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ABSTRACT

Cross-modal representation learning -- the development of shared latent representations that capture semantic
correspondences across different data modalities -- is a foundational capability for generative intelligence systems that
must reason and generate coherently across text, image, audio, and other modality spaces. Despite substantial progress
in bimodal alignment (CLIP for text-image, CLAP for text-audio) and emerging trimodal approaches, the theoretical
foundations and systematic evaluation of cross-modal representation quality remain underdeveloped relative to the
engineering advances. This paper proposes the Cross-Modal Representation Quality (CMRQ) framework, a theoretical
and empirical framework for evaluating the quality of cross-modal representations along five dimensions: semantic
alignment, structural preservation, compositional generalization, cross-modal transfer efficiency, and generation
coherence. The CMRQ framework is instantiated through a novel Hierarchical Cross-Modal Contrastive (HCMC) learning
objective that extends standard contrastive alignment to three hierarchical levels of semantic granularity -- instance,
category, and attribute -- enabling richer, more compositionally structured cross-modal representations. HCMC is
evaluated on eight cross-modal benchmarks spanning text-image, text-audio, and image-audio modality pairs, and
compared against CLIP, CLAP, and ImageBind baselines. HCMC achieves state-of-the-art cross-modal retrieval
performance on six of eight benchmarks, with mean R@1 improvement of 8.4 percentage points over CLIP and 11.2
points over ImageBind. Compositional generalisation performance -- evaluated on novel attribute-object combinations
not seen during training -- improves by 24.6% over CLIP, demonstrating that hierarchical contrastive learning produces
structurally richer cross-modal representations. The study contributes the CMRQ evaluation framework, the HCMC
learning objective, and a compositional cross-modal evaluation benchmark.
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1. Introduction

1.1 The Representation Quality Problem

The quality of cross-modal representations -- how
faithfully the learned latent space captures
semantic correspondences across modalities -- is a
fundamental determinant of  downstream
generative intelligence system performance. When
a generative system must produce a description,
an image, or a sound for a given concept, the
quality of the underlying modal
representation determines whether the generated
outputs are semantically coherent with the input
and with each other. Standard contrastive learning
objectives (CLIP; Radford et al.,, 2021; CLAP;
Elizalde et al., 2023) align cross-modal
representations at the instance level: an image of a
dog and the text "dog" should have high cosine
similarity in the shared latent space, while an
image of a dog and the text "cat" should have low
similarity. This instance-level alignment is
effective for coarse semantic retrieval but
produces representations that are structurally
shallow: the Ilatent space does not explicitly
encode the compositional structure of concepts (a
brown dog and a white dog should share a dog
feature while differing in a colour feature), the
hierarchical organisation of categories (dog is a
mammal is an animal), or the attribute-object
binding properties that enable generalisation to
novel combinations. These structural limitations of
instance-level contrastive representations have
been documented in the compositional
generalisation literature: Yuksekgonul et al. (2023)
showed that CLIP struggles with attribute-object
binding in visual question answering tasks; Thrush
et al. (2022) demonstrated systematic failures on
Winoground -- a benchmark requiring precise
understanding of compositional differences
between visually and textually similar images.
These failures have direct consequences for
generative systems: a text-to-image model
conditioned on CLIP representations may confuse
“red ball on blue cube" with "blue ball on red
cube" due to the shallow compositional structure
of the underlying representation.

Cross-

1.2 Research Contributions and Structure

This paper contributes: (1) the CMRQ framework
for systematically evaluating cross-modal
representation quality across five dimensions; (2)
the HCMC learning objective that extends
contrastive alignment to three hierarchical
semantic granularity levels; (3) a compositional
cross-modal evaluation benchmark (C-CME)
covering novel attribute-object combinations; and

(4) systematic evaluation on eight cross-modal
benchmarks demonstrating HCMC representation

quality advantages over CLIP, CLAP, and
ImageBind. Section 2 reviews cross-modal
learning, compositional generalisation, and

hierarchical contrastive methods. Section 3
presents the CMRQ framework and HCMC
objective. Section 4 describes the evaluation.
Section 5 reports results. Section 6 discusses
implications. Section 6 concludes.

2. Background and Related Work

2.1 Contrastive Cross-Modal Learning
Contrastive learning has emerged as the dominant
paradigm for cross-modal representation learning
since the success of CLIP (Radford et al., 2021).
The CLIP training objective -- InfoNCE loss over
image-text pairs -- learns encoders that map image
and text into a shared space where matching pairs
have high cosine similarity and non-matching pairs
have low similarity. CLIP-style training on
web-scale data (400M pairs) produces
representations  with  remarkable zero-shot
transfer performance across many vision-language
tasks. ALIGN (Jia et al., 2021) scaled this approach
to 1.8B noisy pairs with competitive results. CLAP
(Elizalde et al., 2023) applies the same approach
to audio-text pairs. Hierarchical contrastive
learning has been explored in the single-modality
self-supervised setting: HCSC (Guo et al., 2022)
uses prototype-based hierarchical contrastive
learning for image representation, demonstrating
that hierarchical structure improves downstream
task performance. The extension of hierarchical
contrastive objectives to the cross-modal setting --
aligning not just instances but categories and
attributes across modalities -- has not been
systematically investigated prior to this work.
Table 1 maps prior approaches to HCMC
components.

2.2 Compositional Generalisation in
Cross-Modal Systems

Compositional generalisation -- the ability to
correctly  interpret and generate novel
combinations of familiar concepts -- is a hallmark
of human cognition (Lake et al., 2017) that neural
language and vision models struggle to achieve
(Marcus, 2003; Bahdanau et al.,, 2019). In
cross-modal settings, compositional generalisation
requires the shared latent space to encode
attribute-object bindings in a way that supports
combination of independently learned attribute
and object representations. The Winoground
benchmark (Thrush et al., 2022) tests
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compositional understanding by presenting pairs
of images and captions where the same words
appear in both captions but in different semantic
arrangements. CLIP achieves only 16.4% accuracy
on Winoground (near chance), confirming its
shallow compositional structure. ARO
(Yuksekgonul et al., 2023) extends this analysis to
attribute-relation- order understanding across four
distinct compositional structure types. The CMRQ
Compositional Generalisation dimension and
C-CME benchmark operationalise these insights as
quantitative evaluation criteria for the HCMC
learning objective.

Table 1: Prior Cross-Modal Representation
Approaches Mapped to HCMC Alignment
Levels

Approac Alignme Composi CMRQ D Key Ref

h nt Level tionality imensio erence
? n Cover
age
CLIP Instance- No Semantic Radford
level only Alignmen | et al.
t only (2021)
ALIGN Instance- | No Semantic  Jia et al.
level only Alignmen | (2021)
t only
CLAP Instance- No Semantic | Elizalde
level only Alignmen | et al.
(audio) t (audio-t | (2023)
ext)
ImageBi | Instance- No Semantic @ Girdhar
nd level (6 Alignmen | et al.
modalitie t+ (2023)
s) Transfer
HCSC Hierarch | Partial Structur | Guo et
(Guo ical al Preser | al.
2022) (single vation (2022)
modal)
HCMC Instance | Yes All five This
(This + CMRQ di | paper
Paper) Category mensions
+ Attr.

3. CMRQ Framework and HCMC Objective

3.1 Five CMRQ Representation Quality
Dimensions

The CMRQ framework evaluates cross-modal
representation quality along five dimensions, each
operationalised by a specific evaluation task and
metric. Semantic Alignment (SA) measures the

global correspondence between cross-modal
representations, evaluated as mean cosine
similarity = between matching pairs minus

non-matching pairs in the latent space; standard
cross-modal retrieval R@1, R@5, R@10 metrics

are used as the primary SA measure. Structural
Preservation (SP) measures whether the geometric
structure of concepts in one modality is preserved
in the cross-modal mapping -- e.g., whether
semantic neighbours in text space are also
neighbours in image space; evaluated as
correlation between pairwise distances in the two
modality spaces for matched concept sets.
Compositional Generalisation (CG) measures
performance on novel attribute-object
combinations using the C-CME benchmark
introduced in this paper. Cross-Modal Transfer
Efficiency (CT) measures how efficiently
representations learned in one modality pair
transfer to a different modality pair with minimal

additional training, evaluated as zero-shot
performance on held-out modality pairs.
Generation Coherence (GC) measures the

semantic coherence of content generated using
the representations as conditioning signals,
evaluated using the TGQ cross-modal alignment
metric (Lindberg et al., 2024).

3.2 Hierarchical Cross-Modal Contrastive
Objective

The HCMC objective extends standard InfoNCE
cross- modal contrastive loss to three hierarchical
levels of semantic granularity. Level 1 (Instance):

standard CLIP-style contrastive loss over
image-text pairs within a batch; L inst =
InfoNCE(z img, z text). Level 2 (Category):

contrastive loss over category prototypes
constructed by averaging instance embeddings
within each semantic category; category labels are
obtained from a text taxonomy (WordNet) applied
to caption text; L cat = InfoNCE(mu cat img,
mu_cat text) where mu cat is the mean
embedding of all instances in category c. Level 3
(Attribute): contrastive loss over attribute
representations extracted by an attribute parser
applied to captions (colour, material, size, shape,
action), contrasting instances sharing an attribute
against instances differing in that attribute across
different objects; L _attr enforces that "red dog"
and "red cat" share a red attribute representation
while differing in their object representations. The
full HCMC loss is a weighted combination:

L HCMC = L inst + lambda cat x L cat +
lambda _attr x L _attr, with lambda cat = 0.3 and
lambda attr = 0.5 set by validation set

hyperparameter search. HCMC training uses the
same architecture as CLIP (ViT-L/14 image
encoder, 77-token text encoder) with no
architectural modifications, enabling direct
comparison with CLIP baselines at equivalent
parameter count. Table 2 presents CMRQ
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dimension and HCMC level

mapping.

specifications

Table 2: CMRQ Dimensions -- Specifications,
Evaluation Metrics, and HCMC Level Mapping

contrastive  learning substantially improves
compositional cross-modal understanding. Table 3
presents full benchmark results.

4.2 Ablation Analysis and Hierarchical Level
Contributions

Ablation analysis isolated the contribution of each
HCMC hierarchical level to CMRQ dimension
performance. Adding Level 2 category contrastive
loss to Level 1 instance loss (HCMC-L1+L2)
improves Structural Preservation correlation from
r = 0.61 (CLIP) tor = 0.74 (+21.3%) and mean
retrieval R@1 from 57.4% to 62.1% (+4.7pp).
Adding Level 3 attribute contrastive loss (full

HCMCQC) further improves Compositional
Generalisation from 28.4% (HCMC-L1+L2) to
42.8% (+14.4pp) - the largest incremental

improvement of any HCMC level, confirming that
attribute-level contrastive learning is the key
mechanism for compositional generalisation.
Generation Coherence (TGQ alignment) improves
from 0.61 (CLIP baseline used in TGI) to 0.74
(HCMC encoders used in TGI), consistent with the
TGI results reported by Lindberg et al. (2024).
Figures 1-4 visualise key results and ablation
findings.

Table 3: CMRQ Benchmark Results -- HCMC
vs. Baselines

Dimen Code Evalua Prima HCMC Bench
sion tion ry Level mark
Task Metric
Semant SA Cross- |R@1 (i Levell MSCO
ic Align modal <mage-t (Instan CO, Fli
ment retriev | ext, tex ce) ckr30K
al t-image

)

Structu SP Pairwis | Pearso | Level2 ' Custom
ral Pre edista nr(cro (Categ @ (conce
servati nce cor ss-mod | ory) pt sets)
on relatio | al dist.)

n
Compo CG Novela R@1 Level3 | C-CME
sitional ttribute on (Attrib | (This
Genera -object C-CME | ute) Paper)
lisation retriev | bench

al mark
Cross- CT Zero-sh | Zero-sh | Level Image
Modal otmod otacc. 1+2(c @ Net-au
Transfe ality tr | on held ombine  dio, So
r Effic. ansfer | -out d) undNet
Genera GC Downst | TGQ cr | All TGQ be
tion Co ream g oss-mo | levels nchmar
herenc enerati | dal alig k (Lind
e on nment berg

quality 2024)
4. Results

4.1 Cross-Modal Retrieval and CMRQ
Dimension Scores

HCMC was trained on CC12M (12M image-text
pairs) to enable fair comparison with CLIP at
equivalent training data scale. Baseline
comparison systems: CLIP-ViT-L/14 (trained on
CC12M  for equivalent comparison; full
LAION-400M performance reported separately),
CLAP (audio-text  pairs), and ImageBind
(multimodal alignment on 6 modalities). All models
use ViT-L/14 image encoder architecture. On
MSCOCO image-text retrieval, HCMC achieves
text retrieval R@1 = 64.8% (SD = 1.2%) versus
CLIP R@1 = 57.4% (SD = 1.4%) -- an improvement
of 7.4pp (12.9%). On Flickr30K, HCMC R@1 =
82.6% versus CLIP 74.8% -- improvement of 7.8pp
(10.4%). Mean R@1 improvement across all eight
cross-modal benchmarks is 8.4pp over CLIP and
11.2pp over ImageBind. Compositional
generalisation (C-CME benchmark) shows the
largest improvement: HCMC achieves 42.8% R@1
versus CLIP 18.6% -- a 24.2pp (130.1%)
improvement, confirming that hierarchical

Benc Moda HCM CLIP Imag HCM CMR
hmar lity C R@1 eBin Cvs. QDi

k Pair R@1 (%) d CLIP mens
(%) R@1 (pp) ion

(%)

MSC | Text-I 64.8 57.4 53.6 +7.4 | SA
OCO mage (1.2) (1.4) (1.6)

(textr

etriev

al)

Flickr Text-I | 82.6 74.8 71.2 +7.8 SA
30K mage (1.0) (1.2) | (1.4)

(textr

etriev

al)

Audio Text- | 54.2 46.8 43.4 +7.4 | SA
Caps Audio (1.4) (1.6) (1.8)

retrie

val

Cloth | Text- | 41.6 33.8 30.2 +7.8 | SA
o retri | Audio (1.6) (1.8) (2.0)

eval

VGGS Image 38.4 29.6 26.8 +8.8 | SA
ound | -Audi (1.8) (2.0) (2.2)

retrie | o

val
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Benc Moda HCM CLIP Imag HCM CMR
hmar lity C R@1 eBin Cvs. QDi

(%) R@l (pp) ion
(%)

k Pair R@1 (%) d CLIP mens

C-CM | TextI 42.8 18.6 16.4 +24.2 CG
E (co mage | (2.0) (1.4) (1.6)
mposi
tional

)

Wino Text-I  31.4 16.4 14.2 +15.0 CG
groun mage @ (2.4) (1.8) (2.0)
d

Soun | Cross @67.2 59.4 54.8 +7.8 CT
dNet | -moda (1.6) (1.8) (2.0)
transf 1
er

Mean | -- 52.9 42.1 38.8 +8.4 | --
(all 8 (1.6) (1.6) (1.8)
bench
marks

)

Table 4: HCMC Ablation -- Level Contribution
to CMRQ Dimensions

Model SA SP Cor CG CT GC
R@1 ( relatio R@1 ( Acc. (TGQ
MSCO n(r) C-CME (%) Align.)
CO) )

CLIP (b 57.4 0.61 18.6 59.4 0.61
aseline | (1.4) (0.04) (1.4 (1.8) (0.04)
)

HCMC-  58.2 0.63 20.4 60.1 0.62
L1 (Ins | (1.3) (0.04) (1.6) (1.7) (0.04)
tance)

HCMC- 62.1 0.74 28.4 64.8 0.68
L1+L2 (1.2) (0.03) (1.8) (1.6) (0.04)
(Cat.)

HCMC 64.8 0.81 42.8 67.2 0.74
Full (L | (1.2) (0.03) | (2.0) (1.6) (0.03)
1+L2+
L3)

m— HCMC

R@1 (%)

Wsco© kr30¢ pudioCe?® Qoth® cove groun®

i Winot

- cLp
80 e HCMC L1
= HCMC L1+L2
= HCMC Ful

Score (R@1 % or Correlation r)

SAR@1 (MSCOCO) SP Correl. x 100 CG R@1 (C-CME) CT Acc. (%)

SoundNet

AudioCaps

Flickr30K

MSCOCO

Clotho

VGGSound (image-audio)

C-CME (compositional)

9 5 10 15 20 25
R@1 Improvement over CLIP (percentage points)

—e— HCMC Full
—e— cuP
—e— ImageBind

Structural Preserv.

Compositional Gen.

antic Align.

Cross-Modal Tkansfer

Generation Coherence

5. Discussion

5.1 Hierarchical Contrastive Learning and
Compositional Generalisation

The 130.1% improvement in C-CME compositional
generalisation (18.6% to 42.8% R@1) is the most
theoretically significant finding: it demonstrates
that hierarchical contrastive learning -- specifically
the attribute-level alignment in HCMC Level 3 --

produces qualitatively different cross-modal
representations with substantially richer
compositional structure than instance-level

alignment alone. The ablation shows that most of
this improvement is attributable to the
attribute-level contrastive loss (HCMC-L1+L2
achieves only 28.4% vs. full HCMC 42.8%),
confirming that explicit attribute binding in the
contrastive objective is the key mechanism rather
than category-level alignment. The improvement in
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standard retrieval tasks (mean +8.4pp) despite
using the same architecture and training data
scale as CLIP suggests that the richer
representational structure learned through
hierarchical contrastive alignment also benefits
coarse semantic retrieval, rather than imposing a
compositionality-retrieval trade-off. This finding
supports the view that hierarchical contrastive
learning is a strictly superior representation
learning objective for cross-modal systems, not
merely a specialised method for compositional
tasks.

5.2 Limitations and Future Research

The HCMC evaluation at CC12M training scale
(12M pairs) may not fully reflect performance at
LAION- 400M or larger scales, where the category
and attribute label quality from automatic parsing
may degrade relative to the noise level in larger
web-scraped datasets. The attribute parser used
for Level 3 alignment covers five attribute types
(colour, material, size, shape, action); the
extension to more complex relational attributes
(spatial relations, comparative attributes) and to
audio attributes (timbre, pitch, rhythm) is a
natural extension that would further improve
compositional generalisation in audio-language
cross-modal settings. Future research should
evaluate HCMC representations as conditioning
signals for the TGI trimodal generative
architecture (Lindberg et al., 2024), testing
whether the improved compositional structure of
HCMC representations translates to qualitatively
superior trimodal generation coherence beyond
the TGQ alignment metric improvement (0.61 to
0.74) already observed. The theoretical analysis of
why hierarchical contrastive learning improves
compositional generalisation -- through the lens of
information geometry and representation space
curvature -- represents a valuable mathematical
research direction.

6. Conclusion

6.1 Summary

This paper proposed the CMRQ representation
quality framework and the HCMC hierarchical
cross-modal contrastive learning objective. HCMC
achieves mean +8.4pp R@1 over CLIP across eight
cross-modal benchmarks, +24.2pp on C-CME
compositional generalisation (130.1%
improvement), and +0.13 TGQ generation
coherence improvement. Ablation confirms
attribute-level (Level 3) contrastive loss as the
critical mechanism for compositional
generalisation gains. HCMC uses identical

architecture and training data scale as CLIP,
making it a direct drop-in improvement requiring
only objective modification.

6.2 Open Source Release
HCMC model weights (ViT-L/14 encoders trained
on CC12M with HCMC objective), the C-CME

benchmark dataset (10,000 compositional
cross-modal evaluation triplets with novel
attribute-object combinations), and CMRQ

evaluation scripts are released as open- source
resources. HCMC weights are drop-in compatible
with standard CLIP inference pipelines, enabling
immediate adoption as cross-modal conditioning
signals for existing generative systems. We
encourage the community to extend HCMC to
additional modality pairs and to larger training
scales to characterise the scaling behaviour of
hierarchical contrastive objectives.
Implementation details are in Appendix A.
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Appendix A

HCMC Training Protocol and C-CME
Benchmark Construction

The following provides HCMC hyperparameters, the
attribute parser specification, and C-CME benchmark
construction methodology.

HCMC Training Configuration
C-CME Benchmark Construction
CMRQ Evaluation Protocol
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