quan-
tum computers become larger and more noise-
resistant, there is potential to run these models
on actual hardware. This natively executes the
required linear algebra—since qubits inherently
reside in a tensor (Hilbert) space—thereby cir-
cumventing the memory bottlenecks of traditional
classical computation. In this paper, we present
CCG-VQC: a meaning representation for natural
language using VQCs. Our representations are
guided by the rules of Combinatory Categorial
Grammar (CCG); we develop a homomorphic map
that turns each rule into a series of quantum gates.
The meaning of a sentence in this setting is a quan-
tum state. Semantic similarity of two sentences is
modelled by fidelity, a quantum information theo-
retic measure for the overlap between two quantum
states.

The capabilities of CCG-VQC are showcased on
a task from vision-language (VLMs). It has been
shown that VLMs lack semantic understanding, as
a result, struggle to align their embeddings in struc-
tural tasks (Koishigarina et al., 2025; Hendricks
and Nematzadeh, 2021; Yuksekgonul et al., 2023;
Lewis et al., 2024). A variety of datasets are de-
veloped to probe for this challenge, working with
cases where the correct and the incorrect texts
and images are structural renditions of each other.
We evaluate our model on two such benchmarks,
ARO (Yuksekgonul et al., 2023) and SVO-Swap (Lo
et al., 2025), inspired by SVO-Probes (Hendricks
and Nematzadeh, 2021).

The performance of our model is compared with
a quantum counterpart of a bag-of-words model
(QBoW). We also compare our results to CLIP,
which is OpenAl’s original VLM (Radford et al.,
2021) and an open-sourced version of it called
OpenCLIP (llharco et al., 2021). Our experiments
show that firstly, CCG-VQC works better than
QBoW, and secondly, CCG-VQC outperforms both
CLIP and OpenCLIP.

To facilitate a fair comparison, we trained a
compact transformer model, which we term Micro-
CLIP, matching the parameter count of our CCG-
VQC. Our experiments revealed that this reduced-
scale transformer achieves only near-random per-
formance on the ARO benchmarks, whereas CCG-
VQC, which operates at that parameter scale by
design, achieves significantly higher accuracy. This
demonstrates that our structurally-informed model
is substantially more parameter-efficient than stan-
dard attention-based architectures.

Existing Work and Novel Contributions Uni-
fied models of statistics and structure exist and
are referred to as Compositional Distributional Se-
mantics, sometimes dubbed as DisCoCat (Coecke
et al.,, 2010, 2013; Maillard et al., 2014; Wijn-

holds et al., 2020; Grefenstette and Sadrzadeh,
2015). DisCoCat learns words very similar to
our approach, but it is based on pregroup gram-
mars (Lambek, 1999), which are not widely used in
the community. There also exists a translation be-
tween DisCoCat and VQCs (Yeung and Kartsaklis,
2021; Lorenz et al., 2021; Wazni and Sadrzadeh,
2023; Kartsaklis et al., 2021; Wazni et al., 2024),
but it relies on the theory of categories and has not
been tested on large scale structured benchmarks
or compared with state-of-the-art technology. A ten-
sor network semantics was defined for CCG and
evaluated on VLM tasks (Lo et al., 2025). VQCs
have a significantly lower parameter count than
tensor networks. Furthermore, tensor networks re-
main classical objects. Their output is a vector that
can be inputted in the InfoNCE learning objective
of CLIP-like architectures. The output of a VQC is a
quantum state, and we design the new QInfoNCE
objective function for contractive learning.

2. From Syntax to Quantum
Semantics

The textual pipeline makes use of grammar as a
structural blueprint for designing quantum circuits.
Input sentences are processed according to the
rules of a CCG. We have chosen to use CCG here
as it is a type-driven logic with functional applica-
tion rules, making it particularly compatible with
tensor algebra. We can simply assign a tensor
space to each atomic type and treat function appli-
cations as contractions. This will become evident
in the following explanation from CCG to quantum
circuits. Throughout this work we use the Bob-
cat parser to tag the sentences and generate the
parse trees (Clark, 2021). A set of rules, shown
in Figure 1, translates the below described CCG
trees into quantum circuits, mapping atomic types
to qubits, words to variational quantum circuits,
and compositions to Bell measurement with post-
selection to the Bell state (|00) + [11))/+/2. Specif-
ically, each word in the sentence is represented
as a parametrised quantum state, referred to as
a variational quantum circuit, which is optimised
during training to produce the final textual quantum
state |¢u)-

2.1. Rules of Grammar

CCG consists of a basic and an advanced set of
types and inference rules. The basic CCG has
the set of atomic types {N, NP, S} representing
nouns, noun phrases, and sentences, and two func-
tion types: forward and backward application. The
function type A\ B outputs type A given B is to the
left and A/ B outputs A given B is on the right. The
formal definitions of these rules are below.
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Consider the following example sentence “Alice
likes Bob”. The syntactic structure of this sentence
is derivable using both of the inference rules, see
below.

Alice likes Bob
NP (S\NP)/NP NP
S\NP
S >

Basic CCG has other rules such as type raising T
and composition B, each with forward and back-
ward variants. The formal definitions of these rules
are given below.

X/Y Y/Z B Y\Z X\Y B
xX/Z x\zZ

7)( T 7)( T
T/(T\X) = ™NT/X) ~

Composition is used for phrase formation to allow
for non-standard constituents, such as those found
in complex auxiliary structures. As an example,
consider the derivation below.

Alice might like Bob
NP (S\NP)/VP VP/NP NP
(S\NP)/NP
S\NP
S >

Type raising allows for non-local dependencies
such as those seen in relative clause formation.
For instance, see the derivation below.

The  food which Mary bought
NP/N N (NP\NP)/(S/NP) NP (S\NP)/NP

_> >T

NP S/(S\NP
>B

S/NP

>

NP\NP

NP

In the above, the subscripts - and - let us know
that an inference rule is forward or backward ap-
plied, respectively. Basic CCG has an expressive
power equivalent to context-free grammars (Steed-
man and Baldridge, 2011). CCG can be endowed
with a set of additional rules to increase its expres-
sivity. For example, there are rules for type raising
T, coordination ®, and cross composition By. Co-
ordination is used for conjunctives such as “and,
or, because”. Cross-composition is applied to com-
plex situations such as the treatment of phrasal
verbs. For further details we refer the reader to a
CCG reference, e.g. see (Steedman, 2000).

2.2. Quantum Computing Foundations

While we provide a brief overview of quantum prin-
ciples here to establish notation, we recognise
that the following summary may be challenging
for those new to the field. For a complete ped-
agogical introduction, we refer the reader to the
standard text by Nielsen and Chuang (Nielsen and
Chuang, 2000).

The fundamental unit of information is the qubit,
a state vector |¢) in a 2-dimensional complex
Hilbert space C2. The states |0) and |1) form an
orthonormal basis for this space, known as the
computational basis. Unlike classical bits, a qubit
can exist in a superposition state defined below:

[¥) = al0) + B[1),

The following normalisation constraint holds for a
qubit:

a,peC

(WlY) = lof* + 18] =1

For a system of n qubits, the corresponding state
space is the following tensor product of dimension

2m: N
H=@Q)C
=1

The evolution of these states is governed by opera-
tors U that are referred to as unitary, which belong
to the symmetry group U € SU(2"™). To extract in-
formation from the quantum system, we perform a
measurement. In the computational basis, measur-
ing a qubit collapses the state to |0) with probability
|a|? or |1) with probability |3]2.

The above is the Hilbert Space formalism of
quantum computing. In practice, it is advantageous
to work with a circuit model, which provides a direct
path for running the circuits on quantum computers.
In the circuit model of computation, these opera-
tions are decomposed into a sequence of quantum
gates. Single-qubit gates, such as the Hadamard
(H) gate, are used to generate superposition:

1 /1 1
iemlh)
while rotation gates (R, R.) shift the qubit’s state
by a specific angle 6:

—i6/2
R.(0) = exp <ng> = <e 0 eig/2> (2)

Multi-qubit gates, such as the CNOT, are crucial
for creating entanglement between qubits, which is
necessary to explore the exponentially large state
space, where the state of one qubit cannot be
described independently of the others. This entan-
glement is what allows quantum circuits to model
the interactions between words and phrases in a
sentence.
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Figure 1: Mapping from the CCG rules to VQCs. The C gates, defined in Figure 2, are either performing
Bell measurements mirroring predicate-application, or initialisation Bell states mirroring raising types.

Traditionally, quantum circuits are read from left
to right. Each horizontal line represents a qubit (or
a bundle of n qubits), and boxes represent gates.
A vertical line connecting a filled circle (e) to a
plus symbol () denotes a CNOT gate, where the
bit of the target qubit is flipped only if the control
qubit is in state |1). Triangles at the start of a
wire (|0)) indicate state preparation, while triangles
at the end ({0]) represent measurement and post-
selection on the 0 outcome.

2.3. Variational Quantum Circuits for
CCG Derivations

The conversion from a CCG derivation to a quan-
tum circuit begins with a map » which assigns to
each atomic type A a desired number of qubits
n(A). The choice of n for the atomic types is a hy-
perparameter of the model, which can be tuned to
balance computational cost and model expressivity.
The number of qubits assigned to a composite type
X/Y or X\Y is recursively defined as

n(X/Y) =n(X\Y) =n(X) +n(Y)  (3)

The meaning of a word with type T is represented
by an n(T")-qubit quantum state |v), prepared by a
variational quantum circuit U, (1) (©) acting on an
initial |0)®" state. These circuits depend on a list
of trainable parameters ©, typically rotation angles.
While an arbitrary n-qubit state requires O(2") pa-
rameters to specify, VQCs utilise an ansatz to ex-
plore the high-dimensional Hilbert space using only
a polynomial number of parameters.

An ansatz is a parametrised circuit template de-
signed to balance expressivity with trainability us-
ing a small set of rotation gates and entangling
gates. The generalised version for the sentence
"Alice likes Bob’ can be seen in Figure 2(a). In
our diagrams, wires in parallel represent a tensor
product of qubit spaces, while gates spanning mul-
tiple wires generate the entanglement necessary to
model multilinear mappings. In Figure 2(c) and Fig-
ure 2(d), we demonstrate an ansatz schema being

applied to approximate the space of the learnable
state of the word. Application rules correspond to
a quantum operation that contract the qubits of two
adjacent words or phrases; which is the Bell mea-
surement followed by post-selection (Lorenz et al.,
2021), Figure 2(b1) and Figure 2(b2). In this paper,
we use a variant of the Sim14 (Sim et al., 2019)
ansatz which we call SAP, defined by a layer of R,
rotation gates followed by a ring of controlled R,
rotations, then another layer of R, rotation gates
and a ladder of controlled R, rotations in the op-
posite direction. A complete example is shown in
Figure 3.

3. A\Vision-Language Challenge

Vision-language understanding is a key challenge
in Al, with applications to image captioning and
multimodal retrieval. Models such as OpenAl’s
CLIP (Radford et al., 2021) have shown that large-
scale joint embeddings can effectively connect
visual and textual data. However, these mod-
els use transformer architectures with dense at-
tention, which often overlook linguistic structure.
As a result, there has been an increasing inter-
est in evaluating vision-language models (VLMs)
against syntactic and semantic structures such as
predicate-argument meaning and word order. Vari-
ous datasets have been developed for this purpose.
In this paper, we consider the Attribution, Relation,
and Order (ARO) (Yuksekgonul et al., 2023) and
the SVO-Swap datasets. We evaluate our VQCs
on these two datasets to determine whether they
capture the structural relationships between pred-
icates and nouns and whether they can correctly
align text descriptions with images.

VLM architectures consist of two parallel
pipelines: one for learning text and another for
learning image representations in separate seman-
tic spaces. The two are combined with an objective
that aligns them in a shared output space. In our
framework, the text pipeline learns quantum mean-
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Figure 2: High level VQC for the sentence Alice
likes Bob. Operator U depends on parameters ©.
C,, is the contractor for n number of qubits.
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Figure 3: The quantum circuit for the sentence
“Alice likes Bob” with n(N) = n(NP) =n(S) = 1.

ing representations in a Hiloert space. To align
these representations to images, we turn the im-
ages into quantum representations using a method
known as amplitude encoding. Amplitude encoding
turns an m-dimensional image embedding ﬁimg
into the amplitudes of a quantum state ing that
consists of k qubits such that 2 = m. The ampli-

tude encoding of ¥img := Za, € is

m—1

LS ) (4)

1¥m0) = Normglls 2
Where |Jvimg||2 is the standard L, norm. Images
are encoded using CLIP’s pre-trained ViT-B/32
image encoder (Radford et al., 2021), which is
kept frozen throughout training. It produces a 512-
dimensional feature vector, giving & = 9 qubits
since 2° = 512. For cases where 2* is not equal to
m, the closest exponent is chosen.

The image and text representations are aligned
in a unified space by maximising the similarity
between matching image-caption pairs and min-
imising that between mismatched pairs. The ob-
jective function used in CLIP is the InfoNCE
loss (van den Oord et al., 2019). Given a batch of
N image-caption pairs {I;, T;}¥ ,, where I, and T;
are 512-dimensional vectors, t is a temperature pa-
rameter, and s(-, -) is a similarity function between
an image embedding I (produced by CLIP’s en-
coder) and a caption embedding T (produced by
our quantum model), the loss is:

N
L= _Zlog exp(s(i, T3)/t)

=T exp(s(L, Ty) /t)

In the above, s is a similarity measure. For vectors
in a vector space, it is the cosine function. In our
setting, we need to compute the overlap of two
quantum states and develop a quantum version
of InfoNCE, which we call QInfoNCE, where the
overlap is defined below

3(|¢txt>a |¢img>) = |<¢txt | ¢img>|2 (6)

This is the inner product between two quantum
states, living in the complex Hilbert space, known
as fidelity. However, using fidelity directly leads to a
sharp loss landscape and narrow neighbourhoods
of high gradient (Cerezo et al., 2021). To alleviate
this obstacle, we use a slightly modified smooth
version of it, based on the Fubini-Study metric (Hai
and Ho, 2023; Stokes et al., 2020; Haddou and
Bennai, 2025), which can be used as a measure
of similarity in the form

s(|tw) s |¢img>) = arcsin(| (Yt | ¢img>|) (7)

This is essentially the quantum equivalent of the
geometric distance rather than the plain Euclidean
distance. It considers the curved path along a
manifold between two points lying on it, instead of
cutting straight through it with a straight line.
Once the specific similarity score function is cho-
sen, we define how the model decides between
a correct and incorrect caption given an image,
making the corresponding classification using the

()
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Figure 4: CCG-VQC Vision-Language Pipeline. The architecture maps multimodal inputs into quantum state space.
A CCG parser and a quantum circuit are used to encode the input text into the state |¢1«), while a frozen vision
transformer and amplitude encoding map the input image into the state |¥img). The similarity between the two

modalities is computed via their inner product (img|éTxt) -

‘'margin’. The margin M for an image p against a
positive text label g™ and a negative text label ¢~ is
defined by Equation 8, where s is the comparison
metric and f and g represent the classical image
and quantum text encoders, respectively.

M(p,q",q7) = s(f(p),g(a™)) — s(f(p),9(a7)) (8)

Therefore, if M > 0 the correct positive label is
predicted and if M < 0 the negative incorrect label
is selected instead. A higher margin magnitude
reflects greater model confidence.

4. Experiments and Results

We evaluated our model on two datasets. The
first is the ARO benchmark (Yuksekgonul et al.,
2023), which probes noun-attribute and predicate-
argument understanding. The noun-attribute
subset of the dataset is referred to as ARO-
Attribution and its predicate-argument subset as
ARO-Relation. An example of an image entry from
ARO-Attribution is the image of a silver fork on a
plate with a piece of cake which has dark brown
icing. The task is to choose between one of the two
pieces of texts: one that describes it as “silver fork
and dark brown icing” and another that says “dark
brown fork and silver icing”. Notably, one piece
of text is obtained from the other by swapping the
attributes of the nouns. In this case, the nouns
are “fork” and “icing”, whereas the attributes are
“silver” versus “dark brown”. Similarly, each entry of
ARO-Relation has an image and two pieces of text
describing it, where the verb is changed from one
text to the other. An example image here is that
of a red bus which is to the right of a big building,
and the following two pieces of text: “the red bus

is to the right of the big building” versus “the big
building is to the right of the red bus”.

We also evaluate our model on SVO-Swap (Lo
et al., 2025), a dataset similar to ARO-Relation
but inspired by the SVO-Probes benchmark (Hen-
dricks and Nematzadeh, 2021). It works with di-
verse verb types, whereas the only verb used in
ARO is the verb “to be”. An example image is that
of a woman holding a cat, described by the two
captions “A woman holds a cat” versus “A cat holds
a woman”. SVO-Swap is a small pilot dataset of
95 evaluation pairs, created from SVO-Probes by
swapping subjects and objects in its captions.

We trained the model using the Adam opti-
miser (Kingma and Ba, 2015) along with the Re-
duceLROnPIlateau scheduler from the PyTorch
python library. We use a batch size of 256 for SVO-
Swap and 512 for ARO. We also tested a variety of
combinations of qubits and layers for our ansatze.
We denote these varieties by pairs (ny,n;), where
nq is the number of qubits and n; is the number of
layers. We tested with the following varieties: (1,2),
(2,2), (3,2), (4,3), and (5,3). Additionally, we test
our CCG-VQC with two different ansatz.

To ensure a fair comparison, we evaluate our ap-
proach against two baselines: a VQC made from
a bag-of-words model, called QBoW and a fam-
ily of text transformer models sharing the same
architecture as the ones used in CLIP but with
greatly reduced parameters, termed MicroCLIP. In
the QBoW each word is translated into an inde-
pendent ansatz. Words are combined with each
other by taking their Frobenius multiplications, their
pointwise multiplication. This is a commutative op-
eration so QBoW does not even preserve word
order let alone grammatical structure. To ensure
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Attribution (Sim: 0.6578, Margin: —0.0198)
C: The tall tree and the green grass.
S: The green tree and the tall grass.

Relation (Sim: 1.0223, Margin: —0.0075)
C: The man is to the left of the person.
S: The person is to the left of the man.

Figure 5: Here ‘sim’ is the similarity score between the two captions and the ‘margin’ is the difference
between the positive and negative similarities as defined in Equation 8. Here we look at ambiguous
cases (high ‘sim’) from the ARO attribution and relation datasets that the model failed to correctly caption
(negative ‘margin’). Captions are labelled as Correct (C) and Swapped (S).

our architectural contributions are evaluated inde-
pendently of model scale and training volume, we
introduce MicroCLIP, a family of models trained
from scratch using the same data and protocol as
our proposed models. To match the low parame-
ter count of our structured VQCs (10K-100K) and
achieve a fair comparison, we drastically shrink the
standard CLIP text transformer encoder by reduc-
ing the number of layers from 12 to 2, attention
heads from 8 to 2, and embedding dimensions
from 512 to 8, 16, or 32 (yielding MicroCLIP-8,
MicroCLIP-16, and MicroCLIP-32).

Lastly, we also display previous results based
on the tensor networks variant of our model before
conversion to VQC (Lo et al., 2025).

4.1. Results

Table 1 summarises our performance on the SVO-
Swap and ARO datasets. Our fully structured VQC
outperforms all others on the ARO-Attribution and
ARO-Relation, as well as on the newly developed
dataset SVO-Swap, demonstrating the benefit of
encoding linguistic structure without training on
hard negatives. The bag-of-words version of VQCs
performs as expected, reaching only an accuracy
of 50%, since it is commutative and ignores the
word order. In this model, the quantum circuits
of both texts of the entries of each dataset are
equivalent up to the parameters.

Despite using 63M parameters, CLIP and its
variant OpenCLIP achieve lower accuracy than
the CCG-VQC across all benchmarks. CLIP
achieves 57.89% on SVO-Swap versus 83.16%

for CCG-VQC; 61.00% versus 71.19% on ARO-
Attribution; and 51.53% versus 57.33% on ARO-
Relation. OpenCLIP improves over CLIP on SVO-
Swap (63.16%), but still falls short of CCG-VQC
(83.16%), and shows no improvement on ARO.

In Figure 6(a), we show that CCG-VQC outper-
forms MicroCLIP while using an order of magni-
tude fewer parameters. As seen in Figure 6(b),
the model performed best in SVO-Swap, which
shows a positive mean margin and an accuracy
of 83.16%. This plot shows that the majority of
data had a positive margin, meaning the major-
ity of captions were correctly aligned with images.
The outliers below the decision boundary (M < 0)
expose occasional misclassification; this was in
cases where the incorrect caption was aligned with
an image. A deeper look at the results reveals that
in these cases the visual pairing of the subject and
the object was ambiguous, i.e. the subject and ob-
ject looked alike in the image or the captions were
very similar, Figure 5. An interesting challenge to
note is that as the model achieved 90.1% accuracy

Table 1: Results on SVO-Swap and ARO.

ARO
SVO-Swap | Attribution Relation
QBoW 50.00 50.00 50.00
CCG-VQCsap 83.16 71.19 57.33
MicroCLIP-8 68.42 50.33 50.11
MicroCLIP-16 69.99 50.27 49.84
MicroCLIP-32 69.68 50.85 51.05
CLIP 57.89 61.00 51.53
OpenCLIP 63.16 59.13 50.71
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Figure 6: (a) Test accuracy vs. trainable parameters. CCG-VQC achieves competitive or superior accuracy
while requiring an order of magnitude fewer parameters than MicroCLIP. (b) Margin of correctness
(Equation 8) against caption similarity. Regression lines (red) illustrate performance degradation as lexical
similarity (difficulty) increases. Marginal distributions on each axis indicate the density of correct (green)
and incorrect (red) classifications relative to the decision boundary (dotted line).

during training on the ARO-Attribution dataset this
visually contrasts with the test accuracy of 71.19%.
This suggests a generalisation gap when applying
learned adjective-noun structures to unseen data.
Moreover, for the ARO-Relation dataset both the
training accuracy and test accuracy remained near
the 50% mark. This suggests a structural collapse
when trying to capture spatial relations.

5. Discussion and Analysis

The overall performance of our model across all
datasets demonstrates that the use of VQCs and
quantum states, in most cases, enabled us to suc-
cessfully create structurally aware meaning rep-
resentations capable of capturing the asymmetric
behaviour of verbs and other predicates, such as
prepositions and adjectives. Here, our SAP ansatz
did the best and CLIP and OpenCLIP fell short due

to their transformer architecture having a lack of
explicit structural inductive bias.

This is most evidently seen in the SVO-Swap
dataset, where our CCG-VQC model achieves an
accuracy of 83.16%. SVO-Swap has a primitive
linguistic structure; its sentences consist of only
three roles: subject, verb, and object. This result
demonstrates that when parse complexity is min-
imised, the model learns it well. This extends to
ARO-Attribution, achieving an accuracy of 71.19%,
further showing that our model can effectively as-
sign attributes to corresponding objects. On ARO-
Relation, which is the hardest of our benchmarks,
the model achieves an accuracy of only 57.33%,
while low in isolation, many classical models only
manage to reach an accuracy of around 50%. This
indicates that our model can capture some, albeit
minimal, relational dependencies.

This performance shift highlights limitations of
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the CCG framework for complex linguistic tasks.
Hence after conducting error analysis, in particular
investigating the similarity between captions, we
noticed the model’s lower accuracy seems to arise
from the text encoder failing to distinguish between
very similar captions. In our failure cases, ARO-
Relation text circuits showed high similarity, con-
trasting with the clear separation observed in ARO-
Attribution (see Figure 5). ARO-Relation underper-
forms compared to SVO-Swap for two main rea-
sons: its verbs lack strong selection preferences,
and it contains more complex sentences largely
consisting of prepositional phrases. The CCG trees
for these phrases are highly nested. This leads to
high-rank tensors that disperse semantic informa-
tion and saturate the representation space, which
in turn forces the meaning representations to col-
lapse into a very concentrated region of the Hilbert
space. This heavily affects our model’s discrim-
inative power. It would be fruitful to explore the
relationship between the parse complexity of such
models and their resulting performance in terms of
accuracy.

There are also structural asymmetries between
the text and image modalities. Unlike text, we use
a very basic VQC for images, which does not re-
flect its semantic structure. Further, this encoding
is built on the frozen classical vision transformer,
which treats the images as a flat grid of patches.
As a result, the quantum text encoder is forced
to do all the structural heavy lifting, trying to align
a highly structured linguistic state to a static and
structurally flat visual state, potentially causing the
representation to lose structural awareness.

The integration of these modalities introduces
further architectural challenges and topological
mismatches. Similar to CLIP, our approach re-
lies on late fusion, where the text and image are
processed in complete isolation and only interact
at the end via similarity. This prevents the text’'s
relational structure from explicitly guiding the vi-
sual embeddings or vice versa. Indeed, it has
been shown theoretically that no joint embedding
space can simultaneously represent concept cat-
egorisation, attribute binding, and spatial relation-
ships when cross-modal interaction is reduced to
a single scalar similarity score (Kang et al., 2025).
Additionally, there is a fundamental topological mis-
match between the learnt text embeddings in the
complex Hilbert space and the frozen image em-
beddings originally learnt in Euclidean space. En-
forcing alignment on a static Euclidean-informed
image manifold crudely projected onto the complex
Hilbert space risks stripping the quantum state
vectors of their delicate structural representations,
further contributing to a potential alignment col-
lapse. Overall, an interesting future direction would
be to explore where specifically these bottlenecks
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lie. If a learnable image component was used with
more sophisticated fusion would the text encoder
actually suffer from the aforementioned issues or
would it perform well in spite of them.

6. Summary and Outlook

In this paper, we introduced CCG-VQC, a mean-
ing representation for natural language that uses
Variational Quantum Circuits (VQCs) guided by the
rules of Combinatory Categorial Grammar (CCG).
By mapping syntactic CCG derivation trees into
quantum circuits, our model represents words as
trainable quantum states and linguistic composi-
tions as entangling operations, encoding sentence
structure directly in the circuit topology. Our experi-
ments show that this structural inductive bias leads
to consistent gains on compositional benchmarks.

The unstructured quantum bag-of-words base-
line (QBoW) collapses to 50% accuracy on ev-
ery dataset, while CCG-VQC reaches 83.16%
on SVO-Swap, 71.19% on ARO-Attribution, and
57.33% on ARO-Relation, surpassing both CLIP
and OpenCLIP despite using two orders of mag-
nitude fewer parameters. A parameter-matched
MicroCLIP baseline confirms that the gains stem
from architectural structure rather than scale alone.

Several directions remain open for future work.
An interesting area to explore is how different
grammar-based topologies handle deep nesting
in complex linguistic structures and whether this
helps reduce parse dilution. One interesting alter-
native that could be explored is Universal Depen-
dency (UD) grammars. In multimodality, a two-fold
improvement would involve an early-fusion or uni-
fied space with a learnable image encoder, allow-
ing structurally aware text embeddings to inform
image embeddings and enabling bidirectional align-
ment that better preserves embedding topology.

Pre-training on larger datasets such as
MSCOCO (Lin et al., 2014) and ConceptualCap-
tions (Sharma et al., 2018) should improve gener-
alisation, particularly for ARO-Relation.

Evaluating CCG-VQC on structural NLP bench-
marks beyond VLM tasks is another natural future
work, as is assessing its robustness to gate noise
and running it on near-term quantum hardware.
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