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ABSTRACT

Visual Semantic Embeddings (VSE) map images and text into a shared latent
space, serving as a core technique for multi-modal applications. While hyperbolic
VSE models effectively capture hierarchical data, they often process text as a sim-
ple Bag-of-Words, leading to a lack of compositional understanding. Building
on recent findings that large language models implicitly acquire syntactic struc-
ture, we propose a method to enhance VSE by explicitly learning the syntactic
structure of text. We introduce a novel regularization term that preserves parent-
child relations from dependency syntax trees as entailment relations within hyper-
bolic space. Experiments demonstrate that our method outperforms baselines not
only on the VL-CheckList benchmark for compositional understanding but also
on standard zero-shot tasks. These results confirm that explicitly incorporating
syntactic information improves the compositional capabilities of VSE models.

1 INTRODUCTION

Visual-Semantic Embeddings (VSE) embed images and text into a common space (Frome et al.
(2013)), serving as a core technology for tasks such as image retrieval and captioning (Karpathy &
Fei-Fei (2015)). While models like CLIP (Radford et al. (2021)) achieve remarkable zero-shot per-
formance using contrastive learning, their reliance on Euclidean space poses geometric constraints
for hierarchical data (Bridson & Haefliger (1999)). To address this, MERU (Desai et al. (2023))
applies hyperbolic space to VSE. By modeling the entailment relation between abstract text and
concrete images using entailment cones (Ganea et al. (2018)), MERU achieves hierarchical repre-
sentations while maintaining high performance.

However, existing VSE models, including MERU, tend to ignore word order and grammatical struc-
ture, effectively behaving as Bag-of-Words (BoW) models (Yuksekgonul et al. (2023)). For instance,
they struggle to distinguish subject-object reversals (e.g., “A cat chases a dog” vs. “A dog chases a
cat”), indicating a lack of compositional understanding (Koishigarina et al. (2025)). Consequently,
performance on benchmarks like Winoground (Thrush et al. (2022)) remains poor, limiting applica-
tions in complex scenarios such as robotics.

In contrast, large language models (LLM) are known to implicitly acquire syntactic structure through
pretraining (Hewitt & Manning (2019)). However, VSE text encoders typically lack the scale and
objective to learn such structure spontaneously. Based on these findings, we propose improving
VSE compositional understanding by explicitly preserving syntactic structure. Building on MERU,
we introduce a regularization term that models parent-child relations from a dependency syntax tree
as entailment relations in hyperbolic space. This paper details the proposed formulation in Section
3 and demonstrates its effectiveness through comparative experiments in Section 4.

2 RELATED WORK

CLIP CLIP (Contrastive Language-Image Pre-training) (Radford et al. (2021)) is a VSE model
that achieves high generalization performance through self-supervised learning on a large dataset
of image-text pairs. CLIP jointly trains two independent encoders: a text encoder (Transformer
(Vaswani et al. (2017))) and an image encoder (ResNet (He et al. (2016)) or Vision Transformer
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Figure 1: Architecture of our method. The input (initial embeddings) and output (contextualized
embeddings) of Multi-Head Attention within the text encoder are used to compute the syntax loss.
Focusing on the parent-child relation between “chase” and “two”, syntax loss encourages (i) the
contextualized embedding of the child “two” to entail the contextualized embedding of the parent
“chase”, and (ii) the initial embedding of the word “chase” to entail its contextualized embedding.

(ViT) (Dosovitskiy et al. (2021))). The contrastive loss used in CLIP is defined as a multi-class
N-pair loss (InfoNCE loss) (Sohn (2016)), which maximizes the cosine similarity of positive pairs
and minimizes the similarity of negative pairs among N image-text pairs in a batch.

Challenges in Compositional Understanding VSE models represented by CLIP show high per-
formance in matching word-level concepts and recognizing major objects, but they struggle with
compositional understanding. Yuksekgonul et al. (2023) reported that CLIP ignores word order and
grammatical structure and tends to process text as a Bag-of-Words. Thrush et al. (2022) created
Winoground, a benchmark for evaluating compositional understanding in VSE. In this benchmark,
two images and two texts are given, and the task is to identify the correct pairing. The texts are
composed of the same words and differ only in word order. On this benchmark, many VSE models
achieve performance equivalent to random choice.

Hyperbolic space and Hierarchy Hyperbolic space is a non-Euclidean space with constant nega-
tive curvature. Compared with Euclidean space, it expands exponentially. For example, the volume
of a ball of radius r in n-dimensional hyperbolic space is proportional to e(n−1)r. This property
makes it possible to embed tree structures (hierarchical structures), whose number of nodes grows
exponentially with depth, with arbitrarily small distortion (Sarkar (2012)).

MERU MERU (Desai et al. (2023)) is a model that extends CLIP to hyperbolic space. MERU
focuses on the entailment relation in which paired text (abstract concepts) entails images (concrete
instances) (Vendrov et al. (2016)) and introduces the entailment cone in hyperbolic space (Ganea
et al. (2018)). It is trained so that the embedding of the corresponding image is contained inside the
cone defined by the text embedding. MERU creates a hierarchical embedding space in which text
embeddings that represent general concepts are placed near the origin and image embeddings that
represent concrete instances are placed farther outward.

HyCoCLIP HyCoCLIP (Hyperbolic Compositional CLIP) (Pal et al. (2025)) further extends the
entailment loss of MERU. In addition to the inter-modal entailment relation between text and images
modeled by MERU, HyCoCLIP also models intra-modal part-whole entailment relations within text
and within images to improve compositional understanding.

3 METHOD

Our method uses MERU (Desai et al. (2023)) as the base model and introduces a new regularization
term, syntax loss. Figure 1 shows the architecture of our method. Two encoders embed images and
texts into hyperbolic space, respectively. We use a Transformer-based encoder as the text encoder.
A parser obtains a syntax tree of the input text based on dependency grammar, and computes syntax
loss for consistency with the tree by using the input and output of Multi-Head Attention.
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Table 1: Comparison of zero-shot image classification performance (Top-1 Accuracy).

Im
ag

eN
et

C
IF

A
R

-1
0

C
IF

A
R

-1
00

SU
N

39
7

C
al

te
ch

-1
01

ST
L

-1
0

Fo
od

-1
01

C
U

B

C
ar

s

A
ir

cr
af

t

Pe
ts

Fl
ow

er
s

D
T

D

E
ur

oS
A

T

R
E

SI
SC

45

C
ou

nt
ry

21
1

MERU 32.3 69.0 41.5 44.0 66.3 90.6 37.3 5.9 5.6 2.2 31.5 14.1 19.6 32.9 36.6 5.9
Ours 32.4 72.5 42.8 44.3 69.2 89.7 51.8 8.7 4.9 1.9 37.6 15.9 19.1 35.0 37.1 4.1

The loss function of our method is defined as a weighted sum of contrastive loss based on Lorentz
distance, entailment loss based on the entailment cone, and the newly introduced syntax loss. Given
a batch of image-text pairs B = {(Tk, Ik)}Nk=1, where Tk and Ik are the text and image of the k-th
pair, the total loss is defined as follows:

Lours(B) = Lcont(B) + λLentail(B) + µLsyntax(B), (1)

where λ and µ are hyperparameters controlling the weights of each loss term.

Contrastive Loss & Entailment Loss The contrastive loss Lcont and entailment loss Lentail are
computed in the same manner as in MERU. Details are provided in section A.3. Lcont encourages
paired image-text embeddings to be close in hyperbolic space while pushing apart unpaired embed-
dings. Lentail encourages image embeddings to be contained within the entailment cones defined by
their corresponding text embeddings, modeling the entailment relation from text to images.

Syntax Loss Lsyntax consists of two terms:

Lsyntax(B) =
∑

(T,I)∈B

lsyntax(T ), (2)

lsyntax(T ) =
∑

(p,c)∈S(T )

lentail(e
cont
c , econtp ) +

∑
w∈T

lentail(e
init
w , econtw ), (3)

where T is the text (sequence of words), w is a word in the text, einitw is the initial embedding of
word w, econtw is the contextualized embedding of word w, and S(T ) represents the set of parent-
child pairs (p, c) in the syntax tree of sentence S. The initial embedding einitw corresponds to the
input of the Multi-Head Attention in the text encoder and represents the latent meaning of the word w
itself, independent of context. The contextualized embedding econtw corresponds to the output of the
Multi-Head Attention and represents the meaning of the word incorporating contextual information.
lentail(x,y) is the entailment loss defined in section A.3, which encourages the embedding y to be
contained within the entailment cone defined by the embedding x.

The first term of eq. (3) aims to preserve parent-child relations in the syntax tree as entailment
relations in hyperbolic space. Child nodes represent abstract concepts as parts of a sentence, and
parent nodes represent more concrete concepts as wholes that integrate those parts. For example,
in the sentence “Two cats chase a dog”, the phrases “two cats” and “a dog” are child nodes of the
node “chase”, but the sentence “Two cats chase a dog” is clearly a sentence about “two cats” and
also about “a dog”. To model this relation in hyperbolic space, we encourage the contextualized
embeddings of a parent node to be contained by the contextualized embeddings of its child node,
that is, to lie inside the entailment cone.

The second term of eq. (3) aims to control the process by which each word embedding acquires
information from context. The initial embeddings represent abstract concepts that include all pos-
sible meanings, and the contextualized embeddings represent concrete concepts whose meaning is
restricted by a specific context. For example, without context, the word “chase” can mean abstract
and polysemous senses such as “someone chases something”, but in the sentence “Two cats chase a
dog” it is restricted to a specific action with a single meaning. To model this relation in hyperbolic
space, we encourage the contextualized embeddings to be entailed by their own initial embeddings.
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Table 2: Comparison of zero-shot retrieval performance (Recall@K).
Text → Image Image → Text

COCO Flickr COCO Flickr

R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10

MERU 47.59 59.15 74.72 83.64 65.40 75.40 86.70 92.00
Ours 47.42 59.16 75.34 83.54 66.14 75.46 87.60 94.00

Table 3: Performance Comparison on VL-CheckList.
Object Attribute Relation
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MERU 61.7 60.7 59.2 65.3 57.6 55.9 50.9 63.0 44.5 49.7 65.5 35.0 55.9
Ours 67.6 63.3 62.0 68.8 63.7 63.8 50.6 69.4 48.4 50.7 67.4 34.4 54.2

4 EXPERIMENTS

Experimental Setup For pretraining, we used the GRIT dataset (Peng et al. (2023)). As a shared
architecture for MERU and our method, we used ViT-S/16 (Chen et al. (2021)) for the image encoder
and a Transformer-based encoder for the text encoder, and we adopted AdamW (Loshchilov &
Hutter (2019)) as the optimizer. We used spaCy (en core web sm) (Honnibal (2017)) as the parser.

Evaluation: Zero-shot Performance First, we measured Top-1 accuracy on a standard bench-
mark of 16 datasets including ImageNet (Deng et al. (2009)). The results (table 1) show that our
method improves Top-1 accuracy on 11 of the 16 datasets compared with MERU, with a large
improvement of 14.5 points on Food-101. These results show that explicitly providing syntactic
information to VSE models contributes to better zero-shot image classification performance.

Using COCO (Lin et al. (2014)) and Flickr30k (Plummer et al. (2015)), we measured Recall@K
in both directions: text to image (Text → Image) and image to text (Image → Text). The results
(table 2) show that our method improves performance on many metrics compared with MERU,
indicating that introducing syntactic information also contributes to better zero-shot image retrieval.

Evaluation: Compositional Understanding VL-CheckList (Zhao et al. (2023)) is a benchmark
for evaluating compositional understanding of images and language, and it consists of three cate-
gories: Object, Attribute, and Relation. The results (table 3) show that our method outperforms
MERU in 10 of 13 subcategories. Performance improves especially in the Object and Attribute cat-
egories, while performance decreases in the Relation category. This is likely because our method
focuses only on parent-child relations in syntax trees based on dependency grammar and does not
distinguish relation types (for example, subject-predicate relations versus object-predicate relations).

5 CONCLUSION

We proposed a hyperbolic VSE method to improve compositional understanding by preserving syn-
tactic structure. Building on MERU, we formulated a syntax loss that models syntactic dependencies
and embedding transitions as entailment relations in hyperbolic space. Experiments show that our
method outperforms the baseline on zero-shot classification and the VL-CheckList benchmark, con-
firming the value of explicit syntactic information. However, gains in the Relation category remain
limited. Future work will address this by considering relation types in syntax trees.
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Figure 2: Trends of syntax loss during training for MERU (gray) and our method (brown). Ours
shows a rapid decrease in the early stages and maintains a low value. MERU also shows some
decrease, suggesting implicit acquisition of some syntactic information.

A APPENDIX

A.1 TRAINING: TREND OF SYNTAX LOSS

We compared the trends of syntax loss when training MERU and our method (fig. 2). Our method
shows a rapid decrease in syntax loss in the early stage of training and maintains a stable low value
until the late stage. This indicates that our method effectively preserves the syntactic structure of
text. MERU also shows some decrease in syntax loss, which is consistent with the observation that
large language models acquire syntactic structure internally (Hewitt & Manning (2019)). However,
the decrease is limited compared with our method, which indicates the effectiveness of explicitly
providing syntactic information.

A.2 HYPERBOLIC SPACE: LORENTZ MODEL

Known models of hyperbolic space include the Poincaré ball model and the Lorentz (Minkowski)
model. The Lorentz model (or Minkowski model) is numerically stable and is widely used in ap-
plications to VSE. The Lorentz model defines the n-dimensional hyperbolic space Ln as a hyper-
boloid in an (n, 1)-Minkowski space (an Rn+1 space consisting of n-dimensional space xspace and
1-dimensional time xtime). The Lorentz inner product and Lorentz distance in Minkowski space are
defined as follows:

⟨x,y⟩L = ⟨xspace,yspace⟩ − xtimeytime, (4)

dL(x,y) =

√
1

c
cosh−1(−⟨x,y⟩L). (5)

A.3 IMPLEMENTATION DETAILS

Contrastive Loss Lcont in eq. (1) is computed on the Lorentz model as in MERU:

L(B) =
∑

(x,y)∈B

lcont(x,y), (6)

lcont(x,y) = − log
exp(−dL(x,y)/τ)∑

y′∈Y exp(−dL(x,y′)/τ)
− log

exp(−dL(x,y)/τ)∑
x′∈X exp(−dL(x′,y)/τ)

. (7)

Entailment Loss Lentail in eq. (1) is computed on the Lorentz model as in MERU:

L(B) =
∑

(x,y)∈B

lentail(x,y), (8)

lentail(x,y) = max(0, ext(x,y)− aper(x)). (9)
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Here, B is the set of positive pairs (text embedding x and image embedding y) in a batch.

aper(x) is the half-aperture angle of the cone defined by text embedding x. It is designed such that
more abstract concepts (closer to the origin) have larger half-aperture angles:

aper(x) = sin−1

(
2K√

c∥xspace∥

)
. (10)

Here, K is a hyperparameter for cone size, and c is the curvature of the hyperbolic space.

ext(x,y) is the angle representing how far the image embedding y deviates from the axis of the text
embedding x’s cone:

ext(x,y) = cos−1

 ytime + xtimec⟨x,y⟩L

∥xspace∥
√
(c⟨x,y⟩L)2 − 1

 . (11)
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