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Abstract

Cross-domain relation alignment has emerged as a fundamental challenge in artificial intelligence, particularly when
attempting to transfer structured knowledge between disparate domains characterized by heterogeneous data distributions.
Traditional embedding methods often project entities and relations into unconstrained Euclidean spaces, leading to
overconfident predictions and severe negative transfer when domain shifts are substantial. To address these critical
limitations, this paper introduces a novel framework based on uncertainty-calibrated relation alignment utilizing simplex
embeddings. By representing relations not as deterministic point vectors but as probabilistic distributions on a topological
simplex, the proposed methodology inherently models both aleatoric and epistemic uncertainties. This probabilistic
geometric space naturally bounds the representation, allowing the model to express varying degrees of confidence
regarding cross-domain entity interactions. Furthermore, we propose a dynamic calibration mechanism that adjusts
alignment penalties based on the quantified uncertainty of the simplex representations, ensuring that highly uncertain
relational mappings do not corrupt the target domain structure. Extensive theoretical analysis and simulated experimental
evaluations demonstrate that our framework significantly mitigates negative transfer, achieving superior generalization and
robust alignment across multiple complex domain scenarios. The results indicate that incorporating uncertainty into
topological embedding spaces provides a highly reliable foundation for cross-domain knowledge transfer.
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1. Introduction

1.1 Background and Motivation

The proliferation of heterogeneous data across diverse fields such as biomedical informatics, natural language
processing, and computer vision has necessitated the development of robust systems capable of transferring relational
knowledge between distinct domains. Cross-domain relation alignment focuses on identifying and matching structurally
equivalent or semantically analogous relationships across these boundaries. In contemporary representation learning, deep
neural networks have demonstrated exceptional capabilities in mapping complex entities into continuous vector spaces.
However, when these models attempt to align relations across domains with significantly different underlying distributions,
they frequently encounter the challenge of feature misalignment. As demonstrated in early foundational research on transfer
learning [1], models trained exclusively on a source domain often fail to generalize to a target domain due to the phenomena
of covariate shift and concept drift. Furthermore, subsequent investigations [2] have shown that deterministic embedding
approaches tend to exhibit unwarranted confidence in their predictions, even when operating on entirely unfamiliar target
domain samples. This overconfidence directly contributes to negative transfer, where the incorporation of source domain
knowledge actively degrades the performance on the target domain. Addressing this problem requires not only an effective
mechanism for mapping representations but also a fundamental reconceptualization of how uncertainty is quantified and
utilized during the alignment process.

1.2 Problem Definition and Challenges

The core problem of cross-domain relation alignment involves a source domain with abundantly annotated relational
structures and a target domain where such annotations are sparse or entirely absent. The objective is to learn a mapping
function that projects entities and their corresponding relations from both domains into a shared latent space. In this shared
space, relations that share semantic meaning should be geometrically proximate regardless of their domain of origin. As
highlighted by researchers investigating structured knowledge transfer [3], the primary challenge lies in preserving the
topological integrity of relational graphs while simultaneously minimizing the discrepancy between domain distributions.
When employing standard Euclidean embeddings, the unbounded nature of the space often leads to arbitrary scaling and
shifting, making it difficult to establish a universal metric for semantic similarity. Moreover, recent studies [4] emphasize
that relational data is inherently noisy and ambiguous. A single relationship might hold multiple interpretations depending
on the contextual background of the domain. When traditional models force these ambiguous relationships into rigid point
estimates, they discard crucial probabilistic information. Consequently, when the alignment algorithm attempts to minimize
the discrepancy between these rigid points, it inevitably forces incorrect matches, leading to cascaded errors throughout
the knowledge graph structure.
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1.3 Proposed Contributions

To overcome the aforementioned challenges, this paper proposes a comprehensive framework that integrates uncertainty
calibration directly into the geometric structure of the embedding space. We transition from traditional unbounded
Euclidean vectors to simplex embeddings, where every relation is represented as a probability distribution over a set of
latent basis concepts [5]. The simplex provides a naturally bounded, geometrically interpretable space that perfectly aligns
with the principles of categorical probability distributions. Our primary contributions are threefold. First, we formulate a
novel simplex-based representation for complex relational structures, enabling the explicit modeling of multi-faceted
relationships. Second, we introduce an uncertainty quantification metric derived directly from the geometric properties of
the simplex, allowing the system to distinguish between high-confidence structural mappings and ambiguous matches.
Third, we develop an uncertainty-calibrated alignment objective that dynamically weights the cross-domain matching loss
based on the confidence of the simplex representations, effectively shielding the target domain from the detrimental effects
of negative transfer.

2. Literature Review

2.1 Cross-Domain Relation Alignment

The task of aligning relations across domains has historically relied on finding invariant feature representations. Early
approaches largely depended on domain-specific feature engineering and linear transformation matrices to bridge the
semantic gap. With the advent of deep learning, adversarial domain adaptation became the predominant paradigm. In these
architectures, a feature extractor network is trained to confuse a domain discriminator, thereby encouraging the emergence
of domain-agnostic features. Researchers [6] successfully applied this adversarial concept to relational data by treating
structural graphs as the input modality. However, adversarial methods often struggle with mode collapse and fail to preserve
the fine-grained topological details of the source relations. To address this, subsequent methodologies [7] incorporated
graph neural networks to explicitly model the dependencies between entities before applying domain alignment techniques.
Optimal transport has also gained traction as a mathematically rigorous alternative for aligning distributions [8]. By framing
relation alignment as an optimal mass routing problem, researchers can compute the minimum cost required to transform
the relational distribution of the source domain into that of the target domain. Despite these advancements, literature [9]
points out that deterministic alignment strategies, whether adversarial or based on optimal transport, are inherently
vulnerable to the presence of structural noise, as they assume equal reliability for all observed relationships.

2.2 Uncertainty Calibration in Deep Learning

Uncertainty quantification in deep neural networks has garnered significant attention, particularly for high-stakes
applications requiring reliable decision-making. The literature broadly categorizes uncertainty into two types: aleatoric
uncertainty, which stems from inherent noise in the data, and epistemic uncertainty, which arises from a lack of knowledge
or insufficient training data. Foundational work in Bayesian neural networks [10] provided a principled framework for
capturing epistemic uncertainty by placing prior distributions over network weights and estimating posterior distributions
through complex inference techniques. Given the computational intractability of exact Bayesian inference, researchers [11,
12] proposed scalable approximation methods, most notably employing stochastic dropout during inference to simulate
ensembles of varying network architectures. While effective for general classification tasks, applying these techniques to
dense relational embeddings introduces severe computational bottlenecks. More recent literature [13] focuses on evidential
deep learning, where networks are trained to directly output the parameters of a higher-order probability distribution, such
as a Dirichlet distribution. This approach elegantly captures both types of uncertainty within a single forward pass.
However, as noted in critical evaluations of calibration methods [14], many modern networks remain poorly calibrated out-
of-the-box, meaning their predicted confidence levels do not correlate well with their actual accuracy. This miscalibration
necessitates the development of specialized post-hoc calibration techniques or inherently calibrated architectural designs.

2.3 Simplex Embeddings and Topological Representations

The choice of the underlying geometric space plays a crucial role in representation learning. While Euclidean space is the
default for most applications, its uniform expansion properties make it suboptimal for modeling hierarchical or probabilistic
structures. Hyperbolic spaces [15] have been extensively explored for their ability to embed tree-like hierarchies with
minimal distortion, as their volume expands exponentially. In contrast, when the objective is to represent compositional
relationships or probabilistic mixtures, simplex spaces offer distinct advantages. A standard simplex restricts vectors such
that their components are non-negative and sum to one, mapping perfectly to the space of categorical distributions. Studies
on word representations [16] have utilized simplex geometry to model word meanings as probability distributions over
latent topics, allowing for highly interpretable embeddings. Extending this to relational data, recent theoretical
advancements [17] suggest that simplex embeddings can naturally capture the polysemy of relations. By representing a
relationship as a point on a probability simplex, the position of the point intrinsically indicates the concentration of semantic
meaning. A point near a vertex signifies a highly specific, confident relationship, whereas a point near the barycenter
indicates a highly ambiguous or uncertain relationship. This geometric property forms the foundational inspiration for our
proposed cross-domain alignment methodology.
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3. Methodology

3.1 Architectural Overview

The proposed uncertainty-calibrated cross-domain relation alignment framework consists of three primary interconnected
modules: a feature encoding module, a simplex projection and uncertainty quantification module, and a calibrated
alignment module. The feature encoding module accepts raw entities and relational triples from both the source and target
domains. It processes these inputs through specialized neural layers to generate intermediate dense continuous
representations. These continuous vectors are then passed to the simplex projection module, which transforms the
unbounded vectors into valid probability distributions residing on the surface of a standard mathematical simplex. Within
this space, the framework computes a continuous uncertainty score for every relation based on its dispersion across the
simplex vertices. Finally, the calibrated alignment module computes the geometric discrepancy between the source and
target distributions. Crucially, this discrepancy calculation is modulated by the previously computed uncertainty scores,
ensuring that alignment forces are concentrated on high-confidence relations while permitting flexibility for ambiguous
ones.

Uncertainty-Calibrated Simplex Alignment
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Figure 1: Comprehensive System Architecture of Uncertainty

The system is designed to be trained end-to-end. As data flows through the architecture, the source domain structural loss
provides the primary supervisory signal, anchoring the semantic meaning of the simplex vertices. Simultaneously, the
alignment loss bridges the gap between the domains. The incorporation of uncertainty scaling acts as an intelligent
regularizer, dynamically tuning the learning gradients to prevent the rigid enforcement of domain invariance when the
semantic equivalence of relationships is highly questionable [18]. This design philosophy ensures that the topological
structure of the target domain is enriched by source knowledge rather than overridden by forced mappings [19].

3.2 Simplex Embedding Representation

To formally define the simplex embedding space, we consider a set of latent relational basis concepts. These concepts
represent the fundamental building blocks of relationships across both domains. Instead of assigning a relation to a single
basis concept, we represent each relation as a mixture of these bases. The projection from the unconstrained intermediate
feature space to the simplex space is achieved through an analytical transformation akin to a generalized exponential
normalization function. This transformation ensures that all elements of the resulting representation are strictly positive
and that their sum equals exactly one [20].

This projection inherently bounds the embedding space. If we consider a space with three latent concepts, the embedding
space forms a two-dimensional triangle where the vertices represent pure, unambiguous relationships. A relation
mapping exactly to a vertex possesses maximum certainty regarding its semantic meaning. Conversely, a relation mapped
to the exact center of the triangle consists of equal parts of all three latent concepts. Geometrically, the distance from the
barycenter to the embedded point serves as a preliminary indicator of semantic sharpness. By representing relationships in
this manner, the framework gains the ability to model complex, multi-faceted interactions that cannot be easily captured
by single directional vectors in Euclidean space.

Table 1: Key Hyperparameters for Simplex Projection and Uncertainty Scaling

Hyperparameter Name Description Default Value Tuning Range

Latent Basis Dimension Number of vertices in the 64 32,64, 128
simplex space

Temperature Scalar Controls the sharpness of the 0.05 0.01-0.1
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Hyperparameter Name Description Default Value Tuning Range
simplex projection
Cutoff for applying alignment

Uncertainty Threshold . 0.75 0.5-0.9
penalties

Scaling Exponent Determines the severity of the 20 1.0-3.0
penalty decay

3.3 Uncertainty-Calibrated Alignment Mechanism

The core innovation of our methodology is the integration of uncertainty into the cross-domain alignment objective.
Uncertainty within the simplex space is quantified by analyzing the entropy of the resulting probability distribution. A low
entropy value indicates that the probability mass is highly concentrated on one or a few latent concepts, signifying high
confidence and low uncertainty. A high entropy value indicates a uniform distribution of probability mass across many
concepts, signifying high uncertainty. We construct a continuous uncertainty coefficient derived from this entropy
measurement [21].

When calculating the alignment loss between the source and target domains, traditional methods compute the global
statistical distance between the two sets of embeddings and minimize it equally. In our proposed framework, the
contribution of each target domain relation to the global alignment loss is scaled by its corresponding certainty coefficient
[22]. If a target relation is projected near a simplex vertex, its certainty is high, and the model strongly enforces its alignment
with a similar source relation. If a target relation falls near the barycenter, its certainty is low. In this case, the scaling
coefficient drastically reduces the gradient signal originating from this specific relation during the alignment phase.

This mechanism directly addresses the problem of negative transfer. By loosening the alignment constraints on highly
uncertain samples, the model avoids forcing arbitrary matches that would otherwise distort the learned geometry of the
target domain. It allows the model to selectively align only the most structurally evident relationships, effectively building
a reliable skeletal framework of cross-domain knowledge upon which the more ambiguous relationships can later rely.

3.4 Optimization and Training Dynamics

The optimization of the proposed framework requires balancing three distinct objectives: the preservation of source domain
relational structures, the minimization of domain discrepancy, and the calibration of the uncertainty estimates. The
structural preservation is maintained through a standard relational prediction task on the source domain data. This task
ensures that the latent basis concepts mapped to the simplex vertices develop meaningful and distinct semantic
interpretations.

The domain discrepancy is minimized using the uncertainty-scaled alignment loss described previously. However, relying
solely on these two objectives can lead to a degenerate solution where the model artificially pushes all embeddings toward
the simplex vertices to minimize the uncertainty penalty, regardless of actual structural evidence. To prevent this, we
introduce a specialized regularization term that penalizes overconfident predictions. This regularizer ensures that the
entropy of the simplex embeddings accurately reflects the true predictive error of the model [23]. The total objective
function is formulated as a weighted combination of these three components. During training, the gradients from the
alignment loss and the regularizer dynamically interact, creating a stabilization effect where the model learns to distribute
relationships across the simplex surface in a manner that accurately reflects both their structural role and their cross-domain
transferability.

4. Experimental Setup and Results

4.1 Datasets and Evaluation Metrics

To rigorously evaluate the proposed framework, we construct a comprehensive experimental setup utilizing simulated
heterogeneous knowledge graph datasets. These datasets are designed to mimic real-world scenarios in biomedical text
mining and general domain natural language processing. The source domain comprises an extensive, densely connected
relational graph derived from curated encyclopedic data. The target domain consists of a sparsely connected graph extracted
from noisy, domain-specific academic literature. The primary challenge is the significant discrepancy in vocabulary, entity
frequency, and structural density between the two environments.

Table 2: Statistical Overview of the Simulated Source and Target Domains

Domain Characteristic (SE(l)ll:z}cfil:))[?eI:li?cl;l g;:,cgieécl))omaln (Domain- Overlap Percentage
Total Entities 150,000 45,000 12.5

Total Relational Triples 1,200,000 180,000 5.2

Average Node Degree 16.0 4.0 N/A

Unique Relation Types 250 85 40.0

The evaluation of the model relies on several standard metrics utilized in structured representation learning and cross-
domain adaptation [24]. We measure Mean Reciprocal Rank to assess the overall ranking quality of the aligned relations.
Furthermore, we report the Hits at Ten metric to quantify the percentage of correct cross-domain relations appearing in the
top ten retrieved candidates. To specifically evaluate the quality of the uncertainty calibration, we compute the Expected
Calibration Error, which measures the absolute difference between the model's confidence in its predictions and its actual
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empirical accuracy. A lower Expected Calibration Error indicates that the model's internal uncertainty metrics reliably
reflect its real-world performance capability.

4.2 Quantitative Results and Comparative Analysis

The proposed uncertainty-calibrated simplex framework is benchmarked against several state-of-the-art baselines. These
baselines include traditional Euclidean adversarial domain adaptation methods, optimal transport-based alignment
strategies, and uncalibrated simplex embedding models. The results of the extensive evaluation demonstrate the distinct
superiority of integrating geometric uncertainty directly into the alignment process.

Table 3: Comparative Performance on Cross-Domain Relation Alignment Tasks

Methodology Mean Reciprocal Rank Hits at Ten (Percent) Expected Calibration Error
Eu.clldean Adversarial 0412 573 0285

Alignment

Optimal Transport Alignment 0.458 58.1 0.241

Uncalibrated Simplex

Embeddings 0.495 63.4 0.198

Proposed Calibrated Simplex 0.567 71.8 0.062

As illustrated in the quantitative results, traditional Euclidean adversarial methods suffer from severe performance
degradation, primarily due to their inability to handle the structural noise present in the target domain [25]. The uncalibrated
simplex model shows a noticeable improvement over Euclidean methods, validating the hypothesis that a bounded
probability space is more suitable for relational data. However, the most significant performance leap is observed with our
proposed calibrated simplex framework. By dynamically adjusting the alignment based on uncertainty, the model achieves
the highest Mean Reciprocal Rank and Hits at Ten.

I Baseline A I Variant 1

@ Baseline B mmm Proposed Method Proposed Model Reliability

——— Perfect Calibration
= Proposed Model

"
]

0.75 1 —

0.50 1
0.25 A1
0.00

0.6 =

Baseline A Baseline B Variant 1 Proposed
ethod

Scenario 1 0.4 1

g .
Empirical Accuracy
o
]
\
AY
\
\
\
\
L

& 0.75 — — - 2
o == ==
= 0.50
= 0.25
] 0.0 0.2 0.4 0.6 0.8 1.0
< o.00 Predicted Confidence
E Baseline A Baseline B Variant 1 Proposed
= Method
e Scenario 2 SR
;1- . Proposed Model Reliability
& 0.75 1 — == ——— Perfect Calibration
E o =o = =3 ——— Proposed Model
=

0.25 A1
0.00

o o
o o

Baseline A Baseline B Variant 1 Proposed
Scenario 3 Mathod

Empirical Accuracy

0.75 1
0.50 1

-
- - =k
EE ==

0.25 1
0.00

o o
o N

Baseline A Baseline B Variant 1 Proposed 0.0 0.2 0.4 0.6 0.8 1.0
Scenario 4 Method Predicted Confidence

(a) (b)

Figure 2: Performance Evaluation and Calibration Analysis Charts

Most notably, the Expected Calibration Error for our proposed model is drastically lower than all baseline methods. This
indicates that when the framework outputs a relation mapping near a simplex vertex (indicating high confidence), that
mapping is empirically highly accurate. Conversely, the model successfully identifies and isolates ambiguous target domain
relations by placing them near the simplex barycenter, avoiding the overconfident misclassifications that plague traditional
methodologies. This robust calibration allows researchers and downstream applications to set specific confidence
thresholds, ensuring that only highly reliable knowledge is transferred and utilized.

4.3 Ablation Studies and Discussion

To isolate and understand the contributions of individual components within our architecture, we perform a series of
detailed ablation studies. We systematically remove or alter specific mechanisms and observe the resulting impact on
alignment accuracy and calibration error [26]. The primary components analyzed are the simplex projection geometry, the
dynamic uncertainty scaling factor, and the entropy regularization term.

Table 4: Ablation Study Results on Framework Components

Model Variant Mean Reciprocal Rank Expected Calibration Error
Full Proposed Architecture 0.567 0.062
Replacing Simplex with Euclidean Space 0.481 0.185
Removing Uncertainty Scaling 0.503 0.154
Removing Entropy Regularization 0.542 0.110

150



Data Science and Computational Intelligence | https://dscij.org

The ablation results confirm that the simplex projection is foundational to the success of the model. When forced back into
unbounded Euclidean space, while retaining all other mechanisms, the model loses its ability to naturally constrain
probability distributions, leading to a sharp rise in calibration error. Removing the uncertainty scaling mechanism results
in a notable drop in the Mean Reciprocal Rank, proving that treating all relational mappings equally during the alignment
phase induces negative transfer. The target domain structure becomes distorted by forced matches of ambiguous data.
Finally, removing the entropy regularization term leads to a slight decrease in overall ranking performance but a significant
increase in the Expected Calibration Error. Without this regularizer, the model tends to artificially collapse representations
toward the vertices to minimize alignment penalties, resulting in overconfident predictions that do not reflect true semantic
certainty. These interconnected findings validate the holistic design of the framework, demonstrating that uncertainty
quantification and topological embedding constraints must be jointly optimized to achieve robust cross-domain relation
alignment.

5. Conclusion

5.1 Summary of Findings

This paper has presented a novel and highly effective framework for cross-domain relation alignment by integrating
uncertainty calibration with simplex embedding geometries. By transitioning away from deterministic, unbounded
Euclidean representations, we established a mathematically rigorous method for modeling relationships as probabilistic
mixtures of latent concepts on a topological simplex. The intrinsic geometry of the simplex provided a natural mechanism
for quantifying both the semantic focus and the underlying uncertainty of complex relational structures. Through the
introduction of a dynamically calibrated alignment objective, the system successfully utilized these continuous uncertainty
metrics to modulate the transfer of knowledge. The experimental evaluations conclusively demonstrated that by penalizing
the alignment of highly uncertain relationships, the proposed framework drastically reduces the occurrence of negative
transfer. The model achieved superior generalization metrics compared to existing state-of-the-art baselines while
simultaneously maintaining an exceptionally low calibration error, proving that it knows when to trust its structural
mappings and when to preserve ambiguity.

5.2 Limitations and Future Directions

While the proposed framework represents a substantial advancement in relational knowledge transfer, several limitations
warrant further investigation. The current methodology requires the pre-definition of the latent basis dimension for the
simplex space, which may require extensive hyperparameter tuning depending on the complexity of the specific domains
involved. A dimensionality that is too low restricts the expressive capacity of the embeddings, while a dimensionality that
is too high introduces computational overhead and complicates the interpretation of the latent concepts. Future research
should explore nonparametric Bayesian approaches or dynamic architectural expansions that allow the simplex dimension
to adaptively scale based on the observed data complexity during training. Additionally, the current framework primarily
addresses alignment across two distinct domains. Extending the uncertainty-calibrated simplex approach to multi-source
domain adaptation, where the model must intelligently synthesize conflicting structural evidence from several independent
knowledge bases, presents a compelling avenue for subsequent work. By continually refining the intersection of geometric
topology and probabilistic uncertainty, the community can further enhance the robustness and reliability of autonomous
knowledge integration systems.
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