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Abstract

Encoders have become fundamental to the development of Natural Language Processing
tasks and other machine learning domains. However, the incompatibility of their generated
embedding representation spaces constitutes a significant challenge for their productive use
in real world applications. Methodologies such as vec2vec are highly important in this
context, raising questions about the possibility of generating a universal embedding rep-
resentation space. In this article, persistence homology is employed to study the common
representation spaces generated by vec2vec from various text encoders, combining models
with identical and different backbones across multiple datasets. Our methodology utilizes
topological data analysis tools, such as persistence diagrams and persistence landscapes,
along with distance metrics such as the Wasserstein distance or the l2 norm to objectively
evaluate the similarity of the generated representations. Our findings indicate that while
the translated space produced by vec2vec is effective in terms of cosine similarity, the trans-
lation process is shown to introduce topological artifacts. Besides, a statistically significant
correlation was not found between geometric and topological metrics. Furthermore, no sta-
tistical evidence was observed to suggest that a common backbone leads to a more robust
preservation of topological features. Finally, it was determined that a common representa-
tion space with similar topological characteristics is generated by vec2vec across different
encoders, although the degree of similarity is shown to be dependent on the specific dataset
used for training.

Keywords: text encoders, persistent homology, persistence diagram, persistence land-
scape, Wasserstein distance, l2 norm

1. Introduction

The Transformer architecture, introduced by Vaswani et al. (2017), and specifically its en-
coder component, has sparked a real revolution in machine learning solutions. Despite the
recent surge and significant momentum of generative models, encoders remain responsible
for major advancements in classical supervised and unsupervised learning tasks such as clas-
sification, clustering, and anomaly detection. In the context of Natural Language Processing
(NLP), a multitude of tasks—including text classification [da Costa et al. (2023)], sentiment
analysis [Das and Singh (2023)], entailment [Alharahseheh et al. (2022)], or named entity
recognition [Ji et al. (2025)]. among others—have achieved state-of-the-art results thanks
to these encoders.

However, the inherent nature of neural network architectures and their training pro-
cesses results in each encoder generating vector representations, or embeddings, that are
incompatible with those from other models. This incompatibility creates significant chal-
lenges in both academia and industry. Recently, Jha et al. (2025) introduced vec2vec, a
methodology designed to translate any embedding into a universal latent space in an un-
supervised manner. This approach is grounded in the Platonic Representation Hypothesis
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[Huh et al. (2024)]. In fact, the authors propose a reinforced version of this premise, termed
the Strong Platonic Representation Hypothesis, which establishes that any neural network
trained on a common data modality converges to a shared, universal latent structure. Their
experimentation demonstrates that for a given text, representations generated by different
encoders –which may be notably distant in their original spaces– become aligned within this
common latent space. Nonetheless, beyond the local fidelity assessed by cosine similarity,
a truly universal latent structure would suggest the existence of isomorphisms between the
different embedding manifolds. To robustly evaluate the Strong Platonic Representation
Hypothesis, it is essential to employ tools capable of describing and comparing the intrinsic
shape of the data.

For this reason, in this work, Topological Data Analysis (TDA) [Wasserman (2018)] is
used to gain a deeper understanding of the nature of this universal latent space. These
properties will be analyzed using persistent homology [Edelsbrunner et al. (2008)], a foun-
dational TDA technique that extracts and summarizes the topological structure of data
across different spatial scales simultaneously.

We propose a well-established methodology to systematically characterize the topology
of the embedding spaces generated by different models and datasets, addressing the following
research questions:

• RQ1: Does the vec2vec translation process introduce characteristic topological arti-
facts?

• RQ2: Does topological fidelity correlate with geometric fidelity?

• RQ3: Is topological preservation easier for closer model pairs?

• RQ4: Is the unification of topological features of different source models achieved via
the latent space?

The rest of the paper is organized as follows: Section 2 presents an overview of repre-
sentation alignment methods and topology-based approaches for analyzing data structures.
Our proposal is described in Section 3. Section 4 presents the experimentation that val-
idates the methodology. Subsequently, Section 5 discusses the results. Finally, Section 6
outlines the study’s main conclusions.

2. Background

The following section reviews different approaches from the scientific literature for the con-
struction of latent spaces in which embeddings generated by encoder models are aligned.

2.1. Representation, semantic and alignment

The study of how neural networks represent acquired knowledge and concepts is a profound
field of research. One of the seminal contributions, Singular Vector Canonical Correlation
Analysis (SVCCA), was proposed by Raghu et al. (2017). This method focuses on com-
paring different representations in a manner that is invariant to affine transformations and
computationally efficient.
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Morcos et al. (2018) introduced an enhancement to SVCCA, known as Canonical Cor-
relation Analysis (CCA). This technique enables the differentiation between meaningful
signals and noise, thereby demonstrating that networks which generalize converge to more
similar representations than those that merely memorize the training data. The authors also
observed that wider networks converge to more similar solutions than narrower ones, and
that networks with identical topologies but trained with different learning rates converge
to distinct clusters with diverse representations.

With repect to multimodal models, Norelli et al. (2023) proposed a method to create
a common space between pre-trained vision models and text encoders without additional
training, utilizing single-domain encoders and a small set of image-text pairs. Similarly,
in the context of tasks involving both images and text, such as image captioning and the
CLIP model [Radford et al. (2021)], Moayeri et al. (2023) introduced the text-to-concept
method. This approach aligns features from a fixed pre-trained model into the CLIP latent
space via a linear transformation.

From a more general perspective, Yamagiwa et al. (2023) employed Independent Com-
ponent Analysis (ICA) to uncover inherent semantic structures within word or image em-
beddings. Their findings suggest that each embedding can be expressed as a composition
of a few interpretable axes, and that the semantics defined by these axes remain consistent
across different languages, algorithms, and modalities.

2.2. TDA applied to the shape of language

Over the last few years, numerous initiatives have been published concerning the use of
Topological Data Analysis (TDA) for the analysis of language models. These studies range
from examining how fine-tuning affects the semantic representation of word embeddings
[Rathore et al. (2023)] to a topology-based modification of the attention layer [Perez and
Reinauer (2022)], and even the application of TDA for model interpretability, simplification,
and optimization [Uchendu and Le (2025); Balderas et al. (2025)]. In any case, TDA
is increasingly becoming a robust and highly useful tool for improving tasks in natural
language processing.

3. Our proposal

This paper presents a methodology based on homology theory for a rigorous and global eval-
uation of the Strong Platonic Representation Hypothesis. This hypothesis claims not only
that certain embeddings can be correctly mapped, but also that the topological structure of
the embedding space generated by the source model is preserved through the translations
generated by the vec2vec method.

Tools such as persistence diagrams (PD), which plot the birth and death times of n-
dimensional topological features; or persistence landscapes (PL), which provide a transfor-
mation of the discrete information of persistence diagrams into a more functional repre-
sentation; and specific distance metrics will be applied to measure the differences between
the various spaces generated by the encoders. Fundamentally, the objective is to character-
ize the intrinsic topology of the embedding manifolds. The methodology to be followed is
outlined in Algorithm 1.
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Algorithm 1: From text and embeddings to topology

1. Encoder and Translator Training: The encoders and the translator are trained
following the vec2vec framework. The procedure adheres to the methodology of the
original paper to ensure the fidelity of the results.

2. Persistent Homology Computation: Persistent homology is computed for the
embeddings of the source models, the latent space, and the translated outputs.

3. Application of Topological Tools: TDA tools are utilized for the study of the
topological features.

4. Metric Evaluation: Distance metrics are evaluated on the resulting persistence
diagrams and persistence landscapes to address the posed research questions.

4. Evaluation

For a proper evaluation of the methodology and to answer the proposed research questions,
a thorough experimentation has been conducted, which includes different models, datasets,
and metrics. This is described in detail below.

4.1. Models and Datasets

Following the methodology of the original paper, the Natural Questions (NQ) [Kwiatkowski
et al. (2019)] and Fineweb Tiny [Penedo et al. (2023)] datasets were employed for training
(using the training set) and the subsequent measurement of topological features (using
the validation set). Regarding the models, the experimentation focuses on text encoders
with different backbones, thereby enabling the comparison of relatively similar models.
Specifically, the models employed are gtr [Ni et al. (2021)] (T5 backbone); gte [Li et al.
(2023)], e5 [Wang et al. (2024)], and stella [Zhang et al. (2025)] (BERT backbone); and
granite [Granite Embedding Team (2024)] (RoBERTa backbone).

4.2. Metrics

Regarding the metrics, distances are employed to measure the similarity of the manifolds
generated by each encoder using the available topological tools. In particular, to com-
pare persistence diagrams, the 2−Wasserstein distance [Villani (2009)], is utilized, with
calculations performed separately for each dimension. In general, for p ∈ [1,∞) and Borel
probability measures P,Q on Rn with finite p−moments, their p−Wasserstein distance is
defined as [Ramdas et al. (2015)]:

Wp(P,Q) =

(
infπ∈Γ(P,Q)

∫
Rd×Rd

||X − Y ||pdπ
)1/p

(1)

where Γ(P,Q) is the set of all joint probability measures on Rd × Rd whose marginals
are P,Q. In addition to persistence diagrams, persistence landscapes are also employed.
For the comparison of these landscapes, the l2 norm is utilized. This norm is defined as:
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‖x, y‖2 =

(
n∑
i=1

|x− y|2
)1/2

(2)

This provides a robust method for quantifying the similarity or dissimilary between two
persistence landscapes and, by extension, between the underlying topological spaces they
represent.

4.3. Experiments and Results

To address the proposed research questions, a series of experiments were developed. These
experiments are designed to evaluate the topological proximity between the translation
generated by the vec2vec framework and the target space.

Specifically, in the first experiment, all pairs of encoders, denoted as M1 and M2, were
trained using the datasets mentioned in the preceding section. Consequently, if F (M1)
represents the translation of the space generated by encoder M1, and M2 generates the
target space, the evaluation was conducted as follows: The distance between their respective
persistence diagrams was measured using the Wasserstein distance in dimensions 0 and 1
(as shown in Table 1). Additionally, the distance between the corresponding persistence
landscapes was calculated using the l2 norm for persistent homology in dimensions 0, 1, and
2 (Table 2).

Table 1: Experimental results for the analysis of the topological structure. Cos Sim (L/I)
refers to the cosine similarity between the embeddings in the latent space (L) and
the original inputs (I). Higher is better. The term 2-W (M1,M2) denotes the second
order Wasserstein distance between the persistence diagrams generated from the
output embeddings of models M1 and M2, evaluated on the corresponding dataset.
Similarly, 2-W (F (M1),M2) represents the same distance but calculated between
the persistence diagrams of the translated embedding and the target space. In
both cases, lower is beter. As shown, these distances are applied to the 0-dim and
1-dim persistence diagrams.

M1 →M2 Dataset Cos Sim (L/I) 2-W (M1,M2) (0d) 2-W (M1,M2) (1d) 2-W (F (M1),M2) (0d) 2-W (F (M1),M2) (1d)

gte → gtr NQ 0.82/0.03 0.07 0.41 0.06 1.65
Fineweb Tiny 0.52/0.04 0.06 0.35 0.08 1.01

gte → e5 NQ 0.86/0.68 0.05 0.25 0.08 1.07
Fineweb Tiny 0.86/0.67 0.08 0.29 0.05 1.24

gte → stella NQ 0.93/0.56 0.06 0.38 0.1 0.99
Fineweb Tiny 0.92/0.57 0.09 0.4 0.05 0.82

gte → granite NQ 0.7/0.01 0.11 0.72 0.08 0.56
Fineweb Tiny 0.64/0.01 0.05 0.47 0.05 0.64

stella → granite NQ 0.61/0.007 0.08 0.42 0.03 1.03
Fineweb Tiny 0.55/0.007 0.05 0.32 0.05 1

gtr → granite NQ 0.37/-0.02 0.05 0.49 0.11 0.32
Fineweb Tiny 0.33/-0.03 0.06 0.36 0.06 0.36

gtr → stella NQ 0.33/0.002 0.1 0.32 0.05 0.75
Fineweb Tiny 0.45/0.005 0.06 0.29 0.09 0.68

These results will allow for answers to be provided for research questions RQ1 and
RQ3. Furthermore, by applying Spearman’s rank correlation test to the distribution of
cosine similarity values and Wasserstein distance values, it will be possible to answer RQ2.
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Table 2: Table 1 continued. l2 norm applied to the persistence landscapes of either the
original encoders or the translation from M1 to M2 (F (M1)) with respect to the
target (M2). Lower values are better. As shown, these distances are applied to
the 0-dim, 1-dim and 2-dim persistence landscapes.

M1 →M2 Dataset Paired models l2 norm 0-dim PL l2 norm 1-dim PL l2 norm 2-dim PL

gte → gtr NQ M1,M2 3.96 2.67 1.36
F (M1),M2 0.89 3.7 1.39

gte → gtr Fineweb Tiny M1,M2 3.29 2 1.45
F (M1),M2 7.83 5.42 1.83

gte → e5 NQ M1,M2 2.65 3.24 1.31
F (M1),M2 8.28 6.07 2.33

gte → e5 Fineweb Tiny M1,M2 3.62 1.87 1.49
F (M1),M2 12.07 5.03 2.57

gte → stella NQ M1,M2 2.72 4.55 2.58
F (M1),M2 5.71 3.13 1.75

gte → stella Fineweb Tiny M1,M2 0.9 5.2 1.94
F (M1),M2 3.08 3.97 1.88

gte → granite NQ M1,M2 13.64 2.22 1.4
F (M1),M2 1.5 5.48 2.74

gte → granite Fineweb Tiny M1,M2 5.03 4.03 1.45
F (M1),M2 6.1 3.18 1.1

gtr → granite NQ M1,M2 9.83 2.22 1.44
F (M1),M2 0.12 5.13 2.87

gtr → granite Fineweb Tiny M1,M2 5.03 4.03 1.45
F (M1),M2 6.1 3.18 1.1

gtr → stella NQ M1,M2 7.81 3.2 2.27
F (M1),M2 17.26 2.46 1.93

gtr → stella Fineweb Tiny M1,M2 0.04 4.07 2.01
F (M1),M2 11.07 6.24 2.18

stella → granite NQ M1,M2 1.92 5.78 2.69
F (M1),M2 4.13 7.13 3.05

stella → granite Fineweb Tiny M1,M2 4.99 3.95 1.73
F (M1),M2 0.84 5.08 2.05

Finally, to answer RQ4, the Wasserstein distance between the persistence diagrams of the
latent spaces generated by each encoder is calculated to measure their similarity. The results
can be found in Table 3.

Table 3: Results regarding the latent space experiment. The embeddings of both models
(M1 ↔ M2) are constructed in the common latent space, and the second-order
Wasserstein distance is applied to the persistence diagram in dimensions 0 and 1.

M1 ↔M2 Dataset 2-W (0-dim) 2-W (1-dim)

gte ↔ gtr NQ 0.03 0.53
Fineweb Tiny 0.19 1.21

gte ↔ e5 NQ 0.04 0.39
Fineweb Tiny 0.06 0.3

gte ↔ stella NQ 0.06 0.52
Fineweb Tiny 0.12 0.73

gte ↔ granite NQ 0.1 0.26
Fineweb Tiny 0.4 0.26

gtr ↔ granite NQ 0.07 0.74
Fineweb Tiny 0.17 0.95

gtr ↔ stella NQ 0.25 0.98
Fineweb Tiny 0.07 0.27

stella ↔ granite NQ 0.08 0.25
Fineweb Tiny 0.1 0.41
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5. Discussion

In this section, the principal results are discussed, and the research questions proposed in
this work are answered.

5.1. RQ1: Does vec2vec translation process introduce characteristic
topological artifacts?

The choice of the neural network architecture in the vec2vec framework and the training
configuration may introduce inherent characteristics, in the form of bias, into the generated
space. Moreover, adversarial training is challenging to stabilize, particularly in the context
of Generative Adversarial Networks (GANs). Consequently, novel topological features, such
as clusters (0−dimension persistent homology), loops (1−dimension persistent homology),
or voids (2−dimension persistent homology) may emerge in the translated space that are
absent in the target space.

To verify this phenomenon, in addition to the metrics proposed in Table 1, a specific
model pair (gte → gtr) and the NQ dataset were selected. The persistence landscapes for
the spaces generated by the original models and for the resulting translated space were then
represented graphically (Figures 1, 2 and 3).

Figure 1: 0-dim PL. gte
(green), gtr (or-
ange, hidden by
green) and trans-
lation from gte to
gtr (blue)

Figure 2: 1-dim PL. gte
(green), gtr (or-
ange) and trans-
lation from gte to
gtr (blue)

Figure 3: 2-dim PL. gte
(green), gtr (or-
ange) and trans-
lation from gte to
gtr (blue)

As evidenced by Figure 1 and the associated metrics, the dimension 0 persistence land-
scapes are highly similar. However, for dimensions 1 and 2, it is observed that although
the blue curve (representing the translation) resembles the orange curve (representing the
target space), prominent new peaks are introduced in the translation. These peaks are
absent from the topological feature space generated by gtr, indicating the appearance of
artifacts (new loops and voids). This is also evidenced by the fact that the norm of the
persistence landscapes for the translation and the target space is even greater than the
distance between the target space and the space generated by gte in dimensions 1 and 2
(3.7 vs. 2.67 and 1.39 vs. 1.36, respectively, as shown in Table 2).
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5.2. RQ2: Does topological fidelity correlate with geometric fidelity?

Intuitively, it could be assumed that a space translated by vec2vec must exhibit high simi-
larity to the target space, not only in terms of cosine similarity but also according to metrics
that reflect the preservation of global topology. In other words, a strong correlation should
exist between the distribution of cosine similarity values and the Wasserstein distances (in
both dimension 0 and dimension 1) generated by the model pairs.

Using the values from Table 1, the Spearman correlation test was applied between these
data distributions. In both cases, the resulting p−values (0.7 and 0.086, respectively) do
not provide sufficient statistical evidence to confirm a correlation, and therefore, such a
relationship between the two distributions cannot be asserted.

Furthermore, it can be observed in Table 1 that for certain model pairs, such as gtr
→ granite, the Wasserstein distance values (dimension 1) are significantly smaller than in
other cases (meaning the global shape was preserved well), despite this pair having the
lowest cosine similarity (meaning the individual vectors were not well-aligned). In light of
these results, it can be concluded that while some relationship may exist between geometric
and topological fidelity, there is no statistically significant correlation.

5.3. RQ3: Is topological preservation easier for “closer” model pairs?

The translation generated by vec2vec stems from encoders that may have completely dif-
ferent backbones (e.g., gte → gtr, gtr → stella, BERT vs. T5; gtr → granite, T5 vs
RoBERTa), similar ones (e.g., gte → granite, stella → granite, BERT vs. RoBERTa),
or identical ones (e.g., gte → e5, gte → stella, BERT vs. BERT). It might be expected
this translation to be simpler, meaning it would exhibit smaller distance values for both l2
and Wasserstein metrics across all dimensions of persistent homology compared to a pair of
models with different backbones. To test this hypothesis, the obtained Wasserstein distance
(2-W (PD(F (M1)), PD(M2))) and l2 norm values (l2(PL(F (M1)), PL(M2))) were divided
into two groups: one for same-encoder pairs and one for cross-encoder pairs. This resulted
in two distributions for each metric.

A t-test was then applied to these distributions. The null hypothesis (H0) posited that
the mean of the distributions (of the distances) were equal, while the alternative hypothesis
(HA) stated that the means were different.

The test results yielded p−values greater than 0.05. Consequently, there was no statis-
tically significant evidence to reject the null hypothesis.

Therefore, from a statistical point of view and based on the results of this experiment, it
cannot be asserted that models sharing the same backbone –that is, models with identical
architectures– generate a translated space that is topologically more similar to the target
space than models with different backbones.

5.4. RQ4: Is the unification of topological features of different source models
achieved via the latent space?

Finally, the last research question was posed, concerning the universal latent space that
can unify the topology generated by different models. By fixing a set of documents, their
representation was generated in a common latent space. The Wasserstein distance of the
persistence diagrams of these spaces was measured to compare the presence or absence of
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topological features at the manifold level. As can be seen in Table 3, the distance between
the different diagrams is small. It is apparent that for the NQ dataset, the level of agreement
in topological features is greater (0.079 and 0.459 Wasserstein distance for dimension 0 and
1, respectively) than for the Fineweb Tiny dataset (0.139 and 0.516, respectively). However,
in both cases, a common space (not universal, as it depends on the datasets and training
setup) is achieved. This reinforces the idea conveyed by vec2vec’s results regarding cosine
similarity.

6. Conclusion

Encoders are fundamental models in the development of artificial intelligence and its appli-
cations, having led to significant advancements in NLP tasks. However, the incompatibility
of embedding representation spaces makes their deployment and use in production com-
plex for both industry and academia. Methodologies such as the one proposed in vec2vec
are of great importance and raise questions regarding the possibility of generating a uni-
versal embedding representation space, as outlined in the Strong Platonic Representation
Hypothesis.

In this work, topological data analysis is employed to study the common representa-
tion spaces generated with vec2vec from different text encoders, combining models with
the same and different backbones and various datasets. To this end, an objective method-
ology is defined that utilizes topological analysis tools, such as persistence diagrams and
persistence landscapes, as well as specific distance metrics to evaluate the similarity of the
representations generated by these tools.

The results of this investigation indicate that while the translated space generated by
vec2vec has been shown to be useful and robust from the perspective of cosine similarity, the
translation process introduces topological artifacts, in other words, new topological features
that were not present in the original models (RQ1). Furthermore, it is confirmed that there
is no statistically significant correlation (RQ2) between geometric metrics (cosine similarity)
and topological ones (Wasserstein distance for persistence diagrams and l2 norm for persis-
tence landscapes). It is also observed that there is no statistical evidence that models with
the same starting backbone, when vec2vec is applied, achieve a more pronounced preser-
vation of topological features than for pairs of encoders with different backbones (RQ3).
Finally, the experiments carried out show that vec2vec generates a common representa-
tion space across different encoders with quite similar topological features, as the distance
between their persistence diagrams is small. Nonetheless, it should not be considered as
an universal representation, taking to account that achieving a greater or lesser degree of
similarity depends on the specific dataset used for training.
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Appendix A. vec2vec framework

vec2vec [Jha et al. (2025)] is an unsupervised method for translating text embeddings from
one vector space to another. It does not require paired data or known encoders. Its primary
purpose is to enable information extraction from vector sets in contexts where one only has
access to the embeddings, without the original text or the model that generated them.

The essence of vec2vec lies in the Strong Platonic Representation Hypothesis, an en-
hanced version of the Platonic Representation Hypothesis [Huh et al. (2024)]. This hypoth-
esis posits that deep learning models trained with the same modality and objective, but
with different architectures and training data, converge toward a common latent structure,
giving rise to a universal representation space. This universal structure is then used to
perform “translations” between different embedding spaces.

A.1. Architecture

The architecture of vec2vec is modular, inspired by other translation of image vector rep-
resentations state-of-art methods. In consists of the following components:

• Input Adapters (A1, A2): Modules specific to each embedding space, responsible for
transforming these embeddings into a shared latent representation space.

• Common Core Network (T ): A model that processes the adapted representations
within the latent space.

• Output Adapters (B1, B2): Modules that decode the latent representations to return
the embeddings to their original encoder-specific spaces.

Given that text vector representations do not have a spatial bias like those in images,
multilayer perceptrons with residual connections, layer normalization, and SiLU non-linear
activation functions are used instead of CNNs.
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A.2. Translation process

The translation process is carried out as follows: Let M1 and M2 be two text encoders
(unknown and known, respectively). The objective is to translate a vector ui = M1(di) into
a representation F (ui) that approximates the original embedding vi = M2(di), where di is
an innaccesible document. The translation functions are defined as a composition of the
previously introduced components:

F1 = B2 ◦ T ◦A1

F2 = B1 ◦ T ◦A2

An example of translation between text encoders can be found in Figure 4.

Figure 4: Vector representations generated by vec2vec. On the left, we find the embeddings
generated for the same dataset by two different encoders (gte and stella). Two
connected nodes correspond to the representation of the same document by the
different encoders. As can be seen, they are incompatible. After applying the
vec2vec methodology, alignment is achieved while respecting semantics.

A.3. Optimization and loss functions

The fine-tuning process for vec2vec is formulated as an optimization problem that uses a
combination of loss functions to ensure that translations are both accurate and semantically
coherent:

• Adversarial Loss: Inspired by GANs (Generative Adversarial Networks), this loss
function ensures that the generated embeddings match the distributions of the original
embeddings.

• Generator Losses: Three additional constraints are applied:

– Reconstruction Loss: This loss encourages an embedding, after being mapped to
the latent space and then back to its original space, to closely resemble its initial
representation.
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– Cycle Consistency Loss: Acting as an unsupervised substitute for paired align-
ment, this loss ensures that translating an embedding to the other space and then
translating it back to the initial space results in the least possible information
loss.

– Vector Space Preservation Loss: This ensures that the similarity relationships
between pairs of embeddings remain consistent after translation.

The combination of these loss functions guides the model to learn a correspondence that
not only aligns the embedding distributions but also preserves the geometric and semantic
structure of the underlying data.

14


	Introduction
	Background
	Representation, semantic and alignment
	TDA applied to the shape of language

	Our proposal
	Evaluation
	Models and Datasets
	Metrics
	Experiments and Results

	Discussion
	RQ1: Does vec2vec translation process introduce characteristic topological artifacts?
	RQ2: Does topological fidelity correlate with geometric fidelity?
	RQ3: Is topological preservation easier for ``closer'' model pairs?
	RQ4: Is the unification of topological features of different source models achieved via the latent space?

	Conclusion
	vec2vec framework
	Architecture
	Translation process
	Optimization and loss functions


