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Abstract

Contrastive vision-language models like CLIP have achieved
impressive results in image-text retrieval by aligning image
and text representations in a shared embedding space. How-
ever, these models often treat text as flat sequences, limiting
their ability to handle complex, compositional, and long-form
descriptions. In particular, they fail to capture two essential
properties of language: semantic hierarchy, which reflects
the multi-level compositional structure of text, and seman-
tic monotonicity, where richer descriptions should result
in stronger alignment with visual content. To address these
limitations, we propose HiMo-CLIP, a representation-level
framework that enhances CLIP-style models without modify-
ing the encoder architecture. HiMo-CLIP introduces two key
components: a hierarchical decomposition (HiDe) module
that extracts latent semantic components from long-form text
via in-batch PCA, enabling flexible, batch-aware alignment
across different semantic granularities, and a monotonicity-
aware contrastive loss (MoLo) that jointly aligns global and
component-level representations, encouraging the model to
internalize semantic ordering and alignment strength as a
function of textual completeness. These components work
in concert to produce structured, cognitively-aligned cross-
modal representations. Experiments on multiple image-text
retrieval benchmarks show that HiMo-CLIP consistently out-
performs strong baselines, particularly under long or compo-
sitional descriptions.

1 Introduction
Cross-modal contrastive learning has become a foundational
approach for vision-language tasks, demonstrating strong
performance in image-text retrieval, zero-shot classification,
and image captioning. Models such as CLIP (Radford et al.
2021) achieve this by projecting images and texts into a
shared embedding space, where semantically aligned pairs
are drawn closer while mismatched pairs are pushed apart.
However, these models typically treat textual inputs as flat,
unstructured sequences, ignoring the rich semantic hierarchy
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Figure 1: (a) Text descriptions become semantically richer as
visual details increase from short to long. (b) However, ex-
isting models often break semantic monotonicity across de-
scription granularities, whereas HiMo-CLIP preserves con-
sistent alignment. (Note: FineLIP similarity > 1 is due to
customized test-time scaling.)

and compositionality inherent in natural language (Lewis
et al. 2022; Ji, Chen, and Wang 2021; Koukounas et al.
2024). This simplification limits their ability to fully exploit
longer or more complex descriptions that contain multi-level
semantics beyond short captions (Guo et al. 2023; Wu et al.
2021).

In practice, a single image may be described at multiple
semantic levels. As shown in Figure 1, the same image of a
white Ford F250 can be paired with either a short caption, “A
front view of a white Ford F250 that has been heavily lifted”,
or a longer, more detailed description that elaborates on vi-
sual attributes such as the oversized wheels, visible axles,
and tinted windows. A cognitively aligned model should not
only assess whether a text matches the image, but also rea-
son about how it matches, through object category, appear-
ance, or fine-grained contextual cues (Zeng, Zhang, and Li
2021; Tian, Wu, and Yang 2025; Sun et al. 2024). This moti-
vates two underexplored properties in vision-language con-
trastive learning: semantic hierarchy, the ability to repre-
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sent and align descriptions across varying levels of seman-
tic granularity, and semantic monotonicity, the expectation
that more informative and complete descriptions should lead
to stronger alignment with the corresponding image.

Modeling these properties poses significant challenges.
Existing methods often rely on fixed-length captions or
handcrafted subphrases to approximate semantic granular-
ity, yet such designs overlook the dynamic and context-
dependent nature of semantic focus. As illustrated in Fig-
ure 1, the long-form description of the Ford F250 includes
multiple visual cues, such as “oversized wheels,” “visible
axles,” and “tinted windows.” However, which part of the
description should be most semantically aligned depends
on the batch context. For instance, in a batch containing
other trucks, “tinted windows” may offer the most discrim-
inative cue, whereas in a batch with various vehicle types,
“Ford F250” or “heavily lifted” may dominate the align-
ment. Static, substring-based decomposition, such as fixed
truncation or manual segmentation, cannot flexibly adapt to
such shifts, and may introduce semantic noise or supervision
bias (Yuksekgonul et al. 2022). This calls for a data-driven,
context-aware mechanism to decompose and align semantic
components at varying levels of granularity.

To address the above challenges, we propose HiMo-
CLIP, a representation-level framework that enhances CLIP-
style models by explicitly modeling semantic hierarchy
and monotonicity, without modifying the underlying en-
coder architecture. HiMo-CLIP introduces two key com-
ponents: a Hierarchical Decomposition (HiDe) module and
a Monotonicity-aware contrastive Loss (MoLo). The HiDe
module leverages in-batch Principal Component Analysis
(PCA) (Jolliffe 2011) to extract latent semantic components
from long-form text, enabling flexible, batch-aware align-
ment across varying semantic granularities. This allows the
same sentence to emphasize different aspects, such as ob-
ject type, attributes, or context-depending on the distribution
of the current batch. Unlike manual subphrases or truncated
captions, these components are derived in a self-supervised
and context-adaptive manner, ensuring both semantic con-
sistency and scalability during training. The MoLo loss com-
plements HiDe by introducing a dual-branch alignment ob-
jective: one branch aligns global image-text pairs, while the
other aligns image features with each semantic component
independently. This formulation encourages the model to in-
ternalize semantic ordering, i.e., more detailed and informa-
tive texts should yield stronger alignment signals. Notably,
all components operate purely in the embedding space, re-
quiring no changes to the pretrained encoder or additional
supervision. Extensive experiments across multiple image-
text retrieval benchmarks demonstrate that HiMo-CLIP con-
sistently outperforms strong baselines, particularly under
long-form or compositional descriptions.

Our contributions are summarized as follows:

• We identify and formally define semantic hierarchy and
semantic monotonicity as two fundamental yet under-
explored properties of cross-modal contrastive learning,
essential for modeling multi-granular and completeness-
sensitive text-image alignment.

• We propose HiMo-CLIP, a self-supervised and encoder-
agnostic framework that contains a Hierarchical Decom-
position module (HiDe) and a Monotonicity-aware Con-
trastive loss (MoLo). Together, they enable structured,
context-aware, and monotonic alignment without requir-
ing architectural modifications or external annotations.

• We validate HiMo-CLIP on multiple image-text retrieval
benchmarks and demonstrate consistent improvements
over strong CLIP-style baselines, particularly in scenar-
ios involving long-form or compositional descriptions.

2 Related Work
2.1 Vision-Language Pretraining with CLIP
Vision–language pretraining has progressed rapidly with
models such as CLIP (Radford et al. 2021), which em-
ploy contrastive learning on large-scale image–text pairs to
learn transferable cross-modal representations. CLIP uses
a dual-encoder architecture with a visual backbone (e.g.,
ViT) and a text encoder (e.g., Transformer), aligned in a
shared embedding space via an InfoNCE loss (Oord, Li,
and Vinyals 2018). Despite strong zero-shot and retrieval
performance, CLIP is constrained by its reliance on short
textual inputs (Alper and Averbuch-Elor 2024; Xu et al.
2023). The 77-token limit, with most information concen-
trated in the first 20 tokens, restricts its capacity to encode
rich and structured semantics (Zhang et al. 2024). As a
result, long-form descriptions are truncated, and composi-
tional cues such as attributes and spatial relations are weak-
ened or entangled, yielding flattened embeddings that fail
to capture fine-grained semantics (Tschannen et al. 2025;
Li et al. 2022; Yamada et al. 2022; Fang et al. 2024; Zhai
et al. 2023). Although several datasets evaluate hierarchical
structure, they largely focus on short-text alignment and do
not fully capture the challenges posed by long-form descrip-
tions (Vulić et al. 2017; Santurkar, Tsipras, and Madry 2020;
Alper and Averbuch-Elor 2024).

2.2 Long-Form Text Modeling
To extend contrastive models beyond short captions, re-
cent works have introduced architectural modifications and
alignment strategies for handling long-form text. Long-
CLIP (Zhang et al. 2024) increases token capacity via po-
sitional interpolation and aligns global image features with
long-text backbones through principal component matching.
FineLIP (Asokan, Wu, and Albreiki 2025) refines token-
level alignment via adaptive modulation, while Dream-
LIP (Zheng et al. 2024) generates subcaptions to facilitate
hierarchical alignment between local regions and text frag-
ments. FG-CLIP (Xie et al. 2025) introduces region-aware
hard negatives to boost fine-grained discrimination. Despite
these advances, most methods focus on simplifying the vi-
sual side, through downsampling, cropping, or sparse selec-
tion, to accommodate longer texts, often degrading visual fi-
delity. More critically, few address the semantic redundancy
and structural diffusion intrinsic to long-form language. This
results in unstable performance when input text becomes
more detailed. LoTLIP (Wu et al. 2024) introduces clause-
aware corner tokens to better capture long-text semantics,
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Figure 2: HiMo-CLIP Framework. Our method enhances CLIP with two encoder-agnostic modules: (1) HiDe, which applies
in-batch PCA to extract discriminative semantic components and reveal a dynamic hierarchy conditioned on batch context; and
(2) MoLo, which aligns images with both full-text embeddings (global) and primary semantic components (component-level),
encouraging semantic monotonicity.

while TULIP (Najdenkoska et al. 2024) extends token limits
via relative position encoding. However, both lack mecha-
nisms for structured semantic compression, leaving redun-
dancy and irrelevant details insufficiently filtered.

Overall, existing models tend to overlook the modality
asymmetry: images typically exhibit spatial density and lo-
cal coherence, whereas long-form text is verbose and hierar-
chically structured, highlighting the need for structured se-
mantic compression on the language side.

3 Method
We propose HiMo-CLIP, a representation-level framework
that enhances CLIP-style models to capture semantic hierar-
chy and monotonicity without modifying encoder architec-
tures (see Fig. 2). The framework introduces two core com-
ponents: a Hierarchical Decomposition (HiDe) module that
extracts multi-granular semantic components via in-batch
PCA, and a Monotonicity-aware contrastive Loss (MoLo)
that leverages these components to enforce natural semantic
ordering. Operating entirely in the embedding space, HiMo-
CLIP enables self-supervised learning of structured, cogni-
tively aligned cross-modal representations.

3.1 Overview
HiMo-CLIP builds upon CLIP’s dual-encoder paradigm,
where images and texts are projected into a shared embed-
ding space. For an image I , its visual embedding is denoted
by v = fv(I) ∈ Rd, and for a text T , the textual embedding
is u = ft(T ) ∈ Rd. While CLIP effectively aligns these
global representations, it overlooks two essential linguistic
properties: semantic hierarchy, which reflects the multi-level
compositional structure inherent in natural language, and se-
mantic monotonicity, which implies that more complete tex-
tual descriptions should result in stronger alignment with the
corresponding image. HiMo-CLIP addresses these limita-
tions by introducing two lightweight and encoder-agnostic

modules. The Hierarchical Decomposition (HiDe) module
dynamically extracts latent semantic components from text
embeddings using in-batch Principal Component Analysis
(PCA), capturing varying levels of semantic granularity. The
Monotonicity-aware Contrastive Loss (MoLo) jointly aligns
images with both full-text embeddings and their semantic
components, implicitly encouraging alignment scores to in-
crease as the text becomes more complete. Both modules op-
erate entirely at the representation level, requiring no modi-
fication to the pretrained encoders, and enable structured and
cognitively consistent cross-modal alignment.

3.2 Hierarchical Decomposition (HiDe) Module

Motivation. Natural language descriptions, particularly
long-form ones, often express semantics across multiple lev-
els, such as object categories, attributes, and contextual de-
tails. Capturing this inherent hierarchy is crucial for precise
vision-language alignment. However, existing methods typ-
ically rely on static subphrases or fixed truncation strategies,
which are inadequate for adapting to batch-dependent se-
mantic relevance. For example, in a batch dominated by var-
ious vehicle types, category-level cues like “Ford F250” may
be most salient, whereas in a batch of similar trucks, fine-
grained attributes like “tinted windows” may become more
informative. A decomposition strategy that is static across
batches fails to reflect such context shifts, resulting in subop-
timal alignment. To address this, HiDe introduces a dynamic
and context-aware mechanism that leverages in-batch PCA
to extract latent semantic components from text embeddings.
This allows the model to capture semantically meaningful
structures at varying levels of granularity, adaptively shaped
by the composition of the current batch.
Architecture. Given a mini-batch B = {(Ii, Ti)}Ni=1 of N
image-text pairs, HiDe decomposes textual embeddings into
context-aware semantic components via PCA. Each text in-
put Ti is encoded as ui = ft(Ti) ∈ Rd. The batch mean
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embedding is computed as ū = 1
N

∑N
j=1 uj , and each em-

bedding is centered by ûi = ui − ū. PCA is then performed
on the set {ûi}Ni=1 through Singular Value Decomposition
(SVD) to extract the top m principal components, organized
as P = [p1, . . . , pm]⊤ ∈ Rm×d, where m is chosen such
that the cumulative explained variance exceeds a predefined
threshold (e.g., 0.9). Each centered embedding is projected
onto these principal components and reconstructed by

u′
i = P⊤(Pûi) + ū. (1)

This procedure produces a semantic component vector u′
i

for each original embedding ui, serving as a compact
sub-semantic representation that underpins the hierarchical
alignment within the HiMo-CLIP framework.

3.3 Monotonicity-Aware Contrastive Loss (MoLo)
Motivation. Semantic monotonicity captures the intuition
that more complete textual descriptions should align more
strongly with their images than partial ones. Standard con-
trastive models treat each input as an independent unit, lack-
ing this ordering property. To address this, we propose a
dual-level objective jointly optimizing global text embed-
dings and their semantic components. Extracted via PCA
from the full text, these components inherently represent
partial semantics. Aligning both levels encourages the model
to learn that full-text embeddings, containing all semantic
substructures, yield the highest alignment scores, thereby
achieving monotonicity without extra supervision.
Architecture. The global objective preserves CLIP’s con-
trastive alignment between full-image and full-text embed-
dings. Let vi and ui be the visual and textual embeddings for
the i-th image-text pair. The global loss is defined as:

Lglobal =
1

2N

N∑
i=1

[
Linfo(vi, ui) + Linfo(ui, vi)

]
, (2)

where Linfo(a, b) denotes the cosine-similarity-based con-
trastive loss, instantiated as the widely adopted InfoNCE
loss (Oord, Li, and Vinyals 2018; Radford et al. 2021). To
incorporate semantic granularity, each image embedding vi
is aligned with its semantic component u′

i obtained via PCA.
The component-level loss is formulated as:

Lcomp =
1

2N

N∑
i=1

[
Linfo(vi, u

′
i) + Linfo(u

′
i, vi)

]
. (3)

The final MoLo loss LMoLo combines both objectives:
LMoLo = Lglobal + λ · Lcomp, (4)

where λ balances the influence of the component-level term.
This formulation implicitly enforces semantic monotonicity
by leveraging the natural inclusion property of PCA compo-
nents. As the components are subsets of the full-text embed-
ding, the model learns to associate greater semantic com-
pleteness with stronger alignment, thereby producing more
cognitively consistent cross-modal representations.

4 Experiments
4.1 Training Details
Following LongCLIP (Zhang et al. 2024), we train HiMo-
CLIP on ShareGPT4V (Chen et al. 2024), which has 1.2M

Method BackBone Train Data Urban1k Docci Long-DCI
I2T/T2I I2T/T2I I2T/T2I

CLIP ViT-B/16 400M 68.1/53.6 58.5/58.2 35.0/33.1
Long-CLIP ViT-B/16 1M 78.9/79.5 63.2/71.5 42.2/48.4
TULIP ViT-B/16 1M 88.1/86.6 75.5/75.8 50.2/50.6
FineLIP* ViT-B/16 1M 88.2/88.2 75.8/77.3 55.8/53.1
LoTLIP ViT-B/16 100M 88.8/84.8 73.2/71.6 54.5/53.3
SigLIP ViT-B/16 10B 63.0/62.3 70.2/70.6 45.4/43.0
BLIP ViT-B/16 14M 45.5/48.5 50.5/53.5 -/-
EVA-02-CLIP ViT-B/16 400M 67.0/60.8 67.7/68.0 -/-
jina-clip-v2 ViT-B/16 1.7B 80.4/78.0 77.6/78.2 -/-
MetaCLIP ViT-B/16 400M 68.9/63.3 70.9/71.5 -/-
Ours ViT-B/16 1M 89.2/89.6 77.8/79.9 58.6/57.1

CLIP ViT-L/14 400M 68.7/52.8 57.5/60.7 33.4/31.3
Long-CLIP ViT-L/14 1M 82.7/86.1 66.5/78.6 46.5/54.3
TULIP ViT-L/14 1M 90.1/91.1 75.5/75.8 55.7/56.4
FineLIP* ViT-L/14 1M 92.3/91.2 81.5/82.6 59.6/58.5
MetaCLIP ViT-L/14 400M 73.4/70.0 76.5/76.7 -/-
SAIL-L-NV2 ViT-L/14 23M 81.5/80.2 76.5/78.9 -/-
EVA-02-CLIP ViT-L/14 400M 73.3/68.5 73.5/75.0 47.3/47.9
Ours ViT-L/14 1M 93.0/93.1 82.4/84.4 62.2/61.9

Table 1: Long-caption retrieval results. * denotes reimple-
mented methods. Bold and underlined indicate best and
second-best scores.

image–caption pairs with multi-sentence annotations aver-
aging 143.6 words. The model is initialized from CLIP and
fine-tuned 10 epochs on 8 NVIDIA H100s (global batch
1024) using AdamW (1e−6 LR, 0.01 weight decay, β1 =
0.9, β2 = 0.999) with 200-step warm-up. Images are re-
sized to 224 × 224, and texts padded/truncated to 248 to-
kens with interpolated positional embeddings. For HiDe, the
explained-variance threshold is set to τ = 0.9 and the com-
ponent loss weight is λ = 1.0.

4.2 Evaluation Details
Text-Image Retrieval. We evaluate HiMo-CLIP on stan-
dard benchmarks covering image-text matching and com-
positional reasoning. For long-text retrieval, we use Ur-
ban1k (Zhang et al. 2024), Docci (Onoe et al. 2024), and
Long-DCI (Najdenkoska et al. 2024), which contain cap-
tions averaging 128, 136, and 200 words, respectively. Eval-
uation follows each dataset’s official protocol using standard
metrics such as Recall@K. For compositional reasoning, we
adopt COLA (Ray et al. 2023), which contains 210 human-
validated multi-object queries with fine-grained attribute
variations, and we evaluate using COLA-multi accuracy. For
short-text retrieval, we report results on Flickr30k (Young
et al. 2014) and COCO (Lin et al. 2014), using the same
evaluation settings (please see supplementary materials).
Hierarchical Monotonic Alignment. To evaluate how
alignment strength scales with textual completeness, we in-
troduce HiMo@K, a hierarchical monotonicity metric appli-
cable to both standard benchmarks and long-form datasets.
Given a caption with n sentences (n ≥ K), we divide it into
K contiguous segments of roughly equal length. Let tk de-
note the concatenation of the first k segments, and stk the
matching score between the paired image and tk. For each
image-caption pair, we compute {st1 , st2 , . . . , stK} and as-
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Figure 3: Semantic monotonicity on HiMo-Docci. Each image is paired with five increasingly complete subtexts (HiMo@5).
HiMo-CLIP shows consistent score increases, unlike other methods. All scores are sample-normalized for fair comparison.

Method BackBone Train Data Flickr30k COCO
I2T/T2I I2T/T2I

CLIP ViT-B/16 400M 83.3/61.9 51.8/32.7
EVA-02-CLIP ViT-B/16 - 85.7/71.2 58.7/42.2
Long-CLIP ViT-B/16 1M 87.3/70.7 57.6/40.4
FineLIP* ViT-B/16 1M 85.4/65.6 53.1/36.2
LoTLIP ViT-B/16 100M 86.9/65.2 59.6/38.1
SigLIP ViT-B/16 10B 89.8/75.1 65.4/47.2
Action-CLIP ViT-B/16 0.7M 88.1/74.7 58.4/43.2
Ours ViT-B/16 1M 88.4/72.1 60.6/40.8

CLIP ViT-L/14 400M 86.1/66.0 56.1/35.4
Long-CLIP ViT-L/14 1M 89.0/76.7 62.8/46.3
TULIP ViT-L/14 1M 89.0/73.5 62.6/46.1
FineLIP* ViT-L/14 1M 90.5/74.7 60.3/43.5
Action-CLIP ViT-L/14-336 0.7M 91.5/74.0 62.5/44.1
Ours ViT-L/14 1M 92.5/78.2 65.1/47.2

Table 2: Results on short-caption cross-modal retrieval. * in-
dicates reimplementation.

sess whether similarity increases as more context is added.
For example, with n = 5 and K = 3, the caption is split into
segments as follows: the first contains sentence 1, the sec-
ond sentences 2–3, and the third sentences 4–5. HiMo@3 is
computed over t1, t2, and t3 (the full caption). When n = 6
and K = 2, the two segments contain the first and second
halves, respectively.

(1) General Definition (K > 3). For deeper hierarchies,
HiMo@K is defined as the Pearson correlation between sub-

Method H2↑ H3↑ HK↑ Ma.↑
Ur. Doc. LD. Avg Ur. Doc. LD. Avg

CLIP 77.0 74.9 65.5 72.5 40.7 33.9 31.0 35.2 0.43 27.6
EVA-02-CLIP 78.0 70.0 70.8 72.9 24.4 26.7 31.3 27.5 0.28 25.7
Long-CLIP 34.8 16.7 53.5 35.0 39.4 28.5 41.9 36.6 -0.55 32.4
TULIP 97.2 89.2 83.9 90.1 62.1 46.6 45.1 51.3 0.67 34.8
FineLIP* 97.9 98.5 92.8 96.4 64.9 60.6 53.7 59.7 0.83 34.3
FG-CLIP† 96.6 94.1 91.3 94.0 62.1 58.5 53.8 58.1 0.75 30.0
Ours 99.3 98.0 96.4 97.9 70.9 62.3 59.3 64.2 0.88 38.6

Table 3: HiMo@2/3/K and COLA-multi accuracy on Ur.,
Doc. and LD. * is reimplementation due to unavailable offi-
cial models. FG-CLIP† uses ViT-L/14-336, others use ViT-
L/14-224. H2/3: HiMo@2/3, HK: HiMo@K (Pearson on
HiMo-Docci), Ma.: COLA-multi accuracy. Ur.: Urban1k,
Doc.: Docci, LD.: Long-DCI.

text index k and similarity score stk :

HiMo@K = ρ(k, stk ) =

∑K
k=1(k − k̄)(stk − s̄)√∑K

k=1(k − k̄)2
√∑K

k=1(stk − s̄)2
, (5)

where k̄ and s̄ denote the mean of the segment indices and
similarity scores.
(2) Shallow Cases (K = 2, 3). For smaller K, correlation
is unstable. We thus define HiMo@K as strict monotonic
accuracy:

HiMo@K =
1

N

N∑
i=1

I[s(i)t1
< s

(i)
t2

(< s
(i)
t3

)] × 100%, (6)

where I[·] is the indicator function, and N is the number of
image-caption pairs.
Dataset for Deep Hierarchies. HiMo@2 and HiMo@3 can
be computed on existing datasets like Flickr30k, COCO, and
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τ
Urban1k Docci Long-DCI HiMo@2↑ HiMo@K↑
I2T/T2I I2T/T2I I2T/T2I

0.60 85.2/84.3 74.3/75.1 51.4/49.4 98.2 0.86
0.70 91.7/92.1 81.3/82.8 60.1/59.3 98.3 0.86
0.80 93.3/93.6 82.3/83.7 62.5/61.9 94.8 0.79
0.85 93.5/93.4 81.6/83.3 61.7/61.3 96.4 0.85
0.90 93.0/93.1 82.4/84.4 62.2/61.9 97.9 0.88
0.95 91.7/92.8 80.9/83.0 60.8/60.4 94.6 0.81

Table 4: Ablation of threshold τ in HiDe. HiMo@2: aver-
age monotonic accuracy on Urban1k, Docci, and Long-DCI.
HiMo@K: Pearson correlation on HiMo-Docci.

Docci. However, reliable evaluation for K > 3 requires
high-quality clause-level structure. To this end, we con-
struct HiMo-Docci, a curated subset of 1,000 Docci samples
with human-authored captions reannotated into semantically
valid subtexts. Each caption is manually segmented and ver-
ified to ensure hierarchical granularity. Prior datasets with
hierarchical structure (Vulić et al. 2017; Santurkar, Tsipras,
and Madry 2020; Alper and Averbuch-Elor 2024) focus on
short text and are not well suited for long-form alignment.
HiMo-Docci thus serves as a necessary resource for evaluat-
ing deep hierarchi.

4.3 Main Results and Analysis
Long-form Text Retrieval Performance. Table 1 shows
that HiMo-CLIP consistently outperforms state-of-the-art
methods on all long-text benchmarks. With a ViT-L/14 back-
bone, HiMo-CLIP achieves 93.0%/93.1% (I2T/T2I) on
Urban1k, 82.4%/84.4% on Docci, and 62.2%/61.9% on
Long-DCI, surpassing the strongest baseline, FineLIP, by
clear margins. Notably, these results are obtained using only
1M training samples, compared to LoTLIP’s 100M samples.
Existing methods such as TULIP and LoTLIP mainly extend
text length without modeling semantic structure. TULIP’s
RoPE-based extension (ViT-L/14, Docci T2I: 75.8%) treats
long texts as flat sequences, while LoTLIP’s corner tokens
(ViT-B/16, Docci T2I: 71.6%) rely on static clause bindings.
In contrast, HiDe’s batch-adaptive PCA (84.4%) dynami-
cally isolates context-critical semantics, enabling more ef-
fective long-text alignment.
Short-text Retrieval Compatibility. Contrary to methods
that sacrifice short-text performance for long-text gains
(e.g., Long-CLIP’s regression on Flickr30k T2I), Table 2
shows HiMo-CLIP maintains competitive results on COCO
and Flickr30k. With ViT-L/14, we achieve new SOTA on
Flickr30k I2T R@1 (92.5%) and COCO T2I R@1 (47.2%),
proving our hierarchical approach generalizes across textual
granularities without overfitting to long descriptions.
Semantic Hierarchy and Monotonicity. Table 3 shows
that HiMo-CLIP effectively models semantic hierarchy and
monotonicity. It achieves near-perfect HiMo@2 (97.9%)
and strong HiMo@3 (64.2%), outperforming FineLIP
(96.4%, 59.7%) and TULIP (90.1%, 51.3%). On deeper hi-
erarchies (HiMo@K on HiMo-Docci), HiMo-CLIP attains
a Pearson correlation of 0.88, indicating consistent similar-
ity growth with richer text, whereas LongCLIP lags behind

and exhibits a negative correlation (−0.55). On the COLA
multi-object retrieval task, HiMo-CLIP achieves the high-
est top-1 accuracy (38.6%), surpassing TULIP, FineLIP, and
LongCLIP. These results highlight the effectiveness of HiDe
and MoLo in capturing fine-grained, hierarchical semantics
beyond flat sequence representations.
Qualitative Results. Figure 3 shows HiMo@5 results
on HiMo-Docci, where HiMo-CLIP consistently exhibits
monotonic similarity growth, unlike CLIP and Long-CLIP
which show frequent drops, supporting the assumption
that richer subtexts yield stronger alignment. Figures 4
and 5 further illustrate HiMo@2/3/4/7 with qualitative ex-
amples, demonstrating that HiMo-CLIP reliably preserves
correct score ordering under deeper hierarchies. HiMo-
CLIP achieves the highest qualitative HiMo@4 (0.93) and
HiMo@7 (0.97), while FineLIP and TULIP exhibit score
reversals, and Long-CLIP shows strong negative correla-
tions (−0.94, −0.95). Even on shallow settings, HiMo-CLIP
maintains correct ordering throughout, whereas FineLIP,
TULIP, and FG-CLIP violate semantic monotonicity. These
results highlight the robustness and scalability of HiMo-
CLIP in modeling hierarchical semantic consistency.

4.4 Ablation Studies
HiDe Threshold Sensitivity. Table 4 shows that τ=0.9
achieves the best balance between retrieval and hierarchy,
yielding peak Urban1k/Docci recall, HiMo@2 of 97.9%,
and HiMo@K of 0.88. Smaller thresholds drop essential se-
mantics, while larger ones introduce noise, degrading dis-
crimination. These results highlight the importance of a
compact, well-chosen decomposition threshold for preserv-
ing hierarchical semantics and semantic monotonicity.
Component Alignment Strategy. Table 5 shows that only
the full objective (Lglobal + Lcomp) achieves optimal perfor-
mance. The 0.19 HiMo@K gap over Lglobal alone (0.69)
demonstrates that joint global–component alignment is criti-
cal for preserving semantic monotonicity, validating MoLo’s
dual-branch design and the role of component-level supervi-
sion in maintaining hierarchical consistency.
Loss Weight Ablation. As shown in Table 6, setting λ=1
yields the best trade-off, achieving strong global alignment
(Urban1k T2I 93.1%) and monotonicity (HiMo@2 97.9%).
Larger λ (2) overweights components and degrades retrieval
(Long-DCI I2T drops to 61.6%), while smaller λ (0.5) weak-
ens monotonic structure (HiMo@2 97.1% vs. 97.9%). These
findings emphasize the importance of balancing global and
local alignment objectives to optimize both retrieval quality
and hierarchical structure. Overall, the results demonstrate
that λ=1 provides a balanced supervision signal, allowing
the model to simultaneously retain strong retrieval perfor-
mance and preserve semantic monotonicity across levels.

5 Conclusion
We introduced HiMo-CLIP, a representation-level frame-
work enhancing CLIP-style models by explicitly modeling
semantic hierarchy and enforcing monotonic alignment be-
tween text and image. Our method combines a hierarchical
decomposition (HiDe) module with a monotonicity-aware
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Figure 4: Semantic monotonicity in HiMo@2 and HiMo@3. (a) HiMo@2: Each image is paired with two texts of increasing
completeness, where alignment should strengthen with richer descriptions. (b) HiMo@3: Images are matched with three hi-
erarchical texts (short, medium, long), following Fig. 1. Green/red denote correct/incorrect monotonicity. FineLIP scores may
exceed 1 due to its score fusion strategy.

Figure 5: Semantic monotonicity results on extended HiMo@K tasks. (a) HiMo@4: Each image is paired with 4 subtexts
of increasing semantic detail for finer-grained monotonicity testing. (b) HiMo@7: Each image is paired with 7 increasingly
rich captions, enabling stricter evaluation of hierarchical alignment than Fig. 4. Green/red markers indicate correct/incorrect
semantic orderings. FineLIP scores may exceed 1 due to its fusion strategy.

Method Urban1k Docci Long-DCI HiMo@2↑ HiMo@K↑
I2T/T2I I2T/T2I I2T/T2I

Lglobal 91.7/92.8 80.9/83.0 60.8/60.4 91.0 0.69
Lcomp 92.6/92.9 80.9/82.5 60.1/60.7 96.2 0.84
Lglobal + Lu,v

comp 87.5/91.4 78.8/82.1 57.7/57.8 91.7 0.69
Lglobal + Lcomp 93.0/93.1 82.4/84.4 62.2/61.9 97.9 0.88

Table 5: Ablation of loss and HiDe variants. Lglobal: no
HiDe. Lcomp: HiDe on text only. Lu,v

comp: HiDe on both modal-
ities. HiMo@2: average on three long-form text datasets;
HiMo@K: Pearson correlation on HiMo-Docci.

contrastive loss (MoLo), enabling fine-grained alignment
between image features and structured subtexts. Without
altering the encoder architecture, HiMo-CLIP outperforms
prior methods on long-form text retrieval, compositional
reasoning and newly proposed HiMo@K metrics, achieving
consistent gains across qualitative and quantitative evalua-

λ
Urban1k Docci Long-DCI HiMo@2↑ HiMo@K↑
I2T/T2I I2T/T2I I2T/T2I

2.0 93.1/92.3 81.9/83.9 61.6/61.4 97.8 0.88
1.0 93.0/93.1 82.4/84.4 62.2/61.9 97.9 0.88
0.5 92.8/93.1 82.2/84.3 62.3/61.8 97.1 0.87

Table 6: Loss weight λ ablation. λ balances global and
compositional losses. HiMo@2: average on three datasets;
HiMo@K: Pearson correlation on HiMo-Docci.

tions. These results show that aligning cross-modal repre-
sentations at multiple semantic levels is essential for robust,
cognitively aligned vision-language understanding. We hope
this work inspires more structured, interpretable, hierarchy-
aware multimodal learning.
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