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T. G. Limbäck-Stokin1, G. Pinheiro2, K.I. Lo1, M. Sadrzadeh1

1University College London 2University of Edinburgh

Introduction Vision-language understanding is a key challenge in AI, with applications to image-text alignment
and retrieval [17]. Models such as OpenAI’s CLIP [24] have shown that large-scale joint embeddings can effectively
connect visual and textual data. However, they primarily rely on Transformer architectures with dense attention,
which can overlook linguistic structure and consequently misunderstand the underlying meaning of the text [14].
Recent evaluations of CLIP-like models (e.g., ARO, SugarCrepe, Winoground, and SVO-probes [31, 11, 28, 10])
demonstrate that these models frequently ignore word order and predicate-argument structure, thus struggle
with identifying hierarchical relations such as verbs, acting like bag-of-words models. Addressing these challenges
purely classically requires pre-training with hard negatives, which typically relies on datasets exceeding 400 million
image-text pairs [24] and models scaling beyond 10 billion parameters [19].

In contrast, Quantum Machine Learning (QML) can take structure into account by mathematically embedding
data symmetries and relational constraints into the gate topology of Variational Quantum Circuits (VQCs). Examples
include Quantum Convolutional Neural Networks (QCNNs) [6], Quantum Graph Neural Networks [9], and Equivariant
Quantum Neural Networks [15], which preserve the symmetries in images, graphs, and feature orderings. While
highly effective at capturing symmetries in molecular and physical systems, these models were not explicitly designed
to handle the hierarchical structures inherent to natural language.

To bridge this gap, we introduce QuCLIP, the first quantum vision-language model that encodes linguistic
structure using a specialized Combinatory Categorial Grammar (CCG) ansatz. CCG formalizes the hierarchical
linguistic relationships by mapping syntax to semantics via function application [27]. Previous work translates
functions into tensors and represents function application by tensor contraction [20]. The novel contributions of
this paper are two-fold. On the theoretical front, (i) we develop a quantum circuit semantics for CCG, where
the tensors become entangled spaces and contractions Bell tests over them, (ii) by restricting entanglement to
adjacent physical positions for text, using unitaries instead of Bell tests and quantum feature maps for images,
we design a hardware-aware ansatz that reduces shot count and noise. On the experimental side, we evaluate
the setting on three compositional vision-language benchmarks (SVO-Swap, ARO-Att, ARO-Rel) via classical
simulations, then test via emulation of quantum hardware and benchmark the results in the presence of noise.
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The QuCLIP Architecture 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 function types: forward and backward application A\B and A/B.
The formal definitions of these rules 1 and an example derivation for the
sentence “Alice likes Bob” are presented on the right 2.

A circuit semantics for CCG is developed via a homomorphic CCG-
VQC mapping n between the CCG derivations and VQCs, by induction
over the CCG derivation trees. This map assigns to each atomic type
A a number of qubits n(A). The number of qubits assigned to function
types X/Y or X\Y is defined recursively as follows n(X/Y ) = n(X\Y ) =
n(X) + n(Y ). The circuit semantics of a word with type T is an n(T )-qubit quantum state |ψ⟩, prepared by a
variational quantum circuit Un(T )(Θ) that acts on an initial |0⟩⊗n state where H = C2, see equation 1 below:

G(w) = |ψw⟩ = U(Θw)|0⟩⊗qw ∈ H⊗(
∑k

j=1|tj |) (1)

The circuit semantics of a sentence consisting of a sequence of n words w1w2 · · ·wn is G(w1 · · ·wn), obtained by
preparing the tensor product of the individual word states and applying Bell measurements to contract the shared
grammatical types. Let qi =

∑k
j=1|tj | be the number of qubits assigned to the word wi. Suppose the CCG derivation

tree dictates the set of function applications S, where each application k ∈ S represents a shared type tk between a
subsystem Ak and a subsystem Bk. In this case, the circuit semantics of a sentence is defined in equation 2:

G(w1 · · ·wn) =

(⊗
k∈S

⟨Φ|⊗|tk|
Ak,Bk

)(
n⊗

i=1

U(Θi)|0⟩⊗qi

)
(2)
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where |tk| is the number of qubits corresponding to the atomic type tk, and ⟨Φ| = 1√
2
(⟨00|+ ⟨11|) is the Bell test

applied to the matching pairs of wires.
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Figure 1: Mapping the CCG rules to VQCs. The
C gate performs Bell measurements mirroring
predicate-application 2.

Objective Function Unlike classical models like CLIP that
minimize the cosine distance between classical embeddings [30],
QuCLIP aligns quantum state vectors. To effectively train this
model, we introduce a Fubini-Study metric-inspired loss [8, 4] 3.
We find this formulation outperforms classical cosine similarity
and quantum fidelity by preserving gradients during contrastive
learning, for more details see [18].

L = −
N∑
i=1

log
exp(s(Ii, Ti)/t)∑N
j=1 exp(s(Ii, Tj)/t)

,

s(I, T ) = arcsin(|⟨ψtxt | ψimg⟩|)

(3)

A Hardware-Aware Ansatz Learning complex data structures requires intricate arrangements of entangling
gates and this often clashes with the limited physical connectivity of near-term quantum hardware [3]. Mapping
hierarchical relational structures into VQCs requires highly entangled tensor spaces, resulting in deep circuits that
are susceptible to hardware noise and decoherence. [7]. To mitigate this, QuCLIP employs a set of hardware efficient
ansatz schemas [12]. For the textual data, we utilize a slightly modified variant of the Sim14 [26] ansatz. It
is defined sequentially as: (i) a layer of Hadamard gates H, (ii) a layer of general rotation gates R, (iii) a ring
of CNOTs, (iv) a second rotation layer, and (v) a reverse ladder of CNOTs 2. Application rules are executed
via Bell measurements followed by post selection [21], requiring all measured qubits to be in the |0⟩ state [5].
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Figure 2: The quantum circuit for the sentence “Alice
likes Bob” with n(N) = n(S) = 1.

Within each layer, a qubit undergoes a sequential three-
parameter rotation block, granting the model full SU(2)
expressivity. Following these rotations, entanglement is
generated via a periodic ring of CNOT gates coupling
nearest-neighbours (i → (i + 1) (mod N)). By restrict-
ing entangling operations strictly to adjacent physical po-
sitions, excluding the variable strides present in popu-
lar choices like the strongly entangling ansatz [25], this
topology minimizes the need for costly qubit routing
algorithms and avoids high-depth Swap gate overheads.
The post selection process imposed by the Bell measurements
causes the majority of circuit executions to be discarded, since
the probability of a state |0⟩⊗nb is only 1/2nb , with nb as the
number of measured qubits, this results in an exponential
growth in the total number of shots. We mitigate this by using the map-state duality and replace Bell tests by the
direct application of the word unitaries [2]. Despite increasing the depth, this approach is necessary to reduce the
exponential number of shots required per circuit.
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Figure 3: Quantum feature map architecture. Top: 3-
qubit ansatz with alternating feature re-uploading and
parametrised VQC layers. Bottom: The single-qubit
three feature embedding block R(ϕi).

For images, instead of the standard Amplitude Encoding
(AE) [22], we use quantum feature maps. This is because
the use of AE with the 512-dimensional CLIP embeddings is
not viable with the available quantum hardware as the large
depth results in a full decoherence of the state. The use of
quantum feature maps significantly reduces the depth foot-
print typically associated with standard amplitude encoding
with minimal changes in performance 3. We implemented
two quantum feature map approaches [23]: firstly we imple-
mented PCA reduced vectors directly in the ansatz, secondly,
we trained a Multilayer Perceptron (MLP) to project embed-
dings to a set of features and used the resulting embeddings
on the ansatz. In order to maintain the same circuit size
across all methods, we implemented feature re-uploading
on 9 qubits.
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Experiments & Results We evaluated the model on two benchmarks: SVO-Swap and ARO, with ARO-Att
and ARO-Rel subsets. SVO-Swap was derived from the bigger SVO-Probes dataset. For SVO-Probes, we used a
60/20/20 train/-validation/test split, excluding the entries selected for the SVO-Swap subset. For the ARO datasets,
we use a 70/15/15 split for both the attribution and relation variants, then combined the training and validation
splits while keeping the tests separate. Training was performed on an RTX 3090 Ti GPU with 24 Gb VRAM and
128 Gb standard RAM, we used the Adam optimiser [13] with a learning rate of 1e−3 for VQC parameters and 1e−5

for classical parameters present in the MLP feature map. Each text model uses the above ansatz with one qubit per
type, except for the output which is assigned 9 qubits, and 2 layers. For the image side, we used the quantum feature
map with 9 qubits and applied the interleaved feature uploading along with a variational layer 4 times. The circuits
are composed via the compute-uncompute method, where the complex adjoint of the image circuit is appended to
the text circuit and the probability of the 0 state is measured.

Setting Model Shots ARO-Att ARO-Rel SVO-Swap Overall

Acc (%) ρ Acc (%) ρ Acc (%) ρ Dmacro

Classical Simulation PCA – 47.85 1.000 49.80 1.000 69.47 1.000 0.000
MLP – 54.12 1.000 53.26 1.000 77.83 1.000 0.000

Noiseless Emulation PCA 1000 51.74 0.885 50.14 0.837 73.68 0.959 0.0296
MLP 1000 51.12 0.819 50.58 0.895 83.16 0.964 0.0242

Noisy Emulation PCA 100 48.47 0.232 47.80 0.207 67.37 0.891 0.0330
1000 49.11 0.185 49.86 0.154 70.53 0.784 0.0328

MLP 100 48.86 0.279 50.66 0.066 77.89 0.702 0.0483
1000 51.37 0.264 51.68 0.055 81.05 0.719 0.0501

The results show a comparative performance on all three benchmarks across classical simulations, noiseless
quantum simulations and noisy runs. For these latter, we used the FakeMiami, an emulator of the quantum computer
IBM Miami to run the test sets. Moreover, we establish bounds for correlation and macro mean absolute error
between the classical baseline and its corresponding emulation as ρ = 1.000 and Dmacro = 0.000, respectively. For
the classical simulations, MLP achieves the highest accuracy, peaking at 54.12% on ARO-Att, 53.26% on ARO-Rel,
and 77.83% on SVO-Swap. For the quantum runs, the noiseless MLP deployment still peaked on SVO-Swap at
83.16%, outperforming its classical counterpart and highlighting the structural advantage of the language-informed
circuit topology. On the ARO benchmarks, noiseless PCA and MLP performed very similarly, reaching an accuracy
between 50.14% and 51.74%. Under noisy conditions, the performance of both degraded. However, scaling the
execution from 100 to 1000 shots consistently mitigated the degradation and recovered accuracy across nearly all
evaluations: the accuracy of noisy MLP model on ARO-Att increased from 48.86% to 51.37%, on ARO-Rel from
50.66% to 51.68%, on SVO-Swap from 77.89% to 81.05%. The trend was similar for PCA, but at 1000 shots it
stayed slightly below MLP. Tracking the correlation metric (Spearman’s ρ) between classical simulation outcomes
and noisy/noiseless emulations revealed similar results: correlations were positive across all models and datasets,
but varied slightly between benchmarks, where occasionally the MLP does better and PCA underperformed. the
underlying margin gaps between correct and incorrect predictions change only slightly in the presence of noise, as
captured by the bounded macro mean absolute error (Dmacro) in the final column.

Discussion & Future Work QuCLIP provides a use case for current quantum hardware and an application of
QML to real-world, large-scale multimodal data, moving away from restricted datasets such as MNIST or Bars and
Stripes [16, 1]. It enforces linguistic structure via a homomorphic CCG-VQC mapping. To ensure NISQ viability
we utilizes map-state duality, hardware aware ansatze, and quantum feature maps with data reuploading to reduce
qubit count, depth, and post selection overheads. The results are comparable across classical simulations vs noiseless
and noisy emulations.

Our hardware aware ansatz only outperformed CLIP on SVO-Swap. This is due to having to work with a small
number of qubits and depth to keep the hardware costs and noise down. In the absence of these restrictions with an
average number of 12 qubits and depth of 108, the model outperformed CLIP and its more recent variant OpenCLIP
on all three benchmarks (see Table 1 of [18]). We are working with UK’s National Quantum Computing Centre
and its SparQ Access Programme to access their elaborate hardware platforms to remedy this problem. QuCLIP
lacks compositional representations for images. Ongoing work bridges this gap by integrating image parsers [29] to
decompose images into hierarchical scene graphs, mapping the visual relations onto VQC topologies and opening
pathways for early fusion mechanisms.
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