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Abstract. Large-scale Vision—Language Models (VLMs) such as CLIP
learn powerful semantic representations but operate in Euclidean space,
which fails to capture the inherent hierarchical structure of visual and
linguistic concepts. Hyperbolic geometry, with its exponential volume
growth, offers a principled alternative for embedding such hierarchies
with low distortion. However, existing hyperbolic VLMs use entailment
losses that are unstable: as parent embeddings contract toward the ori-
gin, their entailment cones widen toward a half-space, causing catas-
trophic cone collapse that destroys the intended hierarchy. Additionally,
hierarchical evaluation of these models remains unreliable, being largely
retrieval-based and correlation-based metrics and prone to taxonomy
dependence and ambiguous negatives. To address these limitations, we
propose an adaptive entailment loss paired with a norm regularizer that
prevents cone collapse without heuristic aperture clipping. We further in-
troduce an angle-based probabilistic entailment protocol (PEP) for eval-
uating hierarchical understanding, scored with AUC-ROC and Average
Precision. This paper introduces a stronger hyperbolic VLM baseline
ARGENT, Adaptive hieRarchical imaGe-tExt represeNTation. AR-
GENT improves the SOTA hyperbolic VLM by 0.7, 1.1, and 0.8 absolute
points on image classification, text-to-image retrieval, and proposed hi-
erarchical metrics, respectively.

Keywords: Hierarchical Learning - Image-Text Representation - Vision
Language Model

1 Introduction

Large-scale Vision-Language Models (VLMs) like CLIP [14,/29] have revolution-
ized the field by learning semantically aligned representations from web-scale
image-text pairs. Their success, however, rests on a “flat-world” assumption:
concepts are represented as points in Euclidean space, implicitly treating all
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Fig.1: ARGENT improves both hierarchical training and evaluation. (a)
ARGENT outperforms the HyCoCLIP baseline on downstream tasks and our hierar-
chical benchmark (PEP AUC). (b) Our new Probabilistic Entailment Score (pgut)
offers a more discriminative evaluation; while both models may achieve 100% correla-
tion, our metric correctly identifies V LM 4 as superior.

semantic relationships as uniform distances. This clashes with the deeply hierar-
chical structure of both the visual world and human language ﬂgﬂ, where a “poo-
dle” is a specific type of “dog”, which is a class of “animal”. While recent work
reports traces of emergent hierarchical structure in CLIP-like models [1}/6,[7],
these effects are inconsistent, dataset-dependent, and difficult to control. The
primary bottleneck often appears to be the text encoder, which flattens struc-
tured language into a single vector. This approach struggles to explicitly model
linguistic hierarchy, hindering its alignment with structured visual information.
For example, the text encoder may represent “a poodle” and “a dog” as closely
related, yet fail to encode the explicit ‘is-a’ relationship, treating it similarly to
a purely associative link (like “dog” and “leash”).

The core challenge in visual-language modeling (VLM) is geometrically ac-
commodating the inherent exponential complexity of the conceptual and com-
positional hierarchies (e.g., “dog” — “mammal” — “animal”). Embedding this
structure into a traditional Euclidean space, which exhibits only polynomial vol-
ume growth, is not only mathematically inefficient but fundamentally induces
high distortion. To resolve this, recent work @ has leveraged hyperbolic
geometry. This non-Euclidean space is defined by its constant negative curva-
ture and, crucially, its exponential volume growth with respect to the radius.
This property makes it the continuous analog of a discrete tree and a natural,
low-distortion substrate for hierarchical data.

The application of hyperbolic geometry to VLMs has progressed rapidly. Ini-
tial explorations, such as MERU @II, pioneered contrastive learning in hyperbolic
space. Subsequent efforts, like HyCoCLIP , advanced this by modeling com-
positional relationships using hyperbolic entailment cones. While foundational,
existing hyperbolic VLMs face two significant challenges that impede further
progress. On the methodological front, their core loss function suffers from En-
tailment Loss Instability, making training brittle and prone to collapse. Sepa-
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rately, the evaluation framework for these models exhibits a critical shortcoming:
current hierarchical reasoning benchmarks are often unreliable and sensitive to
false negatives, failing to accurately measure true hierarchical understanding.

We first address the critical challenge of Entailment Loss Instability. The
entailment loss in prior methods is inherently unstable due to a geometric vul-
nerability. The hierarchical relationship is defined by a cone whose aperture is
inversely coupled to the norm of the parent embedding. The model can exploit
this coupling to find a pathological solution: by minimizing the parent norms, the
cone’s aperture widens until it degenerates into a flat half-space. This collapse
destroys the geometric notion of entailment, leading to a collapsed representation
space and catastrophic training instability. HyCoCLIP [25] attempted to miti-
gate this with a heuristic regularizer, 7, to manually restrict the cone’s aperture.
However, this is an ad-hoc fix that fails to address the fundamental geometric
cause.

We address this by proposing the Adaptive Entailment (AdaEnt) Loss that
dynamically scales the entailment angle based on embedding similarity, removing
the detrimental norm-to-cone relationship without relying on unstable heuristics.
We stabilize it further by integrating AdaEnt with a norm regularizer. Fig. [Th
shows that our resulting model, ARGENT, trained with the adaptive loss, out-
performs the HyCoCLIP baseline by a large margin.

Second, we tackle the pervasive problem of Inadequate Hierarchical Eval-
uation. Prior benchmarks, often relying on WordNet, are limited to short, single-
level phrases. While more recent datasets like HierarCaps |1] provide valuable
multi-level captions, their established evaluation protocol suffers from two issues:
(1) The inherent hierarchical signal within these datasets is weak due to ambigu-
ous ordering. (2) More critically, the evaluation procedure introduces a systemic
bias by incorrectly defining the ground truth. During standard image-to-text
retrieval, only the single caption paired with the query image is considered a
positive match. This ignores that many other captions in the candidate pool
could be equally valid hierarchical parents or children, preventing the evaluation
from measuring true hierarchical generalization.

To address this, we propose a new, direct, and robust Probabilistic Entail-
ment Protocol (PEP). Leveraging HierarCaps, we redefine the metric by treating
the angle between embeddings as a direct proxy for entailment probability. We
then compute AUC-ROC and Average Precision (AP) across a carefully selected
set of intra- and inter-sample pairs. This protocol moves beyond brittle retrieval
accuracy to provide a significantly more reliable and fine-grained measure of
a model’s hierarchical understanding. Fig. [Ip shows that our metric provides
a fine-grained score that correctly distinguishes model performance where the
original protocol fails.

In summary, this paper makes three key contributions to advance how VLMs
represent conceptual hierarchies:
® We introduce the novel Adaptive Entailment (AdaEnt) Loss, which resolves
the critical Entailment Loss Instability in hyperbolic VLMs, ensuring stable
training and robust representation (Sec. [4).
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® We propose the Probabilistic Entailment Protocol (PEP), a new, objective
evaluation that overcomes the systematic biases of prior benchmarks to reli-
ably measure hierarchical generalization (Sec. .

® Through comprehensive analysis, we validate our proposed loss and proto-
col, demonstrating that ARGENT sets a new state-of-the-art on hierarchical

representation learning benchmarks (Sec. [6)).
Together, these contributions provide a stronger foundation for building and

validating the next generation of hyperbolic VLMs.

2 Related Work

This work builds upon advancements in three primary areas: large-scale vision-
language models, the application of hyperbolic geometry to deep learning, and
the rapidly emerging field of hyperbolic vision-language models.

Vision-Language Models. Large-scale Vision-Language Models (VLMs), pre-
trained on extensive web data, have emerged as the leading approach in multi-
modal research. Models such as CLIP [29] and ALIGN |[14] utilize a contrastive
loss on massive image-text datasets to learn a joint, semantically rich embedding
space. This shared space shows remarkable zero-shot transfer abilities across var-
ious tasks. However, the inherent Euclidean geometry of these models is not opti-
mal for representing data with implicit hierarchical structures, such as semantic
taxonomies. This paper extends these foundational architectures by adopting an
alternative geometry specifically tailored to model such structures more effec-
tively.

Hyperbolic Deep Learning. Hyperbolic geometry, a non-Euclidean space with
constant negative curvature, is promising for embedding hierarchical data [3,24].
Early work in natural language processing [10}/33] and graph representation
learning |11,|12,21] demonstrated the advantage of hyperbolic embeddings for
representing taxonomies like WordNet [23| and large-scale graph structures.
These methods commonly utilize the Poincaré ball model to adapt neural net-
work architectures to this curved space. This work applies their geometric prin-
ciples to learn representations for multi-modal data.

Hyperbolic Vision-Language Models. The success of hyperbolic geometry
in unimodal tasks has led to its recent adoption in vision-language modeling.
Early efforts [15,36], such as MERU [9], extended CLIP’s contrastive learning
framework to the Poincaré ball, introducing hyperbolic VLMs. HyCoCLIP [25|
advanced this by explicitly enforcing compositional and hierarchical relationships
using hyperbolic entailment cones, moving beyond basic contrastive learning.
ATMG |30] explored the modality gap in hyperbolic space, proposing mitigation
strategies for this issue, often worsened by the space’s curvature. Recent works [5]
22,35] applies the hyperbolic concept to vision large language models or extends
to work video modality [|164/17,34] or adapts to specific tasks [13]/28,[32]. This
work complements these efforts by focusing on training stability and evaluation
of hierarchical structures within the embedding space, rather than solely on the
initial separation of modalities.
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Fig. 2: Behavior of Adaptive Entailment Ladagnt and standard Entailment
Loss Lgnt. The figure highlights two cases in a top-down view of hyperbolic space:
(1) Inside the norm boundary (||y| < ?/—%) The standard Lgnt collapses to zero
for all x in the non-origin half-space, even when the exterior angle ¢(x,y) is large. Our
Ladagns remains active (Ladagnt >> 0), preventing vanishing gradients. (2) Outside
the norm boundary: L. penalizes the likely noisy positive x2 and the true negative
x1 with the same value. Our £adaEnt adaptively assigns a lower loss to x2 while strongly
penalizing X; .

Evaluation of Hierarchical Reasoning. Existing methods for evaluating hier-
archical reasoning often rely on suboptimal benchmarks. WordNet-based evalua-
tions [25] are typically restricted to simple, single-level relationships and depend
on a single, manually curated taxonomy. While more recent datasets like Hier-
arCaps [1] offer multi-level captions, their evaluation protocol has fundamental
flaws. Specifically, conventional retrieval-based metrics fail to account for valid
hierarchical relationships with items outside of the query’s ground-truth pairs,
thus hindering the accurate measurement of a model’s true generalization ca-
pabilities. This work directly addresses these limitations by introducing a novel
and more robust evaluation protocol designed to precisely assess a model’s com-
prehension of hierarchical entailment.

3 Background

This section provides the necessary background on the Lorentz model of hyper-
bolic geometry and its application to hierarchical representation learning.

Hyperbolic Representations in the Lorentz Model. To effectively embed
data with a tree-like structure, MERU [9] utilize hyperbolic geometry, which
offers a powerful inductive bias due to its constant negative curvature and ex-
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Fig. 3: Analysis of the vanilla and proposed adaptive entailment loss. (a) The
norm constraint required by the standard loss. (b) A comparison between loss functions.
(c¢) The effect of our adaptive weight. (d) The behavior of our norm regularizer.

ponential volume growth. MERU selects the Lorentz model (or the hyperboloid
model), a well-established framework for hyperbolic geometry. This model de-
fines the n-dimensional hyperbolic space L™ as a specific manifold within the
(n + 1)-dimensional Minkowski spacetime, R"T1. The Lorentzian inner product
governs the geometry of this spacetime, defined for vectors x,y € R"*! as:

(X, ¥)L = —ToYo + (X, ¥)E (1)

where xg, yo are the first time coordinates and X,y are the remaining n spatial
coordinates. The hyperbolic manifold IL” is then the set of points on the upper
sheet of a two-sheeted hyperboloid:

1
L”:{xeR"“ : (x,x)L:—H,K>O} (2)

Here, —x € R represents the curvature of the space. For any point x on this
manifold, its time coordinate is fully determined by its spatial coordinates via

the relation xg = /1/k + ||X||?. The distance between two points is measured
along the geodesic connecting them, calculated as:
du(x,y) = N cosh™ (—r(x,¥)1) - (3)

Vanilla deep learning encoders produce vectors in Euclidean space. To map these
vectors onto the hyperbolic manifold, MERU predicts in the tangent space at
the origin of L™ and projects them using the exponential map, expZ.
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Learning Alignment and Hierarchy.Prior works [9,25] focus on two primary
objectives: aligning related concepts (e.g. an image of a cat and the text “a photo
of a cat”) and hierarchical ordering (e.g. “cat” is a type of “animal”, the crop
of cat region is more generic than the full image of a cat and a dog). These
methods align image-text via contrastive learning. Given a batch B of image-
text pairs (I,T), a standard contrastive loss function Lcont pulls corresponding
representations together while pushing non-corresponding pairs apart:

exp Isz)/T)
Lcont(I,T) 2;31 E exp(s(1;, T;)/7)’ W

where the similarity score s(x,y) is the negative geodesic distance, s(x,y) =
—dp(x,y) and 7 is a learnable temperature parameter.

To explicitly model “is-a” relationships, HyCoCLIP [25| utilizes a geomet-
ric construct of an entailment cone. For any given concept embedding y, its
entailment cone A, defines a region in the space. The learning objective is to
position embeddings of more specific concepts (e.g. “poodle”, x) inside the cones
of more general concepts (e.g. “dog”, y). The size of this cone is determined by

its half-aperture, w(y): o0
o) =™ (7). ©

where the constant C=0.1 [25] keeps the embedding closer to the origin. This
formulation is position-dependent; semantically more general concepts that lie
closer to the origin (smaller ||§||) are assigned wider cones. An entailment loss,
Lent, enforces this structure by penalizing cases where a specific concept x lies

outside the cone of a general concept y:
EEnt (Xa Y) = maX(Oa ¢(X7 y) - 770-)(}’)) (6)

where ¢(x,y) = 71— Z0yx is the exterior angle of x and 7 is a scaling factor |25].
Prior works [25] apply this loss to various pairs, such as (image, text), (image
crop, full image), and (text phrase, full caption). We show many of these concepts

pictorially in Fig.

4 ARGENT

We propose a novel adaptive entailment learning method to improve the align-
ment of latent representations in hyperbolic space. Specifically, we introduce our
adaptive entailment loss, which is designed to overcome the issues of cone col-
lapse and instability in prior work, thereby facilitating significantly more robust
hierarchical learning.

A core issue with the standard entailment loss Lg, in Eq. @, which hin-
ders learning meaningful representations, stems from the definition of the half-
aperture in Eq. . The sin™! function is only defined if its argument is < 1,
which imposes the constraint ||| > \2/—% With typical converged values of C=0.1

and £=0.1 [25], this requires ||y > 0.6325. Fig. [3aillustrates this invalid domain
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Fig. 4: Weighing factor h(x,y) (scaling) w.r.t. the distance (negative of sim-
ilarity) for intra and inter-modality samples in MERU, HyCoCLIP and ARGENT.

ARGENT uses adaptive weights compared to constant weights in MERU and Hy-
CoCLIP.

(shaded region). However, many embeddings in previous works [9}/25] fall into
the invalid region, violating this constraint. In such cases, the aperture is clipped
to m/2, transforming the cone into a half-space and reducing the entailment ob-
jective to a simple norm constraint: ||y||<[|X||. The hyperparameter 7 in Eq. (6]
of HyCoCLIP |25] thus serves as an ad-hoc fix, manually tuning cone sizes to
manage these geometric inconsistencies.

To address this issue, we introduce a more direct and robust Adaptive En-
tailment Loss. For a specific concept x and a general concept y, we formulate
the loss Ladagnt as:

EAdaEnt = Huber (h(X, y) . ¢(X7 y)7 ﬂ) (7>

where (3 is the Huber loss delta. Fig. shows that this formulation directly
minimizes the exterior angle and provides a smoother loss surface than Lep,
without relying on the problematic aperture calculation.

The adaptive weight term h(x,y) modulates the loss strength, with its effect
visualized in Fig. For inter-modality pairs (e.g. image-text), we set h(x,y) =
1. For intra-modality pairs (e.g. a crop and its full image), we define:

h(x,y) = 1—exp(s(x,y)) = 1—exp(—dL(x,y)) (8)

This adaptive weighting prevents the entailment loss from pushing near-identical
pairs apart, such as when a crop is almost identical to the full image. Thus, the
adaptive loss removes explicit geometric constraints of the entailment cone. Fig.[]
visualizes the adaptive term h(x,y) against the distance dp,(x,y) across models.

While improving stability, it drifts the embedding away from the origin, cre-
ating an overly sparse representation space. To counteract this, we introduce a
regularization term: Lreg(x) = [|X[>—log(||X]|). Fig. [3d| shows that this regu-
larizer encourages embedding norms to remain within a stable range by penal-
izing values that are either too small or too large. Our training objective is a
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Fig. 5: Recall@1 of the BLIP-L model in image-to-text retrieval task on HierarCaps.
Level 1 and 4 denotes the most generic and the most specific captions. We restrict the
candidate pool to a local set containing ground-truth captions and the top-5 most sim-
ilar (presumed false negative) captions. The model performance degrades when
the text is more generic (Level 1).

combination of the contrastive, adaptive entailment, and regularization losses:
L = Lcont +71LAdaEnt + 72LReg Where, v1, 72 are the weighing terms.

5 Revisiting Hierarchical Entailment Evaluation

To our knowledge, HierarCaps [1] is the only benchmark for evaluating multi-
level, hierarchical image-text representations. It provides semi-automatically gen-
erated captions at varying detail levels to evaluate entailment. However, we iden-
tify two critical, previously undiscussed limitations in its evaluation protocols:

Insensitivity of Ranking-Based Metrics. The primary ranking metric, Kendall’s
Correlation, is insensitive to the magnitude of ordering errors. For example, con-

2.«

sider four captions ordered from coarse to fine: “people”; “a group of people”, “a
group of people milling about inside a large space.”; “a group of people milling
about inside a large space in the winter”. This metric assigns the same penalty
for a swap between the two coarsest levels (e.g. “people” and “a group of people”)
as it does for a swap between the two finest levels. Intuitively, the latter error
is more severe as the captions differ by a greater amount of semantic detail.
Furthermore, the metric fails to capture the degree of entailment. If two mod-
els produce the same correct ordering, Kendall’s correlation cannot differentiate

which model better represents the semantic hierarchy.

Ambiguity in Retrieval-Based Evaluation.Image-to-text retrieval protocols
use a global candidate pool that mixes true negatives with many false negatives.
We observe cases where captions from visually similar images provide (near)
valid descriptions, yet evaluation counts them as distractors and penalizes them.
We perform two analyses to quantify this impact.

In our first analysis, we use a BLIP-L-ITM [18] model finetuned on COCO [20]
to retrieve the top-5 most similar images for each image in the benchmark. For
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Table 1: HierarCaps image-to-text retrieval performance of CLIPL... increases
as false negative captions are progressively removed from the candidate pool. This
shows that the current evaluation protocol is flawed.

Remove top-k Precision (%) 4 Recall (%) 4
None 15.36 43.23

k=5 17.10 (+1.74) 46.45 (+3.22)
k=10 18.05 (1 2.69) 48.10 (1 4.87)

every image, we construct a local candidate pool consisting of its ground-truth
captions and the captions from these 5 similar images. We then re-evaluate the
BLIP model on image-to-text retrieval at each hierarchical level using only this
local pool. Fig. [5| shows the Recall@1 from the most generic (Level 1) to the
most specific (Level 4). At the most generic level, performance drops to 30%.
Although we expect some overlap for generic concepts, this sharp degradation
within a small, highly confounding local pool indicates that the original retrieval
protocol defines an unreliable evaluation task.

In our second analysis, we evaluate CLIP]ﬁT |1], @ model fine-tuned on hierar-
chical data, using cleaner global candidate pools. This avoids potential artifacts
from the BLIP model, which was not trained on hierarchical data. We follow the
original HierarCaps protocol but progressively remove captions from the top-k
similar images (identified by BLIP) from the global pool. Tab. [1| shows that
retrieval performance steadily increases as we remove more of these ambigu-
ous false negatives. This confirms the highly significant and negative impact of
dataset ambiguity on the retrieval evaluation.

To reduce the impact of noisy and ambiguous annotations, we construct a
cleaned benchmark by filtering out ambiguous image—caption pairs and retaining
only high-confidence matches. We apply a model-assisted cleaning pipeline based
on Qwen3-VL [2] (verification), Qwen3-VL-Embed and Qwen3-VL-Reranker [19]
(similarity); details and thresholds are provided in the supplementary. From
1,000 samples, we retain 522 image—caption pairs with strong alignment and low
ambiguity. We also build a negative caption pool by selecting 100 captions with
the lowest retrieval degree (i.e., rarely retrieved for other images).

Proposed Probabilistic Entailment Protocol. We propose a new protocol
to evaluate hierarchical entailment on the HierarCaps dataset. Our metric quan-
tifies the entailment probability pg,s via the angle ¢ between embeddings:

pEnt(Xa y) = max (1 -
This function maps a perfect alignment (¢ = 0) to pgn = 1 and an orthogonal
or opposed alignment (¢ > 7/2) t0 pent = 0. For each image, we compute pgyt
using all corresponding hierarchical captions as positives, and use fine-grained
captions from the non-ambiguous negative pool as negatives. We then report
the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) and
Average Precision (AP) as the final metrics for quantifying entailment quality.
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Table 2: Main Results. ARGENT outperforms baselines on almost all met-
rics, often by a large margin. The adaptive approach not only improves performance
on downstream tasks (classification and retrieval) but also reduces hierarchical errors.
Results of all 16 image classification datasets are in supplementary material. [Keys:
Best, Gain and drop relative to HyCoCLIP baseline [25|, Cls= Classifcation, T2I=
Text-to-Image, I12T= Image-to-Text, Ret= Retrieval]

Cls (Acc 4) T2I Ret (RQk 4) I2T Ret (RQk 4) Hierarchical Metrics
Model COCO  Flike  COCO  Flickr WordNet PEP

INet Avg.

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10 TIE y LCA y Jac4 AUC 4 AP 4

CLIP-S |29 32.8 355 51.4 63.0 783 85.7 66.0 76.5 88.5 93.3 4.39 250 73.6 - -
MERU-S |9 32.6 34.3 51.2 63.3 77.7 86.3 65.8 76.7 88.2 94.3 4.35 248 73.7 584 19.9
HyCoCLIP-S |25 37.3 39.2 52.0 63.5 78.5 85.9 65.2 75.9 88.7 92.8 3.96 233 76.2 96.8 87.7
ARGENT-S 38.8 384 53.2 64.7 79.9 87.5 66.9 77.8 90.4 95.6 3.76 2.26 77.7 99.3 91.2
A 1.5 -0.8 1.2 +1.2 1.4 +1.6 1.7 +1.9 0.7 +2.8 -0.20 -0.07 1.5 2.5 3.5
CLIP-B |29] 36.9 376 54.8 66.3 81.9 88.6 70.4 79.3 92.1 95.3 3.87 230 84.0
MERU-B |9} 36.2 37.0 54.6 66.3 81.1 88.4 68.6 79.1 91.0 95.4 3.98 235 84.0 555 144
HyCoCLIP-B 25| 43.1 42.6 56.7 68.0 82.8 89.3 69.5 79.7 91.6 95.9 3.40 211 799 97.2 885
ARGENT-B 44.0 42.8 57.9 69.2 84.4 90.7 70.8 80.9 92.9 96.2 3.36 2.10 80.2 99.4 90.6
A 0.9 +0.2 1.2 +1.2 1.6 +1.4 1.3 +1.2 1.3 +0.3 -0.04 -0.01 0.3 2.2 2.1
CLIP-L [29] 39.9 40.6 57.7 69.2 84.6 90.3 70.5 80.5 93.6 96.1 3.64 222 786 - -
MERU-L (9 39.6 40.2 57.7 68.8 84.3 90.0 70.9 81.2 91.2 95.8 3.71 224 780 604 238
HyCoCLIP-L [25| 43.9 44.4 57.5 68.6 84.2 90.1 70.7 80.2 92.3 95.9 3.32 2.09 80.5 98.0 89.5
ARGENT-L 45.6 45.1 58.6 69.7 84.9 90.6 71.7 81.7 92.8 96.8 3.15 2.03 81.6 99.5 90.3
A 1.7 +0.7 1.1 +1.1 0.7 +0.5 1.0 +1.5 0.5 +0.9 -0.17 -0.06 1.1 1.5 0.8

6 Experiments

Training Datasets. Our experiments primarily utilize the GRIT dataset |26],
which comprises 20.5M grounded vision-language pairs. We train all models with
images and captions, with the exception of HyCoCLIP, which also incorporates
box information. For ablations, we apply HyCoCLIP’s data generation pipeline
to create a smaller CC3M dataset [31].

Benchmarks and Metrics. We evaluate our models on a suite of standard
downstream tasks including zero-shot image classification and image-text re-
trieval following previous works [9}25]:

® Zero-Shot Classification: We use a set of 16 widely used classification
datasets and report top-1 accuracy on ImageNet [§]|, along with the overall
average across all 16 datasets.

o Image-Text Retrieval: We report standard metrics, Recall@5 and Recall@10
(R@5, R@10) for both image-to-text and text-to-image retrieval on Flickr30k [27]
and COCO |20].

e Hierarchical Metrics (WordNet): Leveraging WordNet [23/25] to evaluate
the hierarchy of ImageNet predictions, we benchmark models using set-based
metrics: TIE, LCA, Precision, Recall, and Jaccard Index.

e Hierarchical Metrics (Ours): AUC-ROC and AP for our proposed prob-
abilistic entailment protocol.

Model Architecture. We extended the publicly available HyCoCLIP |25] code-

base, employing a dual-encoder CLIP architecture [9,[29] consistent with estab-
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lished practices. The image encoder processes 224x224 inputs with a 16x16
patch size, and the text encoder handles a maximum of 77 tokens. This ar-
chitecture was adapted to hyperbolic space to establish MERU [9] and HyCo-
CLIP |25] as baselines. While MERU learns representations for full image-caption
pairs, HyCoCLIP further utilizes phrases and image crops to impose hierarchical
structure. Our proposed model, ARGENT, integrates our adaptive entailment
loss (Ladagnt) into the HyCoCLIP framework. For £adagnt, we empirically set
both weighing terms ; and 2 to 0.1. We experimented with Small (S), Base
(B), and Large (L) model sizes. More details are available in the supplementary
material.

6.1 Quantitative Results

Tab. 2] compares ARGENT against all baselines trained on the GRIT dataset.
ARGENT consistently achieves substantial performance improvements, includ-
ing gains of up to 2.8% in average zero-shot classification and significant en-
hancements across all retrieval tasks. Furthermore, ARGENT shows consistent
improvements in hierarchical metrics, specifically the set-based WordNet scores
(TIE, LCA, Jaccard), and achieves a superior AUC on our evaluation metrics.
ARGENT proves robust across various model scales (Small, Base, Large), consis-
tently achieving top scores in nearly all configurations. Notably, increasing model
size correlates with more pronounced gains in downstream classification tasks
(e.g., a +1.7% increase on ImageNet for the Large model), while the Average
Precision (AP) on HierarCaps decreases. This observation suggests a potential
trade-off between optimizing for broad downstream performance and fine-grained
hierarchical representation, an area reserved for future investigation.

6.2 Hyperbolic Space Analysis

We next report the impact of the adaptive entailment loss by a comparative
analysis of the embedding structures learned by HyCoCLIP and ARGENT. Uti-
lizing HoroPCA [4], a specialized hyperbolic dimensionality reduction technique,
we project the learned embeddings into 2D Poincaré space and visualize their
norm distributions in Fig. [6]

Fig. shows HierarCaps text embeddings, revealing ARGENT’s ability to
produce a well-defined hierarchy with clear specificity level separation, unlike
HyCoCLIP’s collapsed embeddings near the origin. This highlights the effective-
ness of our loss in structuring and stabilizing the hyperbolic embedding space.

Similarly, Fig. [6b] displaying HoroPCA projections of CC3M components
(images, crops, captions, phrases), demonstrates ARGENT’s superior geometric
structure by exhibiting clearer decision boundaries between captions and phrases
and a broader spatial distribution of embeddings, suggesting a higher-capacity
representation space.

Further insights from Fig. [6fs norm distributions indicate that ARGENT
increases embedding norm variance and reduces overlap between caption and
phrase distributions. The most significant difference, however, appears in image
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Fig.6: HoroPCA and norm distribution of HyCoCLIP (left) and ARGENT
(right) on HierarCaps and CC3M. ARGENT increases the variance of embed-
ding norms and reduces the overlap between caption and phrase distribu-
tions.

and crop distributions: while the baseline shows considerable overlap, our model
generates a bimodal distribution for crops. One peak aligns with whole images
(likely large, salient crops), and a distinct second peak is positioned further away
from the origin, showcasing the effectiveness of our adaptive weight h.

6.3 Ablation Studies

We perform ablation studies on our smaller-scale CC3M dataset, training for
40,000 iterations (30M data points) to isolate the effect of each component.
Unless otherwise specified, we keep all hyperparameters identical to the main
experiments and modify only the component under study.
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Table 3: Ablation studies of proposed components. Our proposed Ladagnt outper-
forms standard entailment loss in (a). The adaptive wight is the most efficient when
applying on intra-modality pairs in (b). Regularization loss balances the performance
of the model on tasks in (d). [Key: Best in each group].

Cls. Ret. WordNet PEP
Acc. 4 | RQ54 | Err.y Jacc.4 | AUC4A AP +4
(a) Adaptive Entailment loss with Different Backbones
Ent 20.8 52.6 5.07 59.2 73.5 45.0

Model Module

MERU-
RU-S AdaEnt 20.6 53.4 4.98 59.4 95.5 60.9
Ent 22.9 54.8 4.73 62.2 94.6 76.2
H LIP-
yCoC S AdaEnt 22.8 55.5 4.60 62.8 97.3 76.9
Ent 25.4 59.6 4.41 64.4 94.2 76.4
HyCoCLIP-B
yeo AdaEnt | 253 | 60.2 | 4.28 657 | 97.9  78.2
Ent 25.8 62.1 4.37 65.5 93.6 76.0
H LIP-L
yCoC AdaEnt 26.2 63.0 4.32 65.2 97.9 79.2
(b) Entailment Relationship applied Adaptive Weight h
N 20.6 53.4 4.98 59.4 95.5 60.9
MERU-S one

Any 21.1 53.1 5.07 59.0 71.1 44.4
None 20.9 51.3 4.87 60.4 94.9 74.3
HyCoCLIP-S Any 21.6 54.9 4.68 62.0 71.1 40.2
Intra 22.8 55.5 4.60 62.8 97.3 76.9

(c) Regularization loss LReg

X 20. 2 11 . 4. .
MERU-S 0.8 53 5 58.8 94.8 58.7
v 20.6 53.4 | 498 59.4 | 95.5  60.9
X 20. 2. 4. 1. 2 75.
HyCoCLIP-S 0.8 52.6 85 61.0 96 5.6
v 22.8 55.5 | 4.60 62.8 | 97.3  76.9

Efficacy of Adaptive Entailment Loss. Tab. 3[a) shows that replacing the
vanilla entailment loss Lgyt (Ent) with Lagagns (AdaEnt) consistently improves
performance on both MERU and HyCoCLIP backbones, with particularly strong
gains on hierarchical metrics. AdaEnt also boosts downstream retrieval and, for
larger models, improves classification performance.

Adaptive Weight is Crucial for Intra-Modality Entailment. Tab. b)
confirms that applying the adaptive weight h to all pairs (‘Any’) degrades per-
formance, since it incorrectly weakens the crucial inter-modality constraints. Re-
stricting h to intra-modality pairs only (‘Intra’) achieves the highest performance
across all tasks, validating our choice.

Regularization Loss Stabilizes Performance.Tab. c) shows that removing
LReg lowers performance on both downstream tasks and WordNet-based hierar-
chical scores. This behavior is expected: without regularization, the embedding
space becomes overly sparse, which harms generalization in zero-shot tasks.
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7 Conclusion

In this work, we tackle key limitations in both the training and evaluation of hier-
archical vision-language representations. We introduce the Adaptive Entailment
Loss (LAdaEnt), for learning hierarchical relationships that directly minimizes
angular distance, thereby avoiding the constraint violations in prior cone-based
losses. Concurrently, we propose a new, more reliable evaluation protocol PEP
that reformulates hierarchical assessment as a probabilistic entailment classifica-
tion task. Our model, ARGENT, consistently outperforms previous baselines on
most downstream tasks and hierarchical metrics. Furthermore, our qualitative
analysis of the embedding space, using HoroPCA visualizations, substantiates
ARGENT’s ability to learn a more clearly separated and semantically mean-
ingful hierarchical structure. Our new protocol tackles the critical ambiguities
identified in the HierarCaps benchmark. By transforming the evaluation from a
noisy retrieval task to a probabilistic classification, we leverage standard, robust
metrics like AUC-ROC and AP to better quantify a model’s true entailment
quality.

Limitations and Future Work: Our adaptive loss, removes the explicit geo-
metric constraints of prior work, which increases embedding sparsity and necessi-
tates using Lreg regularizer. This introduces a new, albeit manageable, trade-off
in balancing the different loss components during training. Future works involve
creating a large-scale, and high-quality benchmark to advance research in hier-
archical modeling and retrieval with the new evaluation protocol.
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