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Abstract

Learning the hierarchical structure of data in vision-
language models is a significant challenge. Previous works
have attempted to address this challenge by employing en-
tailment learning. However, these approaches fail to model
the transitive nature of entailment explicitly, which estab-
lishes the relationship between order and semantics within
a representation space. In this work, we introduce Radial
Cross-Modal Embeddings (RCME), a framework that en-
ables the explicit modeling of transitivity-enforced entail-
ment. Our proposed framework optimizes for the partial
order of concepts within vision-language models. By lever-
aging our framework, we develop a hierarchical vision-
language foundation model capable of representing the hi-
erarchy in the Tree of Life. Our experiments on hierar-
chical species classification and hierarchical retrieval tasks
demonstrate the enhanced performance of our models com-
pared to the existing state-of-the-art models. Our code
and models are open-sourced at https://vishulé6.
github.io/RCME.

1. Introduction

Computer Vision has become increasingly valuable in un-
derstanding the natural world, thanks to the rise of open cit-
izen science platforms and the abundance of consumer data.
These tools, complemented by domain experts, have been
instrumental in addressing pressing challenges at scale such
as automatic species identification [39, 42], animal behavior
understanding [6, 25] and visual geolocalization [16, 43].
Nevertheless, the complex and ever-changing nature of our
world poses a significant challenge in constructing models
that can generalize and adapt to novel data.

BioCLIP [36] and BioTroveCLIP [45] successfully at-
tempted to build a vision-language foundation model for the
Tree of Life. Recently, TaxaBind [34] extended BioCLIP’s
capabilities to handle additional modalities such as audio
and satellite imagery. However, these models fail to fully
leverage the hierarchical nature of the label space. This lim-
ited capability of these models limits them to reason at the
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Figure 1. Conceptual overview of our method focusing on pre-
serving the global order of concepts in vision-language models
according to their distance from an entailment root. Our method
aims to enforce transitivity in entailment.

most granular level of the hierarchy (i.e. species) using a
fixed database of taxonomic labels. Consequently, this re-
striction prevents the models from accurately representing
the actual taxonomic system and the evolution of species in
the Tree of Life.

We argue that learning hierarchical representations for
the Tree of Life is crucial. A significant portion of species
on Earth remain undescribed [29], and labeling specimens
up to the species rank is expensive and requires adequate
expertise for biologists [15, 32, 37]. Furthermore, the
taxonomic classification system and labels are subject to
change over time due to mislabeling or the discovery of
new species [36]. Hierarchical representations can allow
for reasoning about such species at any rank and can even-
tually be used for grouping and routing specimens to biol-
ogists with appropriate expertise [29]. It can also help un-
derstand the evolution of certain species in the Tree of Life.
For end users with arbitrary expertise, hierarchical repre-
sentations facilitate classification at any taxonomic rank. Fi-
nally, in the paper, we empirically demonstrate the benefits
of such structured representations for classification and re-
trieval tasks.

A popular technique for learning hierarchical represen-
tations for vision-language models is entailment learning,
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which aims to learn concentric cones of embedding sub-
regions. In the past, studies on entailment learning relied
on explicitly defining aperture angles that defined the struc-
ture of these cones [11, 14, 28]. However, these approaches
can be limiting since the optimality of the cone structures
can vary from application to application. Recently, Alper et
al. [1] introduced radial embeddings, an approach to fine-
tune existing vision-language models that eliminate the de-
pendence of the objective on entailment cones. However,
their method fails to enforce the partial order of concepts in
their hierarchical embedding space.

In Figure 1, we illustrate transitivity in entailment, im-
posing a partial ordering of concepts in the embedding
space [14]. For instance, if “Mammalia” is entailed by
“Chordata” and “Carnivora” is entailed by “Mammalia,”’
then “Chordata” entails “Carnivora”. ldeally, this phe-
nomenon should hold for all possible sub-hierarchies in the
data. Transitivity is an important property for a represen-
tation space as it controls the distance between concepts
based on their semantic granularity. For instance, fine-
grained concepts are projected farther from coarse-grained
concepts.

To this end, we propose a novel framework called Ra-
dial Cross-Modal Embeddings (RCME) which enables the
learning of hierarchical representations by imposing partial
order constraints while eliminating the need to define the
structure of the cones. Using our framework, we propose a
hierarchical vision-language foundation model for the Tree
of Life, outperforming existing state-of-the-art models in
hierarchical classification tasks. Notably, our framework is
general enough to be adapted for any other domain. Our
contributions are as follows:

1. We propose an objective function to optimize for transi-
tivity in textual entailment within vision-language mod-
els. We address the issue of Alper et al. [1], which over-
looks partial order in textual entailment.

2. We propose Radial Cross-Modal Embeddings (RCME),
a framework that solves for transitivity-enforced en-
tailment and cross-modal alignment in vision-language
models.

3. Experiments show our models outperform the state-
of-the-art in hierarchical classification, hierarchical re-
trieval, and image-to-image retrieval tasks.

2. Related Works

2.1. Representation learning

Contrastive learning has enabled training large-scale vision-
language models [19, 21, 30] which have generated signif-
icant advancement in diverse tasks like image classification
and few-shot learning. Recent lines of work have focused
on improving these generalist models by either achieving
fine-grained alignment [8, 22, 46] or enhancing intra-modal

representations [9, 24]. However, such methods are still
not ideal for specific domains where there are structures of
representations imposed by semantics. Hierarchical repre-
sentation learning has gained traction, particularly in tasks
requiring structured knowledge representation, such as nat-
ural language inference (NLI) [12, 20, 38] and knowledge
graph embeddings [2, 5]. One of the key challenges in hi-
erarchical representation learning is preserving the partial
ordering of concepts in the embedding space while main-
taining generalizability across different domains.

2.2. Computer vision for ecology

The intersection of computer vision and ecology has led to
significant advances in tasks like fine-grained species clas-
sification [15, 36], animal detection using camera traps [3,
35], and animal behavior recognition [6, 25]. Large-scale
datasets [23, 36, 41, 45] and citizen science platforms like
iNaturalist [39] have enabled the training of deep learn-
ing models to solve these tasks. Multimodal representation
learning frameworks [7, 10, 17, 33] with wildlife observa-
tions and satellite images has shown benefits in solving eco-
logical tasks like species distribution modeling. Recently,
vision-language foundation models for the Tree of Life such
as BioCLIP [36] and BioTroveCLIP [45] have shown ex-
cellent capabilities in zero-shot species identification. Tax-
aBind [34] extended such vision-language models by incor-
porating additional modalities such as audio and satellite
imagery. However, all such models are limited to fixed tax-
onomic labels and struggle with classification at arbitrary
taxonomic ranks. They lack structured hierarchical repre-
sentations implied by the hierarchical nature of the Tree of
Life.

2.3. Entailment learning

Traditional hierarchical learning approaches often rely on
hyperbolic embeddings [4, 26, 27] to enforce hierarchical
relationships. Entailment learning is particularly useful for
structuring embeddings in a semantic order [40]. Early
works on entailment learning explicitly defined cone struc-
tures using aperture angles to capture hierarchical depen-
dencies [11, 14, 28, 44, 47]. However, these approaches are
often restrictive as the optimal structure of the cones can
vary across datasets and applications. Recent works, such
as Radial Embeddings [1] and ATMG [31], attempt to re-
lax these constraints by learning hierarchical embeddings
without predefined cone structures in the radial and hyper-
bolic geometry respectively. While these methods improves
adaptability, it does not explicitly enforce partial ordering,
leading to suboptimal performance in hierarchical retrieval
tasks.
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Figure 2. Transitivity in Entailment. In an ideal transitivity-imposed entailment, textual embeddings satisfy partial order conditions.

3. Preliminaries

We begin with the arguments on the conditions for entail-
ment as proposed in Esteva et al. [13] and Ganea et al. [14].
For our purposes, we consider the tree of life hierarchy
and develop the logic for entailment with respect to it. Let
R{j=o,1...n} represent the sets of the domain of textual em-
beddings at each hierarchical rank. As j increases, the se-
mantic granularity in textual embedding increases. We con-
sider R as the set which contains the entailment root em-
bedding, Ty. Let T]’ € 'R, denote the textual embedding
for the i species belonging to some rank j in the hierarchy.
We use T’ ;71 € R;—1 to denote the immediate ancestor of
TJZ Let T; 11 € Rjy1 represent the child of TJZ To define
optimal radial cones, we first show the following.

Lemma 1. In a transitivity-enforced entailment, fine-
grained concepts are progressively projected away from the
entailment root and into smaller subregion when moving
down in the hierarchy.

Let &1: and w(Tj) denote a cone and its half aper-

ture angle respectively defined at T; with respect to Tj.
The transitivity property states that if Tj 11 € GT;A then
GT}+1 - GT; [14]. The direct consequence of this result is
on the aperture angles of nested cones: ¢(T;) > (T, ).
In other words, if Tj’ 11 is entailed by 77, then the cone
at T}, is completely enclosed by the cone at 7. This
means that the distance of the embeddings from the root
increases when one goes down in the hierarchy (see Equa-
tion 3). Hence, combining the above-stated results, fine-
grained concepts (textual embeddings lower in the hierar-
chy) are contained within smaller cones than coarse-grained
concepts. We provide a mathematical proof in the ap-
pendix. Lemma 1 is a natural property to have in textual
entailment because it establishes a direct relationship be-
tween the semantic granularity of textual embeddings and
their distance from the entailment root.

Ganea et al. [14] defined the distance between two em-
beddings Tj and le in the entailment configuration as the
exterior angle () between (T} — Tp) and (T} — T}) con-
sidering the cone at 7. In the Radial/Euclidean geometry,
= is defined as follows:

. T —Ty), (TF — T
E(T?’Tl’“) = arccos { J 0):( lk ])> Q)
’ T — Tol N7} = 17

where (-,-) is the inner product between the embeddings.
Likewise, the similarity measure S can be defined as:

S(T},T}) = cos(E(T},T})) 2)

Furthermore, they defined the half aperture angle of any
cone as a monotonically decreasing function with respect
to its distance from the entailment root:

w(T;) o arcsin(l/?“(rl?,TO)) 3)

where 7 is a distance function with range [e, 1].

Esteva et al. [13] proposed entailment configurations to
adhere to the transitivity property that defines the partial or-
der of concepts. Inspired from their formulation we devise
the transitivity property mathematically as follows:

S(T;_1,Tj1) 2 S(T;_4,T5).S(T7,T;1) YV ji (4)
where § € [0,1]. This constraint establishes the rela-
tionship between text embeddings and their higher-level
ancestors. In Figure 2, we show two different scenarios
in the entailment configuration. Figure 2c) shows a per-
fect entailment configuration that satisfies transitivity con-
straints. In Figure 2d) we show a configuration where tran-
sitivity is violated. Additionally, for entailment configura-
tion where transitivity holds, Ganea et al. [14] showed that
E(T},T},,) < ¢(T}) < /2 is true for any given parent

J
and its child. This means that the cosine similarity between
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the two embeddings under transitivity constraints is always
non-negative with respect to an entailment root.

Alper et al. [1] proposed vision-text radial embeddings
by minimizing = for positive pairs while maximizing it for
negative pairs. They perform text-only fine-tuning while
keeping the vision encoder frozen. The main contribution
was eliminating the dependence of the objective on aperture
angle (Equation 3) and formulating the entailment problem
on normalized embeddings. However, this resulted in the
objective ignoring the transitivity constraint (equation 4)
and providing no guarantee that Lemma 1 holds. Their ob-
jective optimizes for the local entailment but does not neces-
sarily solve for the partial order of concepts. Their objective
is defined as follows:

£LE(i7j7 k) (T7 7Z+1) _E(T T]+1) &)
where TF i} is a negative example for T‘ We argue that
Alper et al [1] method only optimizes for the local entail-
ment objective, i.e. entailment with respect to the immedi-
ate ancestor.

4. Method

In this section, we introduce our proposed objective func-
tion, which seeks to optimize for transitivity without the re-
quirement of defining an expression for the aperture angles.
In addition, we describe our hard negative mining technique
for improved performance.

4.1. Global Entailment Learning

We begin by coining the terms local and global entailment.
We say local entailment is enforced when T; 11 is com-
pletely entailed by T; up to a reasonable degree, for all pos-
sible values of 7 and j. Global entailment is enforced when
Equation 4 holds for all possible sub-hierarchies in addition
to local entailment. Mathematically, if (T}, T}, ) = v (>

0) and S(T}_,,T}) = 6 (> 0), then S(T}_,,Tj,,) > 7.0.
This ensures that Lemma 1 is satisfied. We enforce this ob-
jective using a margin-based loss as follows:

LgE(i,7; o) = max(0 E( 7+1)

6
ST LT +a)

)
arccos(S(7 Ti, i )

where « is the expected margin by which the angles should
differ. We set it to the maximum possible value of 7/2. We
clip the values of S between [0, 1] for practical implemen-
tation. This loss is only calculated for consecutive positive
triplets in a given hierarchy.

To enable global and local entailment learning, we com-
bine the global and local objective functions. The loss is
iteratively computed for each rank given positive and neg-
ative examples. The final loss is a combination of Equa-

Eukarya Eukarya Eukarya

Animalia Plantae Animalia

Chordata Streptophyta Chordata
Mammalia Magnoliopsida Aves
Proboscidea Sapindales Passeriformes

a) Positive Example b) Easy Negative c) Hard Negative

Figure 3. Hard Negative Examples. For the local entailment ob-
jective, we propose to sample negatives by matching all previous
ranks of the positive examples. We recursively sample negatives
for each rank separately.

tions 5 and 6:
Lere(isk;a) N Z Lep(i,p; o

Global Entailment

1 N-1

Local Entailment

)

where K represents a set of negative examples for each rank
of the hierarchy, indexed by p.

4.2, Radial Cross-Modal Embeddings

In addition to our proposed global entailment objective, we
also propose to add a cross-modal alignment loss term to
fine-tune the vision encoder along with the text encoder. In
[1], they added a prior preservation loss on the text encoder
to preserve the original image-text embedding space. In-
stead, we propose to add a cross-modal alignment term to
simultaneously fine-tune the vision and text encoders. This
is given by:

Lowali) = —1 T ) 8
owall) = ~lo8 5y e @

where I' is an image embedding of the same species as rep-
resented by T4 . Note that the sum in the denominator is
over a batch of B negative samples. We only compute the
objective for the most granular level of hierarchy which is
the species level. The final loss is now given by combining
Equations 7 and 8:

= Lore(i,k;a) + BLcva(i)  (9)

4.3. Hard Negative Mining

£RCME(i7 ks 04)

We propose a hard negative mining technique to sample
negative examples required for the local entailment objec-
tive. Recall from equation 5 that the negative example must
belong to the same rank as the positive example. To cre-
ate a hard negative example for a given rank, we propose
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to sample labels that exactly match the taxonomic labels
for all previous ranks of a given positive. In other words,
we randomly sample a sibling of the parent for a given
positive example. We then randomly sample a child of this
sibling to create the final negative example. This is done re-
cursively to create negative examples required at each rank.
Figure 3 illustrates our hard negative sampling approach.
This approach encourages the model to learn fine-grained
differences between species of the same ancestry.

5. Experiments

In this section, we present the details of our implementation
and the baselines used for comparison. We conduct four
experiments to evaluate the effectiveness of the models on:
1) hierarchical retrieval and ordering of taxonomic labels;
2) zero-shot classification at each taxonomic rank; 3) intra-
modal image-to-image retrieval at each taxonomic rank; 4)
UMAP visualizations of textual embeddings.

5.1. Experimental Setup

Implementation Details. We train two variants of our
model. One model is trained using OpenCLIP’s initial-
ization and the other model is fine-tuned starting from the
BioCLIP’s checkpoint (denoted using FT). Both models are
based on OpenCLIP’s ViT-B/16 architecture. Both models
are trained on the TreeofLife-10M dataset using 2 NVIDIA
H100 GPUs. We use the word ‘Eukarya’ as the entailment
root for the Tree of Life. Please refer to the appendix for
additional details on the implementation.

Baselines. We compare our models against various
vision-language baseline models, including CLIP [30],
OpenCLIP [18], BioTroveCLIP [45], BioCLIP [36], Tax-
aBind [34], Radial Embeddings [1], MERU [11] and
ATMG [31]. Each of these models is based on the ViT-B/16
architecture. Since CLIP and OpenCLIP are not specifically
trained for the task, we use the common names of species
for image classification at the species rank [36]. To ensure a
fair comparison, we fine-tuned Radial Embeddings, MERU
and ATMG on the TreeofLife-10M dataset, starting from
BioCLIP’s checkpoint. Additionally, we do hard negative
mining at each rank for fine-tuning.

Evaluation Datasets. We evaluate our models using the
iNaturalist-2021 [39] and BioCLIP-Rare datasets [36]. The
iNaturalist-2021 dataset comprises 10,000 unique species
of animals, plants, and fungi. It includes a held-out test set
with a total of 100,000 images. The BioCLIP-Rare dataset
features 400 rare species of animals categorized under the
TUCN Red List. Each species in the dataset is represented
by 30 images for evaluation.

5.2. Results

Ordering of taxonomic labels. We evaluate the effective-
ness of our learned vision-language representations on hi-

Model Kendall’s 7;  Precision Recall F1

CLIP [30] 0.737 0.047 0.054  0.050
OpenCLIP [18] 0.825 0.149 0.190 0.167
BioTroveCLIP [45] 0.566 0.122 0.173  0.143
BioCLIP [36] 0.012 0.115 0.153  0.131
TaxaBind [34] 0.012 0.116 0.155 0.133
Radial Emb. [1] 0.521 0.147 0.196 0.168
MERU [11] 0.403 0.356 0.133  0.193
ATMG [31] 0.571 0.343 0.130 0.189
RCMEFT (ours) 0.963 0.386 0.405 0.395
RCME (ours) 0.993 0.458 0.572  0.508

Table 1. Hierarchical Retrieval Metrics. We evaluate the ability
of different models to encode the partial order of taxonomies in the
Tree of Life. Additionally, we evaluate the models on the standard
task of hierarchical image-text retrieval.

erarchical retrieval tasks as defined in Alper ef al. [1] and
Desai et al. [11]. Firstly, we check whether the taxonomic
labels are correctly ordered according to their distance from
the entailment root using Kendall’s Tau (74). Secondly, we
calculate image-to-text hierarchical retrieval metric relative
to each taxonomic label. To ensure a fair evaluation, each
unique species in the dataset is represented by a single im-
age, which is selected at random from the test set. More
details about the task setup present in the appendix.

Table | presents the performance of the models on
the iNaturalist-2021 dataset. Our learned representations
exhibit excellent ordering of the taxonomic labels in the
embedding space. This means embeddings correspond-
ing to the species rank are projected farthest from the
root, while those corresponding to the kingdom rank are
projected closer to the root. Notably, radial embeddings
perform worse than CLIP and OpenCLIP in the ordering
task. Both our models show significant improvement, with
the model trained using CLIP’s checkpoint showing a more
substantial performance improvement. We see a minimum
absolute gain of +0.168 in correlation as compared to
the baseline models. Furthermore, our method is able
to outperform the rest of the methods in the hierarchical
image-to-text retrieval task. We see a minimum absolute
gain of +0.102 and +0.376 precision and recall respectively.
Overall, these experiments demonstrate that our proposed
objective function successfully imparts partial order to the
embedding space.

Zero-shot classification. We perform image classification
by using taxonomic labels at each rank of the Tree of Life.
The classification of each rank is performed independently
to assess the ability of the models in the zero-shot setting.
Table 2 and 3 show the performance of different models
in this task on iNaturalist-2021 and BioCLIP-Rare datasets
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Model Kingdom Phylum Class Family Order Genus Species ‘ Average
CLIP [30] 79.60 3745 1797 17.76 0577 0490 52.11 30.79
OpenCLIP [18] 66.72 1842 1545 07.80 02.60 0442 5855 24.99
BioTroveCLIP [45] 37.43 21.81 1992 10.61 1291 59.56  68.00 32.89
BioCLIP [36] 36.96 3202 1997 2431 3143 61.04 6824 39.13
TaxaBind [34] 40.45 3222 19.68 2438 30.80 6238  70.08 40.00
Radial Emb. [1] 45.84 3534 2223 2496 3286 61.07 6823 41.50
MERU [11] 95.82 94.84 63.12 2727 3.12 1.30 0.73 40.89
ATMG [31] 99.12 86.79 73.03 51.83 33.89 4959  39.52 61.89
RCME'T (ours) 86.18 68.01 3827 38.16 3827 6431 7081 57.71
RCME (ours) 88.18 84.81 5522 46.74 41.82 6741 73.52 65.09

Table 2. Zero-shot classification performance on iNaturalist-2021 dataset at various levels of the taxonomy.

Model Phylum Class Family Order Genus Species ‘ Average
CLIP [30] 7797 4254 2435 1175 1418 3041 33.53
OpenCLIP [18] 20.35 3356  19.14 0442 1054  30.22 19.71
BioTroveCLIP [45]  41.69  37.86 2285 17.76 31.16  27.82 29.84
BioCLIP [36] 4355 61.08 5325 4532 5338 3452 48.51
TaxaBind [34] 46.18  60.59 5395 46.63 55.09 35.84 49.71
Radial Emb. [1] 43.77 63.03 5396 4575 53.43  34.85 49.13
MERU [11] 80.66 5899 2592 08.12 05.13  04.53 30.56
ATMG [31] 82.20 80.31 72.48 53.03 45.02 3532 61.39
RCMEFT (ours) 62.07 6225 63.64 47.64 5533  36.79 54.62
RCME (ours) 79.60 7734 6841 50.10 56.66  41.62 62.64

Table 3. Zero-shot classification performance on BioCLIP-Rare dataset at various levels of the taxonomy. Note that this dataset primarily

contains Animals.

respectively. In both datasets, our model is able to ex-
hibit excellent classification performance at each taxonomic
rank. When averaging performance over each taxonomic
rank, our model exhibits gains of +5.17% and +2.03% on
iNaturalist-2021 and BioCLIP-Rare respectively. For radial
emb., MERU and ATMG, we see a gain in performance at
higher ranks of the taxonomy, while a dip in performance
at fine ranks such as genus and species. This empirically
demonstrates the usefulness of global entailment learning
in preserving performance at fine ranks of the hierarchy.

Interestingly, each of the models show lower perfor-
mance for ranks class, family, and order than for ranks
genus and species in the iNaturalist dataset. This is because
of the lower performance of the models for plants as com-
pared to animals in these classes. Notably, this behavior is
not seen in Table 3 since the dataset only contains animals.
We suspect this happens as plants usually exhibit conver-
gent traits and are usually mislabeled A combination of fac-
tors including morphological variability, hybridization, ge-
netic complexity, and evolving methodologies usually com-
plicates plant taxonomy. We show the kingdom-wise per-
formance of our model on this dataset in the appendix to
further analyze this behavior. This demonstrates the impor-
tance of learning hierarchical representations to detect such

behavior and improve the taxonomic classification system.

Image-to-image retrieval. In this experiment, we explore
whether our method enhances intra-modal representations.
We conduct image-to-image retrieval at each taxonomic
rank. Given an image of a particular species and its cor-
responding taxonomic label at a rank, our objective is to
retrieve images of species with the same taxonomic label at
the given rank. For example, given an image of an elephant
with the label Mammalia, our goal is to retrieve images of
Mammalia using solely the image of the given elephant.

Table 4 presents the results of this experiment on the
iNaturalist-2021 dataset. We compute the recall metric
(R@1) for this task. Our method outperforms all other mod-
els under consideration. We see a gain of +3.33% when
performance is averaged over all taxonomic ranks. Notably,
the radial embedding method’s performance is limited to the
frozen image encoder model used, as it does not fine-tune
the image encoder. There is a noticeable gap in the per-
formance of the models at the species rank as compared to
our model showing that our model is effective at extracting
fine-grained visual features. CLIP and OpenCLIP exhibit
poor performance, particularly in the genus and species cat-
egories, indicating that these models struggle to extract fine-
grained visual features. This suggests the potential of our
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Model Kingdom Phylum Class Family Order Genus Species | Average
CLIP [30] 95.09 91.38 80.04 4929 2950 1464 10.60 52.94
OpenCLIP [18] 96.29 9333 8542 59.85 4185 26.11 16.78 59.95
BioTroveCLIP [45] 98.60 98.07 9531 8506 78.89 6897 5527 82.88
BioCLIP [36] 98.50 97.60 9494 8498 78.63 6722  51.62 81.92
TaxaBind [34] 98.66 98.07 9571 8564 7890 68.84  54.47 82.90
Radial Emb.* [1] 98.50 97.60 9494 8498 78.63 6722 51.62 81.92
MERU [11] 98.20 96.02 85.04 58.81 4196 2656 @ 16.40 60.43
ATMG [31] 99.16 9845 96.88 89.02 8230 70.09  52.69 84.08
RCME'T (ours) 98.72 98.08 9576 86.95 8043 70.27 57.10 83.91
RCME (ours) 99.65 99.04 97.11 90.61 8538 75.09 61.27 86.88

Table 4. Image-to-Image Retrieval. We evaluate the effectiveness of the intra-modal image representations learned by the models on the
task of image-to-image retrieval at each taxonomic rank. *Radial Emb. performs identically to BioCLIP since the vision encoder is not

fine-tuned during its training.
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Figure 4. UMAP Visualization of Textual Embeddings. We visualize the textual embeddings using 2-D UMAP to show our model learns
to preserve the partial order of taxonomic labels based on their distance from the entailment root.

model in future applications such as fine-grained retrieval
augmented generation.

UMAP visualization of textual embeddings. In Figure 4,
we present a 2-D Uniform Manifold Approximation and
Projection (UMAP) visualization of textual embeddings ob-
tained from BioCLIP, Radial Emb., and RCME. For a given
species, we plot the embedding for all the ancestors in the
taxonomic hierarchy and their siblings. For instance, if we
are given the specie Cardinalis cardinalis, we begin with
kingdom label Animalia and plot all the Phyla that belong
to the kingdom Animalia. This is repeated for all the subse-
quent ranks. From the plot, we anticipate two properties:
1) siblings share similar embeddings; 2) the embeddings
are ordered in a coarse-to-fine manner (from kingdom to
species), based on their distance from the entailment root.
From the figure, it is evident that our model has success-
fully preserved the partial order of taxonomic labels based

on their distance from the entailment root. For instance, the
embeddings corresponding to the species rank are projected
farthest away from the entailment root. However, BioCLIP
and Radial Emb. are unable to effectively enforce transitiv-
ity. We provide additional UMAPs in the appendix.

5.3. Ablations

We conduct an ablation study to analyze the effect of each
loss component on the performance of our models. For the
losses not using our cross-modal alignment term (Lo az4),
we include the £,,0, from Alper et al. [1] to preserve the
original vision-language alignment. It is given as: Lo, =
—(T},T}*), where T;* is an embedding from a frozen pre-
trained text encoder. For losses using L;or, We perform
fine-tuning starting from BioCLIP’s checkpoint. Table 5
presents the performance of these losses for the image clas-

sification task on the iNaturalist-2021 dataset. Notably, in-
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L Lge Lprior Lcma Kingdom Phylum Class Family Order Genus Species | Average
v 36.96 32.02 19.97 2431 3143 61.04 68.24 39.13
v v 45.84 3534 2223 2496 3286 61.07 68.23 41.50
v v 47.34 38.14 2578 26.88 3534 62.67 69.43 43.65
v v v 85.13 81.11 5321 4433 39.82 65.90 71.28 62.97
v v v 88.18 84.81 55.22 46.74 41.82 6741 73.52 65.09

Table 5. Loss Ablation. We evaluate the performance of our model when trained with various combinations of the loss terms proposed in

our objective function.

RCME iNaturalist-2021  BioCLIP-Rare
w/0 negative mining 62.22 59.12
with negative mining 65.09 62.64

Table 6. Benefits of hard negative mining. We evaluate the ef-
fectiveness of our hard negative mining approach for hierarchical
representation learning of Tree of Life.

corporating our proposed global entailment objective func-
tion significantly enhances models’ performance compared
to using only the local entailment objective. We notice a
gain of +51.73% in performance when adding our global
entailment objective function to Alper et al.’s [1] objec-
tive function. Furthermore, our cross-modal alignment term
outperforms the prior preservation loss. We notice a mini-
mum gain of +3.36% when replacing the prior preservation
loss with our cross-modal alignment loss to train the vision
and text encoder simultaneously.

We additionally investigate whether our proposed hard
negative mining approach outperforms the random sam-
pling approach. We evaluate the models trained using
our negative mining and random sampling approaches on
the iNaturalist-2021 and BioCLIP-Rare datasets. Table 6
presents the comparison. We notice that we get a per-
formance improvement of +4.61% and +5.62% on both
datasets respectively. See appendix for additional ablations.

5.4. Generalization to HierarCaps

To demonstrate the generalizability of our proposed objec-
tive function across other domains, we conducted experi-
ments on the HierarCaps dataset [1]. This dataset com-
prises a subset of images from the Conceptual Captions
(CC) dataset, each accompanied by captions at four differ-
ent levels of granularity. We fine-tune the ViT-B/16 and
ViT-L/14 variants of the CLIP model on this dataset us-
ing our proposed objective function in equation 9 without
hard negative mining. Once trained, we compute hierarchi-
cal retrieval metrics on the held-out test set of HierarCaps.
As evident from Table 7, our model outperforms radial em-

Model Kendall’s 7; Precision Recall F1

CLIP® 0.883 0.335  0.142  0.199
CLIP® (MERU) 0.855 0.122 0401 0.187
CLIP® (ATMG) 0.981 0.134 0422 0.203
CLIP® (HyCoCLIP) 0.892 0.124 0451 0.194
CLIP® (Radial Emb.) 0.988 0.155 0441  0.229
CLIP® (RCME) 0.991 0.162 0.467 0.241
CLIP- 0.881 0.151 0.343  0.209
CLIP* (Radial Emb.) 0.973 0.145 0415 0.215
CLIP* (RCME) 0.992 0.158 0452 0.234

Table 7. Hierarchical retrieval metrics on HierarCaps dataset. Our
objective function results in improved ordering and image-to-text
retrieval performance.

beddings in both ordering and hierarchical image-to-text re-
trieval tasks. These results demonstrate the successful ap-
plication of our objective function in other application do-
mains, enabling the imposition of a partial ordering along
with entailment in an embedding space.

6. Conclusion

In this work, we presented Radial Cross-Modal Em-
beddings (RCME), a framework for learning transitivity-
enforced entailment in vision-language models. We pro-
posed a novel objective function to enable global learning
of entailment, which aids in preserving the partial order of
concepts. Our framework not only improves cross-modal
representations but also intra-modal representations. By
leveraging our framework, we proposed a hierarchical foun-
dation model for the Tree of Life, outperforming the state-
of-the-art. We showed how hierarchical representations can
improve the taxonomic classification of species and reveal
unusual patterns in the taxonomic classification system, es-
pecially in plants. Our future works will focus on using
the learned hierarchical representations to understand and
comprehend species evolution, identify distinctive anoma-
lies within the Tree of Life, and devise strategies to enhance
the taxonomic classification system.
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